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Abstract 

 

How Did I Get Here?:  

The Evolution of Social Network Position Within Firms 

 

by 

 

Jennifer Ann Kurkoski 

 

Doctor of Philosophy in Business Administration 

 

University of California, Berkeley 

 

Professor James R. Lincoln, Chair 

 

 

Volumes have been written on the subject of innovation, in academic literature as well as 

the popular press. Conventional wisdom would have one believe that innovation is the 

purview of the lone inventor at the workbench or the solo scientist huddled over the 

laboratory microscope. Yet a growing body of literature points to how relationships 

among actors – be they individuals, teams or entire companies – form the foundations of 

new knowledge (Hargadon & Sutton 1997; Powell, Koput & Smith-Doerr 1996; Uzzi & 

Spiro 2005). The most effective networks of relations are those that facilitate the 

exchange of unique information, often from distinct domains (Fleming 2002; Hargadon 

2003). Within those networks, the people best situated to conduct such exchanges possess 

either large numbers of connections or, more typically, occupy positions as bridges 

between otherwise disconnected third parties (Burt 1992; Galaskiewicz 1979; Gould & 

Fernandez 1989).  

 

Despite the role social networks may play in fostering innovation, we do not well 

understand the processes by which actors come to occupy these positions. In this 

dissertation, I make use of a novel dataset to provide insight into how some people come 

to occupy certain preferential network position while others do not. Specifically, I study 

the work-flow network among software engineers at a large, West Coast technology 

company as defined by the writing and reviewing of lines of code. By following a sample 

of 804 new entrants to the firm over a period of three years, I am able to trace the 

evolution of their positions within the larger network and understand the influence of 

factors present at time of entry. 

 

The results of the analyses paint a consistent picture as to the determinants of position in 

the code review network for software engineers: one’s team and one’s job at time of entry 

play the strongest roles in determining one’s subsequent centrality and autonomy. I find 

little to no evidence in support of a role for either intellectual endowment (educational 

attainment, years of previous work experience, coding ability) or social endowment (pre-

employment relationships with other employees present at time of entry). Indeed, while 
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non-significant, results were frequently opposite the hypothesized direction for individual 

attributes. The strong evidence on the influence of job- and team-related factors suggests 

that individuals have the greatest opportunity to shape their network positions when they 

choose their jobs and their managers, and thus their teams. One additional finding 

suggests that network activity also matters. That is, one can increase both centrality and 

autonomy through the brute force of writing a great deal of code. 
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To Marc: 

I never understood before when people dedicated work to their partners or spouses.  

Then again, I never had either one. Now I have both. And now I get it. 

Thank you. 
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1. Introduction: Social networks and innovation  

 

“It is hardly possible to overrate the value, for the improvement of human beings, of 

things which bring them into contact with persons dissimilar to themselves, and with 

modes of thought and action unlike those with which they are familiar.” 

  - John Stuart Mill (1848) 

 

Volumes have been written on the subject of innovation, in academic literature as 

well as the popular press. Conventional wisdom would have one believe that innovation 

is the purview of the lone inventor at the workbench or the solo scientist huddled over the 

laboratory microscope. Historical accounts point to icons such as Thomas Edison or 

Alexander Graham Bell. Present-day lore associates firms with their founders: Bill 

Hewlett and Dave Packard; Steve Jobs and Steve Wozniak; Bill Gates and Paul Allen. 

Interestingly, even in these famous pairs, two halves have faded into the background as 

the popular press seems to seek a single individual upon whom to pin success. However, 

rarely do people toil in isolation. Edison was backed by his entire lab (Hargadon 2002) 

and the present-day icons of innovation rest on entire companies. One would be hard-

pressed to argue that Apple’s or Microsoft’s successes could have occurred without the 

input and insight of hundreds of people. Some scholars have portrayed innovation as a 

company-level (Hargadon & Sutton 1997) or even regional (Saxenian 1994) 

phenomenon. Appealing as the myth of the lone inventor may be, innovation is more 

likely the product of the many, not the few. Even more importantly, innovation is often 

the product of the interactions among the many (Hargadon & Sutton 1997; Powell, Koput 

& Smith-Doerr 1996; Uzzi & Spiro 2005). 

The importance of innovation for many firms operating in today’s economy can 

hardly be overstated. Firms occupying entire sectors of the economy increasingly rely on 

the creation of new knowledge, be that in the form of products or services, to establish 

and maintain competitive advantage (Drucker 1993; Reich 1991). Yet, as noted above, 

such knowledge does not arise by magic; its generation requires the insight and effort of 

the people who comprise the firm. In addressing the process of technological change, 

Schumpeter (1912) famously identified three distinct phases: invention (the creation of 

new technologies), innovation (bringing new technologies to market), and diffusion (the 

market acceptance of those technologies). Scholars have paid much attention to each of 

these phases taken separately, although terminology is frequently muddled, with 

“innovation” often used to describe all three of Schumpeter’s phases. I call attention to 

these distinctions, but I do not seek to tackle a definition of innovation in this dissertation 

nor do I seek to distinguish innovation from invention, implementation or marketing. 

Rather, I limit my focus to the generation of new ideas, what would be Schumpeter’s first 

phase. More specifically, I look at the patterns interactions among employees within 

firms – a firm’s social networks – that are the sources of the knowledge and ideas that 

become market-accepted innovations.  

 

1.1 Relational sources of innovation 

A growing body of literature points to how relationships among actors– be they 

individuals, teams or entire companies – form the foundations of new knowledge.  
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Powell, Koput & Smith-Doerr (1996) pointed to networks of interorganizational alliances 

as the “locus of innovation” in biotech. They argued that the collaborative engagement of 

such alliances, as opposed to passive receipt of information, was crucial to innovation in 

the industry. Similarly, in their study of over 40 years of the Broadway musical industry, 

Uzzi and Spiro (2005) credited the small world network structure among key industry 

players with facilitating collaboration among talent from different domains, resulting in 

better financial performance and more positive critical reviews for those productions 

optimally situated in the network. In their study of the product development firm IDEO – 

the famous product design firm responsible for iconic product and process design, 

including Apple’s first commercial mouse, Bank of America’s “Keep the Change” 

program, Zyliss kitchen gadgets and a needle-free vaccine delivery patch – Hargadon and 

Sutton (1997) argued that the firm’s consistent, almost routine innovation was a function 

of the deliberate creation of teams comprised of individuals with different areas of 

expertise. They suggested that it was the variety of knowledge and experience the teams 

brought to bear on wildly varying problems that enabled them to develop breakthroughs. 

Kilduff and Tsai (2003:63) summarized this pattern of findings by stating, “Networks are 

not just relationships that govern the diffusion of innovative ideas or explain the 

variability of access to information across completing firms. Networks within and 

between organizations also constitute the capabilities that can generate economic rents 

and augment the value of firms.”  

As is clear from the arguments noted above, the link between networks and 

innovation in not necessarily one of simple volume. Networks that support innovation 

need to facilitate the exchange of unique information, often from distinct domains. 

Alternately, networks may facilitate the transfer of knowledge from a domain in which it 

is deemed routine to another in which it is seen as novel. In his study of Hewlett-Packard, 

Fleming (2002) asserted that fortuitous cafeteria meetings among Hewlett-Packard 

employees create links to disparate knowledge that facilitate breakthrough inventions. 

Hargadon (2003) suggested that building bridges among different clusters of people, 

ideas and objects fosters the innovation machines of places like IDEO. “Innovators need 

wide-ranging ties across distant worlds to generate the innovative ideas” (Hargadon 

2003:89). Hargadon suggested an inspiration function for networks, but also discussed 

how networks to distinct domains can facilitate the import of ideas from one world into 

another (Hargadon & Sutton 1997; Hargadon 2002). The concept of innovation as an 

import/export business is echoed by Burt (2004) who suggested that people who span the 

gaps between groups may have “a vision advantage” when it comes to recognizing good 

ideas. He further argued that these benefits are replicated at the firm level as well, with 

organizations that bridge gaps in their markets seeming to learn faster and be more 

productively creative. In their study of a small research and development firm, Reagans 

and McEvily (2003) found that the extent to which a relationship is surrounded by strong 

connections to others as well as the number of ties to different knowledge pools eases the 

transfer of knowledge. In other words, in addition to the raw material made available by 

bringing together disparate bodies of knowledge, individuals can develop a certain level 

of skill in applying such knowledge. 

All of these studies describe a particular type of position in social networks, one 

marked by boundary-spanning ties that bridge across disconnected groups. Actors whose 

networks display such characteristics are often referred to as “brokers” – actors who 
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connect otherwise disconnected third parties (Burt 1976, 1992; Galaskiewicz 1979; 

Marsden 1982; Gould & Fernandez 1989). As a consequence of constituting a bridge in the 

structure of their relevant networks, these actors are relatively less constrained by their 

relations and enjoy greater autonomy. While many scholars have drawn a clear link 

between brokers and the development of innovative ideas, less is known about how and 

why people come to occupy these – or any – positions in a network. Having more 

connections is associated with having greater autonomy in the network when that 

network is large (Burt 1992), but neither do we know much about how people come to 

acquire relatively large numbers of connections. Understanding the origins of network 

positions could offer important information to firms seeking to support both creativity 

and innovation and to sustain their competitive advantage.  

 

1.2  The antecedents and evolution of network position 

The dearth of research into the origins of network position is not surprising, 

despite repeated calls for greater investigation of these issues (Degenne & Forse 1999; 

Kilduff & Tsai 2003; Tichy, Tushman & Fombrun 1979). Until recently, studies of 

human interaction and social relations have employed fairly limited data sets, relying 

primarily on self-reported data about relationships collected at a single point in time 

(Lazer et al. 2009). Gaining insight into the processes that shape network positions, 

however, requires longitudinal data which. For network studies, such data are particularly 

rare. One needs a fairly granular view over a substantial length of time into the 

establishment, continued existence, and eventual decay of connections among actors. 

Consequently, the emergence and evolution of relationships have received little attention. 

Recent advances in communications technologies have altered this state of affairs, 

however. Email, cell phones, instant messaging and web-based message boards all leave 

an electronic trace of interaction and any discussion of social networks in the early 21
st
 

century inevitably conjures images of Facebook, MySpace, LinkedIn. These web sites, 

together with any of an ever-increasing number of other Internet-based tools, enable 

individuals to establish and maintain connections, be they personal, professional or both. 

These sites allow the public declaration of who one knows and offer glimpses of the 

typically invisible interconnections among people. Scholars have used them to explore 

issues ranging from teens’ construction of identity (Boyd 2008) to the diffusion of 

personal influence (Katona, Zubcsek & Sarvary 2009).   

Less well-explored are issues related to workplace interactions. Few studies of 

corporate settings have taken advantage of the insight into social relations afforded by 

information technology (see Aral, Brynjolfsson & Van Alstyne 2006, 2007 and 

Kleinbaum et al. 2009 for notable exceptions). Issues related to data access certainly play 

a role (Lazar et al. 2009) as confidentiality issues are compounded when working with 

data originating from going concerns. In fact, perhaps the most-studied set of corporate-

based electronic trace data is from a now-defunct corporation: the email corpus from 

Enron released as part of the investigation into the company by the Federal Energy 

Regulatory Commission. 

I conduct my study of the factors that influence network position using a data set 

that both captures interactions over time and focuses exclusively on work interactions in 

order to shed light on how and why some people within firms come to occupy 

preferential positions while others do not. The data originate from a large West Coast 

technology company, referred to here as Initech (a pseudonym). Sustaining innovation is 
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critical to Initech’s competitive advantage, as is the case for many high tech firms or 

firms in any of the increasing number of knowledge-dependent industries (e.g., 

professional services, biotechnology, consulting). The interactions that are the building 

blocks of the work network I study occur among software engineers employed by the 

firm. Software engineers at Initech work in small, project-focused teams typically 

situated within the context of larger programs and departments. They rely on information 

and insight from colleagues in order to accomplish their tasks, and the firm as a whole 

seeks constant innovation in the demanding and rapidly-changing environment of the 

information technology industry. The importance of knowledge access and knowledge 

sharing for task completion distinguishes this empirical setting from the college 

dormitories, medium-sized cities, supply chain managers and joint venture networks that 

have been the object of many prior studies. Such importance also highlights the relevance 

of network positions that facilitate the aggregation and the transfer of information –

specifically, network centrality and network autonomy – that are described and analyzed 

in the chapters that follow. 

 

1.3 Overview of following chapters   

I begin this dissertation with a discussion of how social networks have played a 

particularly critical role in the development of the Silicon Valley in particular and 

technology firms in general, and how networks continue to play a critical role today. 

Although Initech is located outside the Silicon Valley, it traces its cultural roots to the 

region, as do many West Coast technology firms. Thus, Chapter Two describes the 

history of the region’s development, how that development led to an important role for 

social networks, and how that role is reflected in business practice among today’s West 

Coast technology firms in general and Initech in particular. Also in Chapter Two, I 

describe the work of software engineering and how engineers rely on others in order to 

do their jobs. Much of the interaction among software engineers is captured 

electronically. It is the record of these interactions – who writes computer code with 

whom – that I employ in constructing the networks of communication and collaboration 

among Initech’s engineers. Understanding the context in which these social networks are 

situated and the role such networks play in both the business of technology in general and 

software engineering specifically sets the stage for subsequent discussion of the factors 

that influence social networks formation and evolution. 

In Chapter Three, I explore two particular classes of factors that might influence 

social network formation and develop a series of hypotheses related to these factors. 

First, I discuss the role that individual attributes may play in shaping the positions that 

people come to occupy within a firm. Possessing particular knowledge, skills or abilities 

or having pre-existing relationships with current employees at the time of entry to the 

firm may influence the relationships that one forms or has the opportunity to form. 

Second, I address how conditions present in the firm may play a substantial role in 

shaping one’s position. Specific requirements of the job or the networks of one’s 

teammates may expose a new hire to a wide range of others at the firm – or relegate that 

person to an organizational backwater.  

In Chapter Four, I describe my research design in greater detail. I detail the code 

review network of Initech’s software engineers and how I transform the continuous-time 

interactions of writing code into social network measures. I describe the specific 
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measures I use in testing the hypotheses ventured in Chapter Three as well as my 

approach to conducting the analyses. 

In Chapter Five I report on the results of the data analysis, while Chapter Six 

offers a brief commentary on the contributions of this dissertation to our understanding of 

how social network positions originate and evolve. I also explore avenues for further 

research and discuss the advantages and limitations of these data. 

An appendix follows the main body of this dissertation. Since network analysis 

plays a central role in these studies, I use the appendix to provide the reader with 

additional background on social network analysis and how it has evolved to become a 

useful tool in understanding organizations. I also note some of the relevant terminology. 

A second appendix provides tables of supplementary analyses. 
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2. Social Networks in Software Engineering and the Silicon Valley 

A great deal has been written about the stretch of land south of San Francisco and 

north of San Jose, and for good reason: the sheer number of technology companies that 

have sprung up there over the past several decades is remarkable. Past research has 

highlighted how the culture and business practices of the region have emphasized the 

development and the importance of social networks – particularly those among the 

technical talent both within and between firms – and how these networks have 

contributed to the success of the region (Saxenian 1994; Kenny 2000). The vital role of 

social networks in the business of high tech make it a particularly rich empirical setting 

for studying how social networks among individuals form and evolve.  

This study focuses on a particular subset of the social networks of high tech 

workers. Specifically, I examine the work-based collaboration and cooperation networks 

of software engineers, focusing on a particular firm. Software engineers constitute the 

core of the innovation machine of the Silicon Valley – although sales and business 

development professionals may contest such an assertion. Thus, in this chapter, I provide 

detail both on my broader empirical setting and on the role of social networks among 

software engineers. I also describe how the work of software engineering leaves an 

electronic trace which I utilize in order to derive the network or co-work relations. 

 

2.1 The origins of the Silicon Valley 

In 1955, the year in which both Bill Gates and Steve Jobs were born, the Northern 

California region now commonly know as the Silicon Valley was covered in fruit 

orchards. Pear trees and peach trees held sway over land now packed with office parks 

sporting brightly-colored logos. Agriculture certainly wasn’t the only game in town 

during the post-World War II boom, but growing and processing fruit were still the major 

economic activities in the Santa Clara Valley. However, 1955 was the same one in which 

soon-to-be Nobel laureate William Shockley founded his semiconductor company in the 

midst of those fruit trees, in his hometown of Palo Alto. Shockley’s company sparked an 

organizational chain reaction that led to the founding of dozens of companies and 

subsequently crystallized the flexible, informal and entrepreneurial practices that 

characterize management throughout the region today – although both outcomes were 

almost certainly in reaction against Shockley, rather than inspired by him.  

Much has been made of the role played by the region’s agricultural heritage in the 

later development of iconoclastic business practices. “As newcomers to a region that 

lacked prior industrial traditions, Silicon Valley’s pioneers had the freedom to experiment 

with institutions and organizational forms as well as with technology” (Saxenian 

1994:30). Furthermore, these newcomers actively sought to create practices distinct from 

those of established East Coast industries. In 1955, David Packard and William Hewlett 

were already 17 years into “pioneering the distinctive Silicon Valley management style” 

(Rogers & Larsen, 1984:34). However, the foundations of this management style predate 

even Hewlett and Packard. 

While most point to the 1938 founding of Hewlett Packard (HP) as the birth of the 

Silicon Valley, the history of technology in the region and the roots of its unconventional 

organizational practices predate the electronics revolution of the 1950s and 1960s. 

Cherries, pears and peaches were not the exclusive focus of the region prior to the 

semiconductor industry. During the early years of the twentieth century, radio established 
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a strong foothold in the “Valley of Heart’s Delight,” as the Santa Clara Valley was then 

known. In 1909, Stanford graduate Cyril Elwell established the Federal Telegraph 

Corporation (FTC) in Palo Alto with help from Stanford’s president and the head of its 

Civil Engineering department, foreshadowing partnerships of the future (Sturgeon, 

2000:19-20.) FTC also generated such spin-offs as Fisher Research Laboratories, Litton 

Industries and Magnavox. Navy contracts during World War I supported FTC’s growth, 

but Elwell was eventually forced to move east to New Jersey in 1932 in order to be closer 

to its major customers – and competitors. A similar fate befell Philo Farnsworth of San 

Francisco, another of the region’s early technologists. In 1930, Farnsworth was awarded 

a patent for his designs for a system that achieved the first all-electronic transmission of a 

television image. However, he was unable to compete with RCA and sold to Philco in 

1931, then the largest manufacturer of home radios in the U.S.  

These early instances of technology development set the stage for Hewlett and 

Packard. As Sturgeon (2000) points out, the founding of FTC illustrates how seeds had 

been already sown for business-university partnerships and private capital investment. 

Also present was discontent with East Coast firms and their formal, heavy-handed way of 

doing business. When Philo Farnsworth moved with his team out to Philadelphia after 

being acquired by Philco, they did not fit in well with the acquiring company’s more 

conservative corporate culture. “The team from California refused to wear suits, vests, 

and long sleeves as they toiled in their stifling laboratory. As a result, William Grimditch, 

director of Philco’s research department referred to them as ‘animals,’ and they became 

known by the rest of the Philco staff as ‘those mavericks from the West’” (Sturgeon 

2000:35-36 quoting from Fisher & Fisher 1997). Hewlett and Packard embraced such 

mavericks. Their management approach featured profit sharing, extensive benefits and 

personal relationships with employees, all aimed at “showing employees that 

management cares, treating them as family members” (Rogers & Larsen, 1984:34). 

However, it was perhaps the management practices of William Shockley that laid the 

strongest foundation for a flexible, informal, entrepreneurial future – although not 

because he provided a model others chose to emulate.  

Shockley subjected employees to lie detector tests to ferret out a suspected 

informant who never materialized. He posted all salaries on a bulletin board. He once 

called an East Coast colleague to confirm the assertion of one of his employees – in front 

of that employee (Wolfe, 1983). The ill-advisedness of these practices inspired the 

famous “Traitorous Eight” – defectors from Shockley Semiconductor – to build Fairchild 

Semiconductor in a completely different image. In contrast to Shockley, engineers at 

Fairchild enjoyed a high degree of discretion, even the most junior. Traditional business 

trappings – wood paneled offices, reserved parking spaces, fancy desks, ostentatious suits 

– were conspicuous in their absence. Major decisions were worked out in weekly 

meetings with representatives from different parts of the company. Nearly all employees 

held stock options. Fairchild CEO Robert Noyce would go on to found Intel, one of the 

many companies founded by Fairchild alumni, known collectively as “the Fairchildren” 

and which serve as a particularly vivid example of the phenomenon of entrepreneurs as 

products of organizations (Freeman 1986). He and others took with them the practices 

they first tested at Fairchild. Given the sheer volume and the success of Fairchildren-

founded firms – among which were such powerhouses as Advanced Micro Devices, 
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National Semiconductor and venture capital firm Kleiner Perkins – the influence was 

substantial.  

 

2.2  The culture of the high tech industry 

Journalistic accounts of the rise of the Silicon Valley, particularly those dealing 

with the area’s most recent incarnation as home of the Internet revolution, have often 

celebrated the more visible symbols of the influence of the Fairchildren’s approach to 

management and organizations. Such accounts describe the brightly-colored buildings of 

Silicon Graphics (buildings now occupied by Google), titles like “Chief Yahoo” and the 

twisty, red slide at the former headquarters of the now-defunct Excite.com. Magazine and 

newspaper articles enumerate the practices that appear to differentiate high tech firms 

from companies in other industries: the casual dress, the Friday “beer busts,” the use of 

stock options, the company cafeterias, the foosball tables, the informal work spaces.  

Scholars and other authors have focused a more critical eye on the values 

underlying these external markers (cf., Saxenian 1994). In their examinations, they have 

identified particular aspects of the Silicon Valley’s cultural landscape as being crucial for 

the development both of particular firms and of the region as a whole, as well as regional 

spin-offs along the West Coast, such as Initech. These aspects include a disregard for 

external symbols of status, high degrees of informality and egalitarianism, an emphasis 

on small, flexible teams, and loyalty more to the technologies themselves than to any 

individual firm.  

The active disregard for external systems of status is a key differentiator. Hewlett 

and Packard consciously chose to avoid such status-laden practices as private offices and 

executive dining rooms. They pioneered a management style based on openness and 

participation and sought to build “a humanistic culture that promoted creativity, initiative, 

and teamwork” (Saxenian 1994:52). In building up Fairchild Semiconductor and Intel, 

Noyce made similar decisions. The new desks went to the new hires, with the more 

senior people working at their old, battered workspaces (Wolfe 1983). Such practices 

may have been symbolic, but they powerfully contributed to a culture that was “far more 

open and participatory than the traditional low-trust management that characterized 

virtually every major American corporation at that time” (Saxenian 1994:52). The 

practices continue today. Khaki slacks and a buttoned shirt qualify as men’s business 

formal in the Silicon Valley; executive dining rooms are inconceivable. However, the 

display of status symbols should not be confused with their total absence. Money and 

what it can buy are most certainly present in the Valley –  just not in the workplace. As 

one engineer at Initech told me, his colleague had recently purchased a new, high-end 

sports car but was reluctant to drive it to work for fear of being ridiculed by his peers for 

showing off. 

 The disavowal of status signals in these early companies was coupled with a high 

degree of informality that further contributed to the open and participatory environment. 

At Hewlett-Packard, managers engaged in the practice of “management by walking 

around” in which managers roamed the offices and workspaces for informal 

conversations with employees, rather than having formally scheduled meetings. Everyone 

called each other by first name. However, the informality was not simply informality for 

its own sake. The casual dress, the largely undifferentiated offices and the lack of 

reserved parking spaces for all but visitors were all part of a pervasive egalitarianism. 
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Even junior employees often possessed high levels of responsibility and discretion. At 

Fairchild, engineers just out of Cal Tech could order equipment simply by handing the 

request over to purchasing in what was called the “Short Circuit Paper Route” (Wolfe 

1983). Later at Intel, Noyce signaled his belief in the value of all employees’ thoughts by 

having lunch with a different group of employees each week (“Creativity by the 

Numbers” 1980). The egalitarianism fostered by such practices was crucial to supporting 

the innovation upon which Silicon Valley firms depended by “institutionalizing the 

notion that good ideas could come from anywhere” (Saxenian 1994:51).  

 These early founders aimed to sustain their initial practices of informality and 

disregard for status systems despite increasing size. “Even as their firms grew large, they 

strove to preserve the openness, intensity, and sense of purpose that had characterized 

working life in early Silicon Valley start-ups” (Saxenian 1994:50). At Hewlett-Packard, 

the founders broke the firm down into smaller subunits to maintain flexibility and they 

relied on strong socialization practices and rigorous selection processes to maintain their 

culture (Fleming 2002). Their aim, as remains true for many rapidly growing large 

companies, was to retain the entrepreneurial spirit of the small company (Rogers & 

Larsen 1984:145). The superiority of small, innovative firms over large corporations 

became essentially an article of faith among engineers of the region (Saxenian 1994:34). 

Such a faith may be the force behind Silicon Valley’s legendary job mobility, 

with estimates of up to 30 percent a year among professionals (Rogers & Larsen 1984). 

However, the job hopping is not necessarily perceived poorly. “A man who has not 

changed companies is anxious to explain why; a man who has (changed companies) 

perhaps several times feels no need to justify his actions. Mobility has become the norm” 

(Braun & Macdonald 1978:137). Such mobility relates, in part, to the pervasive feeling of 

loyalty to craft over company. “A company is just a vehicle which allows you to work. If 

you’re a circuit designer it’s most important for you to do excellent work. If you can’t in 

one firm, you’ll move on to another one” (Saxenian 1994:36 quoting Rob Walker of LSI 

Logic, interview by author). As a result, individuals often identify primarily with the 

work they do, not for whomever they do that work. “There are a lot of people who come 

to work in the morning believing that they work for Silicon Valley,” said Wilf Corrigan, 

founder of LSI Logic, the valley’s largest chip maker (Markoff 1992).  

 

2.3 The emergence and importance of social networks 

As individuals switched jobs, and worked in tight-knit teams and hung out 

together at local watering holes, something else happened. The key aspects of the Silicon 

Valley culture – disregard for status symbols, informality and egalitarianism, emphasis 

on small teams, and loyalty to technology before company – produced a by-product 

crucial for the region’s development: a wide-ranging network of interwoven personal 

relations. Free-flowing interpersonal networks remain a key feature of life in the Silicon 

Valley, with gossip as much as technical knowledge a part of what flows through the web 

of connections that link individuals. Rogers and Larsen (1984:80) quote one engineer as 

saying, “The rate of rumor-passing in Silicon Valley is simply phenomenal.” Sharing 

these tidbits of information creates and reproduces trust – and distrust – and paves the 

way for learning from one another as the informality and the disregard for status lowers 

barriers that might otherwise prohibit knowledge sharing (Menon & Pfeffer 2003). 
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Scholars of the region draw a connection between these dense social networks and 

associated open labor markets with the area’s high level of innovation and 

entrepreneurship (Saxenian 1994). Such arguments align with those of scholars working 

in other domains who link social networks and innovation (Hargadon & Sutton 1997; 

Powell, Koput & Smith-Doerr 1996; Uzzi & Spiro 2005). Nearly all popular accounts of 

the Valley’s recent history contain some variation on the story of the engineer who heads 

to the local watering hole and finds himself in conversation with colleagues from a 

competing firm about a particularly vexing technical challenge. The stories inevitably end 

with the puzzled engineer having solved his problem with the help of his competitors. 

Not surprisingly, entrepreneurs came to rely on these social relationships as a critical part 

of their businesses (Saxenian 1994). 

These networks are reproduced within firms as well. Engineers share technical 

tips and gossip with one another over lunch. They work together to solve problems. The 

number and the diversity of one’s contacts may thus substantially influence one’s access 

to key information, insight or opportunity. Furthermore, networks hold special 

significance for software engineers. The significance follows from the fact that software 

engineers spend their days in front of computer terminals that function largely as nodes 

connecting the individual engineers to a much larger – in this instance, technological – 

network. More often than not, engineers use their machines to connect to servers on 

which are stored code or data. Furthermore, machines typically have what is known as a 

“host name,” and most engineers care a great deal about that name. In fact, a number of 

engineers at Initech mentioned to me – with irritation – that they were not given the 

opportunity to choose a host name at time of hire and were instead issued computers 

assigned generic derivations of their given names, e.g., JASmith or MaryJones. (Once 

created, the effort involved changing an assigned host name is not unlike that of changing 

a person’s given name making changes to host names uncommon.) Engineers interact 

with their machine hourly and are routinely associated with the host name of that 

machine. Left to their own devices, engineers more typically give their computers names 

that signal association with particular authors, television series, movies, fictional 

characters, historical figures or simply the nonsensical. The nonsensical have the 

advantage of nearly always being available in the “name space” as each hostname must 

be unique. To give a sense of the variety, hostname examples include foopee, flavius, 

clearcow, cthulhu, tukey, olivia, pandora and bnoopy.  

All of the foregoing simply serves to illustrate the extent to which systems of 

interconnections play a significant role not just in the behavior but also in the thinking of 

software engineers. One may also observe the extent to which the tools of their trade – 

the machines on which they create code – are extensions of their own identities. 

Interconnections also play a role in how they do their jobs and, while the connections are 

often computer-mediated, they are not trivial interactions. In software firms, knowledge 

and information are the lifeblood of what the employees do day to day. The ability to 

generate ideas, diagnose problems, find answers and implement solutions constitutes the 

bulk of a software engineer’s job. Information flows like water and, like water, can be a 

torrent, a trickle or an isolated pond. It can also wear down a comfortable groove, be 

purposely cached or it can flood and spill over. Understanding these channels and 

dynamics holds promise for understanding the function not just of software engineering, 

but of other knowledge-intensive industries such as consulting and accounting. Software 
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firms, with their network infrastructure for accomplishing work, simply offer the clearest 

setting for study. It is within this context that the focal firm of my study exists.  

 

2.4 Initech and today’s Silicon Valley 

Initech got its start during the late twentieth century, a time by when most of what 

had been seen as innovative organizational practice 20 or 30 years prior had become 

largely taken for granted. The personal computer boom followed the integrated circuit 

boom, only to be followed by the networking boom and then, most recently, the dot-com 

boom of the 1990s. Former employees of Fairchild Semiconductor had fanned out, 

spawning dozens of companies of their own and taking the informal, flexible practices of 

Fairchild with them. Those employees founded companies too, and relaxed work 

environments, casual dress and lack of status differentiation were well on their way to 

being standard operating procedure. The once-noteworthy absence of certain perks 

quickly became taken for granted as well. By the 1990s, reserved parking spaces for 

anyone other than visitors (or, in a nod to the changing workforce demographics, 

expectant mothers) had become not merely unacceptable, but literally unimaginable: such 

an idea simply would never occur to the Silicon Valley worker of today. Such was the 

environment surrounding Initech as well. 

Later firms layered practices on top of those established by the chip makers of the 

1960s. In particular, a sense of fun and whimsy became apparent in practices such as the 

move away from cold, corporate names like Teledyne and National Semiconductor to 

warmer, friendlier names like Apple and Altair. Silicon Valley’s particular brand of 

quirky was even more evident in the rise of elaborate pranks played by its denizens on 

one another. For example, when current Google CEO Eric Schmidt worked at Sun 

Microsystems, he once found an entire Volkswagen Bug assembled in his office. It had 

been taken apart and put back together in order to get it in there (Segaller 1998). Scott 

McNealy, also at Sun, found his office converted into a miniature golf course, complete 

with pond and sand trap. The development of Internet firms in the 1990s brought even 

more examples of Silicon Valley quirkiness with company names like Yahoo!, Excite 

and Kozmo, as well as more far-reaching practical jokes such as Google’s annual April 

Fool’s day hoaxes including their 2004 announcement of a research center on the moon. 

The quirkiness was perhaps more than mere quirkiness for its own sake. “Another reason 

Yahoo succeeded was its sense of fun – a characteristic that would come to define not 

only Yahoo, but nearly every Internet company seeking the fickle approval of the Web 

public” (Battelle 2005:61). Such a comment strikes a sour note just five years later as 

Yahoo struggles to maintain market share, but the observation regarding the sense of fun 

still rings true. Such hijinks fed the informality of the region, facilitating an environment 

in which work and play increasingly commingled. 

Initech is no exception to the culture permeating the Valley in particular and the 

West Coast in general. Founded in the 1990s during the dot-com boom, Initech possesses 

the many outward symbols celebrated by the media: space in the parking lot for roller 

hockey and offices over-flowing with toys, bright colors and pool tables. Employees 

work in small teams and are clustered tightly together. Status symbols are eschewed and 

achievement rewarded. One manager describes the firm as a “bleeding-edge 

meritocracy.” One April Fool’s prank involved an employee hacking the vending 

machines so as to create prices that were a function of each item’s sugar and fat content, a 
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response to an internal debate about the growing emphasis on nutritious snacks. The firm 

also exhibits the less readily-apparent cultural aspects. Good ideas are expected to come 

from anywhere. Departmental and company-wide electronic message boards provide an 

easy and frequently-used method for employees to offer their suggestions. Good 

questions are expected to come from anywhere as well, and anyone can ask anything. The 

same message boards used to solicit ideas are used to solicit questions for executives to 

answer at all-hands meetings. The questions are not edited and fellow employees can vote 

on which questions are most pressing. 

 

2.5  Networks and Initech’s corporate culture 

Thus, Initech offers an especially illustrative arena in which to study how new 

ideas emerge from the work-related communication and collaboration – the social 

networks – among employees. Ideas flow freely and informality facilitates relationships. 

Adding to its richness as a site for study, Initech’s culture is not one of simply offering 

ideas. Action can also come from anywhere as well, and action is expected. At Initech, 

noticing a problem is often equivalent to volunteering to help fix it, regardless of whether 

or not doing so falls within the boundaries of one’s job. For example, several engineers 

built an application to handle registration for the company’s summer picnic after 

numerous complaints about the process. The imperative to improve and to innovate 

permeates the culture. Engineers are encouraged to use a portion of their time on side-

projects of their own devising, a practice pioneered most famously by 3M and later 

adopted by Internet and technology firms such as Google. Furthermore, initiative is 

highly valued in areas beyond building the company’s technology. Ad hoc committees 

are formed by employees to address organizational issues such as hiring, measuring 

performance and orienting newcomers. 

Other elements of the company’s culture play into how connections form and 

develop among employees. One result of the emphasis on generating ideas and taking 

initiative is a focus on fixing problems when they occur, rather than fixing blame after the 

fact. For example, in response to one particular error, one of the top executives sent email 

to the entire company soliciting input. The executive asked that anyone interested in 

helping to solve the problem come to a particular conference room. Within fifteen 

minutes, the room was filled. Regardless of the ideas generated, the executive’s active 

and sincere solicitation of such broad input was a powerful symbol for many in the 

company of the culture of focusing on fixing problems and learning from mistakes – 

much of which happens through the process of reciprocal code-checking and other forms 

of networked collaboration and communication. In fact, mistakes are not simply tolerated 

but actively encouraged. Later in the year, that same executive pointed to the earlier error 

as exemplifying the fact that mistakes should be expected along the road to innovation, 

and that such errors are completely acceptable.  

 

2.6  Networks and Initech’s formal structure 

The actions described above actions set a powerful expectation for cooperation 

and collaboration among employees. This example also illustrates the extent to which 

information is shared rather than horded at Initech, a practice shared by other software 

firms (cf. Cusumano 1991), although certainly not all: Apple is notorious for its secrecy 

and has even been known to spread disinformation among its own employees about 
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upcoming products with the intent to identify possible leaks (Stone & Vance 2009). At 

Initech, however, employees share information just as they share ideas, questions and 

time. An emphasis on transparency permeates the firm, and the company makes a point 

of sharing as much information as is allowed by law and ethics. In this practice, as with 

other examples of company policies, Initech clearly echoes the practice of its forebears. 

Specifically, a Hewlett-Packard executive described HP by saying, “We aren’t really sure 

what structure is best. All we know for certain is that we start with a remarkably high 

degree of internal communication, which is the key. We have to preserve that at all costs” 

(Peters & Waterman (1982:123) as quoted by Saxenian 1994:51). 

Initech also practices a sort of extreme lack of hierarchy. In almost direct 

contradiction of classical management theory (Fayol 1916; Graicunas 1937; Taylor 

1911), managers are expected to have no fewer that seven direct reports. Small teams are 

the primary unit of the firm, with a great deal of discretion granted to them. In line with 

the emphases on initiative, innovation and transparency, much of the direction for the 

firm’s various products is expected to come from the ground up, rather than from the top 

down. Managers are expected to work in the service of their teams, not the other way 

around, another stark contrast to past description of the rule-setting function of 

management (Gouldner 1954). This strong cultural norm may serve to attenuate some of 

hierarchical power dynamics that one might otherwise expect to observe (Crozier 1964). 

The foregoing description should not be construed to mean that the people of 

Initech are not competitive. Executives and employees, however, tend to state their focus 

as being on externally-facing metrics such as user satisfaction, time to service and market 

share. Still, human interactions are rarely devoid of individual motives, be they for 

power, approval or to generate dependence and obligation (Blau 1964; Crozier 1964). 

One could easily imagine a software engineer wielding expertise as a mechanism of 

control: as more and more people consult with her, she can bestow her time strategically. 

Such a strategy is fraught with danger in an environment of rapid change, however. 

Today’s critical knowledge becomes tomorrow’s defunct technology. Thus, the 

collaborative interactions among software engineers at Initech described in greater detail 

below tend to bear greater resemblance to systems of generalized exchange (Ekeh 1974) 

than those of dyadic exchange (Blau 1964).   

Some caution must be taken, however, to avoid painting a picture of Initech as an 

uber-collaborative, super-supportive, technological utopia. The emphasis on transparency 

and on offering ideas means that employees often get into heated debates not just about 

minute product features but also about what food gets served in the cafeteria and what 

kinds of beverages should be made available in the vending machines. The emphasis on 

taking initiative and on developing side projects results in some people working on the 

same problem simultaneously, unbeknownst to one another. Similarly, the team-oriented, 

ground-up orientation contributes even further to the problem of duplication of efforts.  

The above description serves to illustrate how Initech, the company whose 

internal organization is the subject of this dissertation, does indeed exemplify the broader 

culture of the Silicon Valley. Clearly present are the disregard for external symbols of 

status, the high degrees of informality and egalitarianism, and the emphasis on small, 

flexible teams. As such, internal networks play an important role in how work gets done 

at the firm. Furthermore, given the relatively flat management structure and large spans 
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of control for managers, informal networks likely play a more substantial role than they 

might at firms with tighter hierarchies.  

As has been mentioned, however, this dissertation deals with one particular type 

of network – that of work-related cooperation and collaboration among software 

engineers. The preceding discussion aimed to illustrate the prevalence and importance of 

networks in high tech in general and among software engineers in particular. I now turn 

to describing the process of software creation, how interactions among engineers play a 

key role in that process (as opposed to individuals sitting by themselves in front of 

computer screens) and how that process generates the data from which a network may be 

constructed. 

 

2.7 The software creation process: Code check-in and code review 

Code is the most basic output of software firms. Nearly all software today is 

sufficiently complex as to require the effort of multiple individuals in its production. 

Computer games, work productivity applications, home finance packages – all of these 

products involve dozens if not hundreds of software engineers. Obviously, their efforts 

take place on computers. Less obviously, the electronic nature of the production process 

leaves a residue that offers a direct, observable trace of their activities.  

To understand how this trace comes to be, one must understand that writing code 

has more in common with building a house than with writing prose. As mentioned above, 

rarely does building software involve a single individual composing a single, stand-alone 

product. Although individual authoring happens on occasion,
1
 the incidence is likely as 

common as the construction of a home by a single individual – and likely as difficult. 

Rather, multiple people work simultaneously on multiple components. Analogously, one 

can think of the plumbers, electricians, framers, roofers, painters and interior decorators 

all working in concert on their pieces of a house. Like the blueprints used by these 

professionals, software engineers also typically have a similar, overarching roadmap. 

However, one can easily imagine the potential for disaster. Site-specific deviations 

frequently plague home construction, sometimes taking the venture far from the original 

blueprint (cf. Kidder 1999 for a particularly illustrative example). Similarly, software 

engineers encounter constraints, complexities and dependencies that can wreak havoc on 

the interdependent nature of their work.  

To manage these interdependencies, software developers rely on a variety of 

techniques to mitigate the risks of the unforeseen and the unforeseeable. Primary among 

them is the version control system. Version control systems are common features of 

software engineering groups dealing with large repositories of code accessed by multiple 

people. These systems keep track of who made changes to what and when those changes 

were made. When necessary, the system also facilitates the resolution of conflicting 

changes. To illustrate the importance of version control systems, consider the process of 

co-authoring an academic journal article. Say that Brian and Andrea are working together 

on an article and that the current draft is stored on a computer accessible to both of them. 

The computer storing the draft might be set up such that only one person at a time can 

work on the document. Such a policy could slow progress considerably. However, 

suppose that both Brian and Andrea could work on the document at the same time. Both 

                                                 
1
 I refer here to traditional shrink-wrapped software and to web-based services, not to the gadgets and apps 

increasingly available for mobile devices and online environments such as Facebook. 
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of them open the document. Brian finishes his changes and saves his file, after which 

Andrea finishes her changes and saves her file – overwriting all of Brian’s previous 

changes. Version control systems exist to prevent exactly the sort of situation described 

above. The master version of each code file is kept in a central repository or “depot.” 

Individuals “check out” copies of code files from the depot, work on those copies, and 

then check them back in when they are finished. The version control system 

automatically merges together all changes to a single file, alerting involved authors in the 

case of conflicting changes.  

Periodically, the various files are assembled in what is called a “build.” In the 

build, all the bits of code that constitute the multiple components are put together to 

ascertain if everything works as planned. Built code is handed off to a quality assurance 

team that tests the product’s operation, particularly on the various platforms (e.g., 

Windows, Macitosh) and, in the case of Web-based technologies, Internet browsers 

intended for use. Bugs in the code are identified and, if they can be reliably replicated, 

communicated back to the original engineering team for repair. Once fixed, the repaired 

code is code checked in, reviewed and then queued for the build all over again. 

Clearly, one prefers to discover what is not working prior to the build, at least to 

the extent possible. As with home construction, problems of design or execution are far 

more quickly and easily resolved when identified sooner rather than later in the process. 

Imagine diagnosing – and fixing – a problem in a home’s electrical wiring before the 

sheetrock has been hung, as opposed to after all the walls are constructed and painted. 

Whereas version control enables one to roll back to previous versions in the event that 

something goes wrong, preventing such errors in the first place requires an additional 

tactic, specifically, the notion of ‘“code review.”  

 

2.8  Conducting code reviews 

A code review involves simply having someone other than the code author 

examine that piece of code. Typically, this review occurs after the changes are made but 

before a code file is fully checked in to the depot. Once a file has been checked in fully, it 

is considered ready for the next build, thus the importance of catching potential problems 

at this particular junction. The changes are enumerated in what is known as a “change 

list,” typically written as a single word, changelist, or abbreviated as CL. It is the 

changelist that is the object of the code review. After preparing a change list, the code 

author requests review from one or more people. Reviewers are alerted that a change has 

been requested and they provided feedback. Once a positive review is provided, the 

change is ready to submit. The most common positive review is the simple “LGTM,” or 

“Looks Good to Me.” 

Code review bears a family resemblance to peer review in academic publications, 

albeit an imperfect one. Academic peer review deals with finished pieces of work, is 

typically quite intensive, and involves the selection of an anonymous reviewer by the 

journal’s editor. In contrast, a code review is far less formal, more typically conducted on 

a sub-component of a larger piece of work, and reviewed by someone selected at the code 

author’s discretion. A closer resemblance would exist were academic peer reviews 

conducted for different sections of a journal article – the results table or the introduction, 

for example. Thus, code review better resembles the sort of informal feedback that 

colleagues in the same department often provide one another on work in progress. 
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Code reviews can serve multiple purposes, just as feedback on an academic work 

in progress might focus on the framing of arguments or on the presentation of 

hypotheses. As described above, code reviews can be used to find bugs. However, they 

can also be used to enforce style conventions, smooth integration with existing code, 

prevent breakage of other systems, or simply ensure that the code works as intended. At 

Initech, reviews serve all of these purposes. Each review is meant to be a conversation 

between the author and the reviewers. Review feedback is managed via email, the 

immediacy and individualization of which (the messages appear in each individual 

engineer’s inbox, as opposed to residing exclusively on a central system) are meant to 

encourage precisely such dialogue. Furthermore, engineers are encouraged to consider 

reviews as opportunities for improving not just the code itself, but also the skills of those 

writing the code. 

However, not just any engineer can review another engineer’s code. The ability to 

review requires a certain level of familiarity with the surrounding code files. 

Analogously, academic peer reviewers are generally familiar with research related to the 

work under consideration. In the language of house-building, an electrician would have 

his or her work examined by another electrician or perhaps a general contractor, but 

rarely by the plumber. With code, components can vary quite a bit from one to another. 

Consequently, reviewers tend to be those with whom one frequently works, typically on 

the same project. Most changelists involve an engineer’s main project and are thus 

reviewed by other engineers on that person’s team, perhaps the person who wrote the 

original code (in the case of changes to existing code) or the person “in charge” of a 

specific body of code (in the case of additions). Thus, the review by one engineer of 

another engineer’s code indicates a workflow transaction linking those two individuals 

within the organization.  

A code author has multiple ways to identifying a reviewer, several of which have 

been already mentioned. As discussed above, the engineer can go to a teammate, 

someone who wrote the original code or someone who is “in charge” of that code. 

Typically, original authors and responsible parties are noted as part of an “owners file” 

associated with branches of the code tree. The owners file contains the names of those 

people who have the knowledge and the authority to approve a change for that branch of 

the code. If the new code involves a new approach or technology, however, and thus 

requires a distinct skill, the engineer may search Initech’s intranet which includes internal 

resumes. These resumes are almost universally available and up-to-date for software 

engineers as internal resumes play a key role in the company’s annual review process. In 

contrast, for cases of very specific review to some particular part of the code, the 

engineer can look at who made previous changes to that code. A specific command exists 

solely for the purposes of revealing an annotated list of past changes together with the 

name of the author making each change. Interestingly, the command that reveals the 

names of people who've worked with the section of the code base in question is: “blame.” 

 

2.9 Using code reviews to tap others’ expertise  

The preceding description may seem to imply that code review is a largely 

prescribed activity, with who reviews whose code being a function of work and 

workgroup. However, these workflow transactions are not entirely constrained by the 

boundaries of team or of project. Many engineering problems transcend context. A useful 
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analogy is to issues of methodology in academic work. Econometric or psychometric 

techniques typically can be applied to a range of different phenomena and questions 

about their application may be answered without much knowledge of the phenomenon to 

which an analysis is applied. The same is true of software engineering. Problems may be 

tied to specific languages (e.g., Python, Java, C++) or domains (e.g., database design, 

memory utilization, efficiency optimization) and do not depend on a team’s particular 

subproject. Thus, while workflow transactions may not be entirely free-floating, they are 

not entirely constrained either. Engineers frequently have discretion in seeking review of 

their work and need not rely exclusively on teammates.  

Furthermore, engineers are not without incentive – nor opportunity – to look 

beyond team and project boundaries in soliciting review. Particularly for employees with 

less tenure or otherwise junior, looking beyond team and project barriers provides a 

means of reducing dependence on one’s own team (Blau 1964). The primary source of 

opportunity to reach beyond one’s team and project follows from Initech’s policy of 

allowing engineers to develop side projects not specifically related to their major project 

work, as described above. Side projects often serve as a means for learning new skills or 

for gaining information about the work of another team. The projects can also provide 

opportunities for individual engineers to deploy such skills and information to extract 

advantage by providing timely or novel solutions to their primary team (Burt 1992). 

Resultant workflow interactions are entirely discretionary and should manifest as repeat, 

extra-team exchanges of code reviews over time. In addition, as previously discussed, 

software engineers in general tend to focus on solving problems and are thus likely to 

seek answers wherever they can find them. Furthermore, should the most appropriate 

expertise exist outside one’s team or project, the nature of the computer-mediated version 

control system means that soliciting advice via code review is effectively frictionless; the 

requesting engineer need only note the intended reviewer’s username when checking in 

the code. While one may think that a request out of the blue would simply be ignored, 

strong internal norms of generalized exchange encourage response (Ekeh 1974). 

Guidelines for the review process state that reviews should respond to requests within a 

few hours, although complex reviews are acknowledged to require more time. Internal 

documentation makes particular note of the fact that, “At least one engineer is blocked on 

making any more progress on their project until your review is done. You should 

normally prioritize code review requests higher than writing your own code.” Reviewers 

may also say no, but ignoring a review request is, clearly, strongly counter-normative.  

 

2.10 Forces influencing the evolution of position 

 Armed with this description of the importance of social networks to high tech 

firms in general and the role they play in software engineering in particular, I now turn to 

consideration of the factors that might influence how individual networks take shape. 

How do some people come to be at the center of activity in a firm, with large numbers of 

connections that touch many distinct areas of a company, while others languish in the 

organizational backwaters? Why do some people come to enjoy a great deal of autonomy 

in the network, with independent channels to multiple resources (Pfeffer & Salancik 

1979), while others become hemmed in by the request and requirements of others? In the 

next chapter, I consider two classes of potential factors: individual-level attributes and 

structural conditions within the firm. 
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3. The origins of social network position 

As noted above, the central question of this dissertation focuses on identifying the 

forces that drive the formation and evolution of relationships among people working 

within a given organization. Firms’ increasing reliance on knowledge and innovation to 

establish and maintain competitive advantage suggests a need to understand the 

connections among individuals. Illuminating the paths along which ideas and information 

insight travel – or along which they get blocked – can provide firms with insight as to 

how they might optimize their organizations for information flow (Cross & Prusak 2002; 

Cross, Borgatti & Parker 2002). In particular, why do some people come to have a large 

number of connections or enjoy high levels of autonomy in the network while others find 

themselves on the periphery or highly constrained in their interactions? That is, what 

factors influence the positions that people come to occupy within a given network of 

relationships? 

An individual’s position refers to the way in which that person is embedded 

within an existing pattern of connections, such as that which exists within an organization 

(Lincoln 1982). I consider two particular types of related but distinct network positions, 

each important to the work of software engineering: centrality and autonomy. The 

definitions of these concepts are straightforward. People who occupy central positions in 

a network are “where the action is” in a firm (Freeman 1979) and can be identified, in 

part, by the large number of connections they maintain. People who occupy autonomous 

positions in a network are crucial bridges between different parts of a firm and can be 

identified by the number of connections they maintain that link otherwise disconnected 

third parties (Burt 1992).  

These two measures, while distinct both conceptually and empirically, are 

nonetheless related. Centrality and autonomy are positively associated, particularly in 

sparse networks (Burt 1992). This relationship follows from the fact that in sparse 

networks – that is, networks in which few of the possible ties are in fact realized – 

additional connections are simply more likely to create bridges to distinct parts of the 

organization. Thus, as a person becomes more central by acquiring more connections, she 

also tends to becomes more autonomous. However, these measures do not move together 

in lockstep. The data discussed below exhibit correlations that do not exceed 0.50 (see 

Table 8 in Appendix 2 for details). Clearly, one need not take a brute force approach to 

gaining autonomy by simply adding more connections, and simply adding more 

connections does not guarantee increased autonomy. Increasing the volume of one’s tie 

may in fact have the opposite effect as relationships are not costless and a person can 

become highly constrained by the demands of maintaining those relationships (Feld 

1981; Hansen 2002). One can instead develop more strategically placed ties, investing the 

requisite time and effort in building relationships with others that result in bridges to 

distinct parts of the firm.  

Occupying a position of centrality or of autonomy can provide software engineers 

with benefits in accomplishing their work. Those who have many connections as well as 

those who have particularly strategic connections may enjoy advantages in accessing 

knowledge and information, thus improving their ability to do their jobs (Aral, 

Brynjolfsson & Van Alstyne 2007; Bavelas 1948; Burt 2004; Hansen 1999). As 

engineers share tips and tricks with one another to accomplish their work, having many 

sources for such insight – or having unique sources for such insight – can help solve 
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problems faster and more effectively. The paths to these two types of positions may be 

distinct however, as I explore below.  

In the following pages, I further describe centrality and autonomy in social 

networks, why people who occupy these positions are especially advantaged and how 

having people in such positions benefits firms. I then explore two particular sets of 

factors that may account for the development of these positions among new entrants. 

Specifically, I consider individual factors in the form of intellectual and social 

endowments as well as structural factors in the form of team and job attributes. 

 

3.1 Centrality in social networks 

Whereas the bridging ties characteristic of people with high network autonomy 

facilitate idea creation, a different set of social resources is required for implementing 

those ideas. One needs to mobilize support, influence others to act, and encourage 

focused effort. For these tasks, individuals who are centrally positioned within an 

organization are well-situated to play this distinct but equally important role in fostering 

innovation.  

While individuals high up in an organization's hierarchy are typically thought to 

occupy such central positions, the role is hardly exclusive to the upper echelons 

(Mechanic 1962). In a series of experiments on small group communication and task 

completion, Bavelas (1948, 1950) and Leavitt (1951) developed the idea of centrality to 

explain the differences observed in efficiency, errors, job satisfaction and productivity 

among the experimental groups. Leavitt (1951) argued that the superior productivity and 

accuracy of certain groups were a function of their particular experimental configurations 

having a logical integrator. That integrator’s position in the assigned pattern minimized 

the distance of every other person to himself – that is, these groups had a central 

individual. 

This body of studies prompted a great deal of subsequent research, and centrality 

has since become a fundamental concept in social networks research. Scholars have used 

centrality –as measured in various ways – to investigate individual involvement in 

innovation (Ibarra 1993), advantage in exchange networks (Cook et al. 1983), power and 

influence (Brass 1984; Burt 1982; Knoke & Burt 1983), variations in levels of 

competence in formal organizations (Blau 1963), and diffusion of innovation (Coleman, 

Katz & Menzel 1957). This list highlights just some of the ways in which the concept of 

centrality has been used to shed light on topics important to organizational scholars. 

The range of these topics also highlights the variety of interpretations applied to 

centrality. Not surprisingly, scholars have proposed a wide array of empirical measures to 

capture nuances of meaning (Freeman 1979), disambiguate conflicting findings 

(Bonacich 1987) or provide grounding in models of social processes (Friedkin 1991). In 

an effort to more cleanly define centrality and bring order to the panoply of published 

measures, Freeman (1979) usefully condensed the measures into three basic concepts: 

degree, closeness and betweenness. Degree centrality defines the most central actors as 

those with the most ties to other actors in the network. Closeness centrality defines the 

most central actors as those with the shortest paths to all others in the network. Finally, 

betweenness centrality defines the most central actors as those who have a place on the 

largest number of shortest paths between all others in the network. Clearly, these 

variations have substantively different implications and the choice of measure follow 
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from the nature of the relationship under consideration (Wasserman & Faust 1994). 

Measures of closeness and betweenness have the additional property of involving the 

whole network in their calculation. As such, they are poorly defined for the kind of large, 

sparsely connected network defined by the code review activity at a firm the size of 

Initech. In addition, the importance of direct access to information for software 

engineering suggests that number of connections may be especially meaningful in this 

setting. Thus, I focus on degree centrality.  

Degree centrality may be further decomposed into indegree, outdegree and 

reciprocated ties when relationships are directed, as is the case with the coding activity 

network considered in this study. In a directed relationship, activity may flow in either 

one direction only or in both directions. For example, in a survey of who is friends with 

whom, both Andrea and Brian may name each other as friends or Brian may name 

Andrea as a friend yet not be named by her. Similarly, with regards to coding activity, 

Brian may send Andrea code for review but not receive code review requests from her. In 

this case, Brian’s connection to Andrea increases his outdegree centrality – that is, the 

number of unique others to whom Brian sends code for review. Brian’s indegree 

centrality depends on the number of unique people who send him code for his review 

while centrality based on reciprocated ties includes only those people who both review 

Brian’s code and send him code for review. Clearly, these relationships differ and one 

can imagine distinct implications for a high level of indegree centrality versus a high 

level of outdegree centrality, for example. In the case of coding activity, a high level of 

indegree centrality may follow from possessing particularly sought-after skill or expertise 

whereas a high level of outdegree centrality may follow from creating code related to a 

wide range of projects requiring the review of many distinct individuals. I consider some 

of these distinctions below. 

Some caution is in order with regards to centrality however as, when considering 

relationships, more is not always better. Not all connections are created equal, with some 

having greater value than others (Burt 1992). Furthermore, connections are not costless 

(Hansen 1999). The price of a connection takes the form of the unwritten but generally 

well-understood set of rules and expectations for behavior that accompany most relations 

between people. For example, having a colleague provide you with feedback on a 

working paper creates the expectation that you’ll reciprocate in the future. These 

constraints are readily apparent in aphorisms such as “the ties that bind” and in the 

transactional language often applied to relationships, e.g., “owing” someone a favor, 

“earning” trust, “cashing in” a chit. For these reasons, I consider an additional measure of 

network position, that of network autonomy. 

 

3.2 Autonomy and constraint in social network 

Scholars more typically discuss network autonomy in terms of its opposite: 

network constraint. Just as autonomy implies flexibility, with the ability to “move 

around” and draw on distinct resources in a network, constraint implies being “hemmed 

in,” with limits on those to whom one may turn for information or support. People with 

high autonomy (and thus, low constraint) have been characterized as “boundary 

spanners” or “gatekeepers,” individuals who are well-connected both inside and outside a 

firm. They provide conduits through which information can move across organizational 

divides and are associated with idea generation and innovation (Tushman 1977; Tushman 
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& Scanlan 1981). They are also consulted substantially more often than those who lack 

such stores of knowledge (Allen & Cohen 1969; Allen 1977). The idea of a boundary 

spanner or a gatekeeper explicitly connects a person outside of a particular network, but 

the concept of autonomy easily exists within the boundaries of an organization as well. 

Burt (1992) famously describes people with high autonomy – or, to use Burt’s own 

language, with low constraint – in terms of the structural holes that they span. A 

“structural hole” is a gap separating clusters of people who are relatively well-tied to one 

another within their cluster but otherwise separated from others in the network. 

Crucial to the above description is the idea that people with network autonomy 

connect otherwise disconnected third parties. To better understand how autonomy might 

play out within a single firm, imagine a group of engineers at an Internet company who 

work on how search results are displayed to users – what else appears on the page, what 

the page looks like, how it changes for different kinds of results (e.g., pictures versus 

news stories). These engineers are likely familiar with one another and may even work 

together regularly. A second group of engineers works on the algorithm that determines 

which results to display on the web page. They are likely familiar with one another as 

well and also likely work together. Between the groups, however, familiarity may be 

lacking, let alone co-work. Consider, however, that two people in these groups know 

each other from a previous company or from university. Knowing one another, each is in 

a position to connect the two groups, passing along relevant information (Hansen 1999) 

or making introductions and identifying opportunities for collaboration (Obstfeld 2005). 

They might able to far more rapidly identify the solutions to a particular problem that 

involves both the generation and the display of a search result, far more rapidly than 

someone working from within just one of the two groups. By virtue of their connections 

outside of their core teams, they enjoy greater flexibility and opportunity. 

Clearly, whether or not someone can connect disconnected groups rests on the 

existence of such groups within the organization; in the absence of distinct clusters, no 

bridges are necessary. The forces that drive clustering are powerful and many, however. 

Of particular note is the tendency for people to be attracted to others who share similar, 

socially significant attributes such as gender or age (Lazarsfeld & Merton 1954; 

McPherson, Smith-Lovin & Cook 2001). Known as “homophily,” this tendency is among 

the most robust findings in the social sciences (Bielby & Baron 1986; Ibarra 1992, 1995; 

Lincoln & Miller 1979; Marsden 1987). In addition, people who are close together in 

geographic space are more likely to interact with each other than those who are far apart 

from (Festinger, Schachter & Black 1950; Fleming 2002; Kleinbaum et al. 2009; 

Marmaros & Sacerdote 2006; Priest & Sawyer 1967), thus increasing the probability that 

a relationship will develop. In fact, the power of both homophily and proximity to drive 

people into clusters makes the act of bridging between groups all the more surprising a 

phenomenon. Without engaging the debate on the relative advantages of membership in a 

cohesive cluster versus acting as a bridge (cf. Burt 1992; Coleman 1988), I simply remark 

on the preponderance of the former which creates a wealth of opportunity for the latter. 

The relevance to software engineering of bridging ties and the associated 

autonomy is perhaps less clear than the previously discussed centrality. Regarding 

centrality, more connections likely translates into more sources of information and more 

people one can ask for assistance or insight. The usefulness of autonomy, however, lies in 

the strategic placement of connections rather than volume. The bridging ties that 
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characterize autonomy provide better access to information (Aral & Van Alstyne 2009; 

Burt 1992; Hansen 1999; Reagans & McEvily 2003) and a “vision advantage” of being 

able to see opportunities early (Burt 2004). This argument, however, taps another on-

going debate in studies of brokerage relates to the mechanisms that result in its well-

documented advantages (Aral & Van Alstyne 2009; Burt 1992; Podolny & Baron 1997). 

Early literature highlighted the power aspects of brokerage. Reasoning in this vein, 

scholars have suggested that brokers make people dependent on them and, in so doing, 

become critical and indispensable (Mechanic 1962; Crozier 1964; Pfeffer 1981). Some 

attribute the advantage to control: an actor may purposefully avoid connecting the groups 

so as to extract advantage (Burt 1992) or extract rents for facilitating transactions 

(Marsden 1982). Others focus on how brokers join others together to create value 

(Obstfeld 2005). I acknowledge the various mechanisms through which brokerage may 

confer advantage. Again, however, my focus here is not this advantage nor its underlying 

mechanisms but simply the antecedents of the position itself. Thus, I seek to explicate 

how some people come to occupy bridging positions while others do not.  

Armed with a clearer understanding of these two key types of network positions – 

centrality and autonomy – I return to the question with which I began: Why do some 

individuals come to occupy these positions while others do not? 

 

3.3 Individual attributes and network position 

People enter an organization with knowledge, skills and abilities. They may even 

come with pre-existing connections to current organizational members. Any one of these 

factors may play a role in shaping the connections a person forges with others. 

Consequently, such individual attributes – specifically, knowledge and skills as well as 

pre-existing relationships – may shape the likelihood of the number and the variety of the 

ties they forge with and between groups in an organization.  

 

3.3.1 Intellectual endowment 

New entrants to a network may be in possession of unique or especially useful 

expertise that results in their being sought out by other members of the organization. In 

colloquial terms, it’s what you know. One can imagine an engineer with particularly deep 

knowledge of a special data-mining technique or strong mastery of a common 

programming language being approached by others looking for assistance or insight. In 

studies of job mobility, seekers are repeatedly observed to actively pursue others’ 

knowledge and influence (Granovetter 1973; Lin, Ensel, & Vaughn 1981; Wegener 

1991). As noted above, technical competence has been linked to boundary-spanning 

(Tushman & Scanlan 1977), a form of autonomy. Furthermore, the fresh knowledge 

brought by newly-minted post-graduates should be of interest to people seeking new 

insights (Tushman & Scanlan 1977), as should information from competitors brought by 

people hired away from other firms, particularly in high tech firms (Saxenian 1994). 

Thus, I suggest that intellectual endowment in the form of skill, ability, expertise or 

knowledge increases the likelihood of occupying positions of centrality or autonomy: 

Proposition 1: People with more knowledge and expertise at time of entry into the 

network will have greater centrality and more autonomy in the code review 

network. 
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In the case of software engineering, relevant knowledge and expertise are highly 

technical, encompassing specific programming languages (e.g., Java, C++) and operating 

system (e.g., Windows, Unix). As with other occupations and professions, the skills of 

software engineering are typically acquired both through formal education and through 

on-the-job learning (Houle 1980). Consequently, both higher levels of educational 

attainment as well as longer periods of relevant work experience are likely to be 

associated with greater levels of knowledge and expertise. The highly technical nature of 

software engineering allows for a more nuanced examination of knowledge and expertise. 

The challenges of software engineering can be clearly described, thus ensuring a high 

level of domain consensus in the field as to what qualifies expertise (Pfeffer 1993; 

Thompson 1967), and that expertise is readily made explicit (Nonaka & Takeuchi 1995; 

Polanyi 1966). As a result, an individual’s breadth and depth of knowledge can be more 

readily captured in a list of known languages and technologies than one might expect in 

other fields. Thus, I venture the following hypotheses: 

Hypothesis 1A: People with higher levels of education are more central in the 

network. 

Hypothesis 1B: People with more years of prior work experience are more central 

in the network. 

Hypothesis 1C: People with greater facility with coding languages are more 

central in the network. 

Hypothesis 1D: People with higher levels of education have greater network 

autonomy. 

Hypothesis 1E: People with more years of prior work experience have greater 

network autonomy. 

Hypothesis 1F: People with greater facility with coding languages have greater 

network autonomy. 

 

Of course, one’s possession of knowledge is a necessary but not sufficient 

condition for others’ access of it; expertise alone may not bring knowledge-seekers 

knocking on one’s cubical wall. In a network survey of scientists in two separate 

organizations, Borgatti and Cross (2003) find evidence that knowledge-seeking behavior 

is predicted by knowing what the other person knows, valuing that person’s knowledge, 

and being able to access to that person’s knowledge in a timely manner. Similarly, 

Menon & Pfeffer (2003) find case study evidence of the importance of valuing 

knowledge, although they focus primarily on managers and compare internal versus 

external sources of knowledge, finding that managers place greater value on externally-

sourced knowledge. They argue that seeking information from within the organization 

extracts cost by threatening personal status. “When people value an insider’s knowledge, 

they often gain little in the way of personal self-enhancement, and instead face the 

prospect of legitimating a direct competitor for organizational rewards” (Menon & 

Pfeffer 2003:498). In contrast, Borgatti & Cross (2003) find no effect for the cost variable 

in their own analysis. The difference in sample populations may account for the divergent 

findings, although Borgatti and Cross also note the very low variance in their measure. 

They speculate that perceptions of cost may be a function of organizational culture and 

thus organization-dependent. That is, the costs associated with whether or how often 

people seek knowledge from others is determined at the group rather than the individual 
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level. Given the egalitarian and solution-focused norms that typically govern 

relationships among people in Silicon Valley-style firms (see Chapter 2), I suggest that 

the costs of knowledge-seeking expected by Borgatti and Cross and observed by Menon 

and Pfeffer are not likely a significant factor.  

Considering the costs of seeking knowledge jumps over a crucial initial step: One 

must first know that the knowledge and expertise exist. Information about an individual’s 

knowledge in high tech firms in general and Initech in particular may be more readily 

identifiable than one might assume. New entrants to a firm may have relational inroads 

within the firm prior to day one, thus seeding information about what they know. Given 

the mobility among high tech professionals (Saxenian 1994), such prior relationships are 

not unlikely. For employees joining directly from university, Initech’s focus on recruiting 

from top-notch engineering programs means that one may find former classmates among 

current employees. In addition, the interview process at Initech involves people beyond 

one’s eventual work group, thus ensuring at least some level of knowledge about a new 

entrant’s skills and expertise. The implications of these prior contacts are discussed in 

greater detail below.  

In addition to these inroads, another major source of information about what 

someone knows comes from the near-universal practice among Initech employees of 

posting internal resumes may provide more useful information about than might be 

expected. These resumes are posted online, easily searched and play a key role in the 

annual review process at Initech, thus their ubiquity. Checklists for newly hired engineers 

encourage creation of an internal resume, highlighting current abilities and past 

experiences with firm-specific accomplishments added over time. They are also linked by 

default from each employee’s page in the company’s intranet – whether or not any 

content exists – thus setting a clear expectation.  

 

3.3.2 Social endowment 

The colloquial counterpoint to the earlier assertion that it’s what you know is, of 

course, it’s who you know. As mentioned above, prior school and work ties are common 

among high tech workers in general and Initech specifically. The aphorism implies 

preferential treatment as a result of the prior relationship, but the actual mechanism is 

perhaps far simpler. Having a pre-existing connection to someone already in the network 

may simply add to a person’s number of connections and thus centrality, with its 

associated benefits. Furthermore, if the known other works in a different function or 

different part of the company, a prior relationship can provide direct access to an area of 

the organization beyond one’s own immediate work group, forging a sort of “instant” 

bridge. That is, the prior relationship, by virtue of its mere existence, may increase the 

likelihood of bridging by making such a bridge an immediate reality, especially as people 

are more likely to work with those with whom they have prior ties (Guimera et al. 2005; 

Hahn, Moon & Zhang 2008). Thus, simply knowing an existing member of an 

organization prior to joining should increase a new entrant’s centrality and autonomy.  

Proposition 2: Pre-existing connections to people within the organization at time 

of entry increase a person’s subsequent centrality and autonomy. 

 

 Considering the nature of the relationships mapped in this network however, one 

might argue that prior ties are likely to have little effect. That is, because relationships in 
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this network are defined by the exchange of code for review, a pre-existing social or work 

relationship may not in fact lend itself to coding activity. The prior tie may not have 

related expertise – or may not even be an engineer. However, relationships with other 

employees play a key role in helping new entrants “learn the ropes” (Morrison 2002). 

Thus, the effect of prior ties need not be direct: the employee at the other end of the pre-

existing connection may offer introductions or help the new hire get up to speed more 

quickly. In the presence of particularly strong relationships, introductions may follow 

from the tendency of people to build relationships among their close connections 

(Simmel 1908). Regardless, the effects should be most strongly observed early in the new 

hire’s tenure, attenuating over time as other employees “catch up.” Whether the effect of 

a prior tie is direct (code is exchanged between the new hire and the already known 

employee) or indirect (the already known employee makes introductions), the most 

straight-forward effect is binary: those with at least one prior connection are more likely 

to occupy central or autonomous network positions than those with no prior connection: 

Hypothesis 2A: People with at least one pre-existing connection to someone in the 

organization are more central than those lacking such pre-existing connections.  

Hypothesis 2B: People with at least one pre-existing connection to someone in the 

organization have greater autonomy than those lacking such pre-existing 

connections. 

 

In the case of autonomy, this assertion rests on the assumption that the prior 

relationship connects the new hire to a person who works on a different team than the 

focal individual or, alternately, introduces the new hire to people in teams other than the 

new hire’s own. Given the thousands of engineers employed at Initech, the assumption 

should be reasonable. If the assumption holds, the prior relationship connects the newly 

hired individual to a group other than his or her immediate team, thus forging the instant 

bridge noted above.  

By this logic, additional ties should increase centrality and autonomy as additional 

pre-existing ties to current employees provide additional opportunities for forging a link. 

An extreme case of such a situation occurs when people have particular opportunity to 

develop multiple connections to existing employees prior to beginning employment 

themselves – as is the case for employees who join the firm as full employees after 

having worked as an intern or a temporary contractor. In contrast to the generic case of 

prior ties noted above, people who previously worked as interns or contractors will have 

had substantial opportunity to form relationships directly related to the code review 

network. They are likely to have a set of highly relevant relationships on which to draw 

when writing code, as well as being available as a ready review partner. Thus, I suggest 

that former interns and contractors should exhibit centrality and autonomy above that of 

even those with prior connections.  

Hypothesis 2C: People with prior exposure to the organization (as interns and 

temporary contractors) are more central in the network than those without such 

exposure.  

Hypothesis 2D: People with prior exposure to the organization (as interns and 

temporary contractors) have greater autonomy in the network than those without 

such exposure.  
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As with prior ties, the advantage conferred upon former interns and contractors may 

appear only in initial periods, given them a “jump start” on building their networks. Also, 

advantage with regards to autonomy may be muddied by the fact that interns at Initech 

sometimes return to the team with which they interned, particular those who join 

following completion of an advanced degree with its more specialized focus. In such 

cases, their prior connections may bound them more tightly in existing relationships, 

resulting in relatively lower autonomy. Such a condition is even more likely for 

contractors who typically join the same team with which they contracted.  

 

3.4 Team and job characteristics and network position 

People working within organizations do not do so in a vacuum. Their actions are 

both supported and constrained by the complex and shifting set of relationships they 

share with others. Thus, new entrants to organizations typically encounter networks that 

are already well-formed. The previous section considered individual-level factors that 

may influence the position achieved by a new entrant to a well-formed network. In this 

section, I consider factors related to one’s team and one’s job. 

 

3.4.1 Network position of the team 

Organizations have formal structures of responsibility and authority, classically 

understood through the box and line diagrams of organizational charts. While such 

diagrams provide at least some indication of who is required to interact with whom 

(Barnard 1938; Tichy 1973), organizations also have informal structures that play crucial 

roles in the functioning of firms (Burkhardt & Brass; Krackhardt & Porter 1985; Lincoln 

& Miller 1979). These structures consist of the relationships formed among employees in 

the process of seeking each other’s advice, soliciting and offering assistance, seeking help 

with tricky problems, and establishing and maintaining friendships – all of which may or 

may not have any correlation with the prescribed boxes and lines (Krackhardt & Hanson 

1993). These pre-existing patterns of connection, both formal and informal, may 

powerfully influence who a new organizational entrant – that is, a new employee – meets.  

Proposition 3: Centrality and autonomy are a function of one’s team.  

 

For a new entrant, one’s team members typically serve as primary sources of 

information about the organization, the specifics of the job, how things get done, and who 

does what. As such, the collective connections of a new employee’s teammates may in 

effect determine that individual’s own connections within the organization: 

Hypothesis 3A: The higher the centrality of one’s team at time of entry, the 

greater one’s centrality. 

Hypothesis 3B: The greater the autonomy of one’s team at time of entry, the 

greater one’s autonomy. 

 

An especially strong case of team-level influence occurs when a person joins the 

firm with a set of well-established work contacts already in place. Entering a firm with 

too many prior ties may in fact inhibit the formation of new relationships if those ties are 

also interconnected. Often described as “embedded” (Granovetter 1985; Uzzi 1996, 

1997), such interconnected ties should reduce the likelihood of forming bridging ties to 

other areas of the firm by providing a set of well-established, readily available 
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relationships for interaction. Embedded ties are also particularly resistant to decay (Burt 

2000, 2002) which means that people enmeshed in such ties would be in the position of 

having to add additional connections on top of their existing ones which is less likely 

(Mayhew & Levinger 1976). 

While seemingly unlikely, such cases are precisely the situation present in the 

event of the acquisition of another company. People who join a firm as part of an 

acquisition do so along with their existing colleagues. When joining a firm through 

acquisition, an individual typically arrives with a full set of deeply-entrenched, or 

embedded, relationships. Furthermore, in technology companies, software engineers are 

frequently kept together in their original teams so as to facilitate progress on the projects 

for which the target company was originally acquired (Mayer & Kenney 2004). Despite 

the opportunities afforded by joining a larger pool of knowledge and expertise, I expect 

the presence of the sort of multiple, strong, enmeshed ties as found in an intact firm to 

exert a strong dampening effect on the creation of new ties in general and bridging ties in 

particular: 

Hypothesis 3C: People who join the firm as part of an acquisition will be less 

central than those hired through regular channels. 

Hypothesis 3D: People who join the firm as part of an acquisition will have less 

autonomy than those hired through regular channels. 

 

3.4.2 Requirements of the job 

 While scholars have examined a wide array of variables in relation to network 

position, as noted above, the requirements of one’s job has received little attention. 

Certain jobs simply require more interaction with others, or more interaction with a wider 

variety of others. Some evidence for the influence of job requirements can be found in the 

centrality and influence enjoyed by secretaries, hospital attendants and other lower 

participants (Mechanic 1962), a finding echoed in more recent studies of email-based 

communication (Kleinbaum 2008). Additional evidence can be inferred from findings 

that people who come to serve on boards of directors accrue a large number of contacts 

(Davis, Yoo & Baker 2003). One may debate the mechanism at work in this case: the 

increase in connections may have less to do with the functional requirements of the job 

than with the desire of others to acquire status by establishing strategic relationships (Lin 

1999; Podolny 1994). Regardless, the effect inheres in the job. Thus, I suggest that the 

specifics of one’s job play a role in defining subsequent network position. 

Proposition 4: Centrality and autonomy are a function of the requirements of 

one’s job. 

 

One could argue that selection effects would account for any observed differences 

between job categories, but in the case of Initech, the differences between jobs are not so 

profound as, say, the difference between a public relations position and an assembly-line 

job. All of the jobs under consideration in this study require code and everyone in the 

sample conducts his or her work largely through a computer screen. For example, System 

Administrators (SysAdmin) at Initech function in a sort of hybrid role, applying software 

engineering knowledge to ensuring that the complex set of networked systems on which 

various product operate run smoothly – as opposed to building the new products 

themselves. Consequently, their work spans multiple products and multiple teams. 
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Similarly, user interface (UI) designers combine knowledge of how people interact with 

computer technology and an understanding of a product’s technical specifications and 

function (such as the shopping cart on any e-commerce site) to make it run smoothly for 

the end user. At Initech, UI designers typically apply their expertise across multiple 

interrelated teams. In contrast, people working in Research focus on very specific 

problems and consequently interact primarily with their research collaborators, which is 

generally a limited group. People in Operations focus on the mechanics of network itself 

(e.g., the machines, the network). As with Research, the specific nature of the work 

results in limited interactions outside of the group. In between these two extremes sit 

people in general engineering. People in general engineer constitute the bulk of the 

engineering population and work on a wide array of projects. In the process, they interact 

primarily with their teammates on their particular product teams, yet often interact with 

people in functional groups such as SysAdmin and UI. 

While variations do indeed exist, all of the above functions require deep 

knowledge of software engineering. Thus, one can reasonably expect far greater 

homogeneity of person type and thus a greater likelihood of differences being a function 

of job requirements rather than unobserved characteristics of the person who occupies the 

job. Consequently, I venture the following hypotheses: 

Hypothesis 4A: People working in positions that require frequent interaction with 

multiple other teams (e.g., SysAdmin, UI) will be more central in the network. 

Hypothesis 4B: People working in highly insular positions (e.g., Ops, Tools, 

Research) will be less central in the network. 

Hypothesis 4C: People working in positions that require frequent interaction with 

multiple other teams (e.g., SysAdmin, UI) will have greater network autonomy. 

Hypothesis 4D: People working in highly insular positions (e.g., Ops, Tools, 

Research) will have lower network autonomy. 

 

 

3.5 Studying network formation among software engineers 

 In the next chapter, I outline my research design and how I use the code review 

activity associated with software creation to construct a work-flow network and test the 

hypotheses detailed above. I describe the patterns of interaction among engineers at 

Initech and the integration of new entrants into the network. I detail my data sources, 

measures and modeling approach and describe the sample of new hires whose entry into 

the pre-existing network forms the basis for this study.  
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4. Research design 

The data for this study come from three distinct sources. First, records from 

Initech’s human resources department provide demographic information on employees in 

the sample including educational background, hire date, job level and whether or not the 

employee was referred by another employee. Second, a company-wide survey conducted 

for reasons unrelated to this research builds upon the basic HR information, adding 

additional detail on career history (prior work experience), job-specific skills (proficiency 

in coding languages) and the existence of connections to firm employees prior to joining. 

Finally, I use three years of code review records – described in detail in Chapter 2 – to 

infer the structure and evolution of the collaboration network among the firm’s software 

engineers. I begin with a discussion of this last source of data. 

 

4.1 Constructing the network 

The majority of social network research has been conducted using snapshots of 

networks, typically gathered at a single point in time. Longitudinal network data are rare 

and, when they do exist, typically involve repeat snapshots and encompass only small 

groups (Wasserman & Faust 1994). This situation has changed somewhat in recent years 

with the increasing use of computer-mediated methods of work and communication. The 

data obtained from email, cell phone and instant messaging activity provide a constantly 

changing view into people’s interactions. Longitudinal network data thus may render 

time either as a discrete construct with cross-sectional snapshots of the network, or as a 

continuous construct with “streaming relational events” (Moody, McFarland & Bender-

deMoll 2005:1210).  

The availability of continuous time data raises a peculiar variation on the issue 

that confronts most network studies: defining the boundaries of the network. Typically, 

the researcher grapples with spatial boundaries – who should be considered inside the 

network and who should be considered outside? With continuous time data, the boundary 

issues are also temporal. Is the network defined by a day’s interactions, a week’s, a 

month’s or a quarter’s? When the data span a limited time frame, aggregating all 

interactions offers a sensible approach (Kleinbaum et al. 2008). With three years of data 

available for this study, however, a more dynamic approach is feasible. How then to 

derive measures for single points in time from data that are constantly shifting? 

The coding activity data at the center of this study resemble other longitudinal 

network datasets based on email and related communication data (Kossinets & Watts 

2009; Marmaros & Sacerdote 2006). A simple yet effective technique often employed for 

deriving instantaneous network approximations for the purposes of analysis and 

visualization in such cases is known as a sliding window filter (Cortes, Pregibon & 

Volinsky 2003; Moody et al. 2005; Kossinets & Watts 2006, 2009). To visualize this 

method, as described by Kossinets and Watts (2009), imagine the interactions between 

two pairs, (i, j) and (j, k) arranged linearly over time (see 
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Figure 1). A bar on the i-->j line indicates code written by i and sent to j for review at that 

particular point in time. The “window” captures all interactions within a certain period of 

time, where the parameter defining the length of this period is noted as τ. The window 

then “slides” an additional time length into the future, defined by the parameter δ.  

As Kossinets and Watts (2009) notes, defining the appropriate size of the time 

window (τ) as well as the extent to which the successive window overlap (δ) depends on 

the substantive question of interest. In Kossinets and Watts, the question is one of 

relationship formation: What factors increase the probability of a relationship forming 

between two people? The value of the parameter τ in that study needs to enable 

differentiation between ties forming for the first time during the period under observation 

and ties that previously existed and simply resumed communication. In selecting τ for the 

data under study in this dissertation, I need a sufficiently long window length to enable 

construction of an accurate picture of each software engineer’s workflow network – 

keeping in mind that quarter-based work cycles and the sometime intermittent nature of 

code interactions might suggest a fairly long window – while not losing insight into the 

creation of bridging ties that might disappear into addition new ties should the window 

length be too long. That is, if Daniel starts interacting with Tina, an engineer in a 

different group than his (that is, no other connections between the people with whom they 

each regularly interact), that tie qualifies as a bridge. If Daniel then introduces his 

teammates to Tina and her teammates and if then they all start exchanging code as well, 

the tie from Daniel to Tina will no longer appear as a bridge. If the time window 

described by τ is too long, both Daniel’s initial interactions with Tina and the subsequent 

interactions between their two teams will be subsumed into a single window, and the 

bridging activity will be lost. 
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Figure 1: Illustration of a sliding window filter
2
 

 
 

In the case of code authoring and review at Initech, activity adheres to a quarterly 

work cycle. Project goals are set quarterly at company, departmental and individual 

levels, and evaluated quarterly as well. Thus, the window most likely to capture the full 

complement of people involved in any given project is a window with a width of three 

calendar months. 

 

4.2 Structure of the data 

The structure of the data themselves is straight-forward, consisting of a long list 

of interactions. Each interaction represents the submission and subsequent review of a 

changelist, the previously described bundle of alterations and additions to extant code. 

The version control system assigns each changelist a unique, monotonically increasing 

numeric identifier at the time of submission and notes the time and date. Also logged are 

the code author’s username and the code reviewer’s username
3
 (see Table 1 for a 

hypothetical example). The logs of these interactions are stored in perpetuity by the 

version control system.  

Table 1: Hypothetical example of data structure 

Changelist ID Author Reviewer Timestamp 

32645 apu hibbard 2006-10-15 

32649 apu edna 2006-10-15 

32657 skinner edna 2006-10-17 

32771 lisa hibbard 2006-10-21 

32892 hibbard apu 2006-10-22 

 

                                                 
2
 Adapted from Kossinets & Watts (2009) 

3
 For reasons of anonymity, all usernames have been replaced with random, numeric identifiers. 
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Not all authored code has an associated reviewer. The most common exception 

occurs in the case of submissions to “sandbox” directories. These areas of the code tree 

are intended for non-production development and thus need not adhere to the same rules 

as regular production code. In other cases, the code might involve an emergency fix that 

cannot wait for review. Alternately, the change might simply be the sort of mundane 

housekeeping (e.g., updating permission lists) for which review would be overkill. 

Because such code submissions do not constitute a transaction – only one person is 

involved – they are excluded from the analysis.  

The code check-in data exist from the Initech’s inception. Review requirements, 

however, were tightened in response to the passage of the Sarbanes-Oxley Act in 2002 

with its stringent requirements regarding monitoring and internal control. The changes in 

policy increased the incidence of review and brought an even higher level of quality to 

these data. Thus, I focus my analysis on the three years beginning in January of 2004 and 

ending in December of 2006, allowing sufficient time for implementation of compliance 

mechanisms.  

 

4.3 Code authoring and review among tenured employees 

In describing the engineering collaboration and communication network at Initech 

– while avoiding drowning in a sea of numbers – I focus the description on the middle 

year of my analysis period. I start with the interaction patterns defined by tenured 

employees: those with a least a year of employment in the firm at the beginning of 2005 

and who do not leave the firm prior to 2006. That is, I look at people present in the 

network for all of 2005 and who are already well-established at the firm as of the 

beginning of that year.
4
  

Coding activity among this population remains fairly consistent over the course of 

2005. Figure 2 displays both the average monthly changelists submitted and the average 

monthly reviews completed per person during the year.
5
 Drops are evident at the end of 

the year and during the month July, both likely due to seasonality. Engineers represented 

in the graph submitted an average of 19.3 changelists per month during 2005 (sd=25.5; 

min=1; max=620) with a median of 12. They reviewed an average of 22.2 (sd=26.8; 

min=1; max=268) with a median of 14. The higher level of reviewing activity relative to 

that of authoring activity follows from occasional instances of multiple reviewers for a 

single changelist.
6
 Also, while reviewers are all pre-2004 hires, authors of the code being 

reviewed need not be so. Thus, the number of potential authors requesting review from 

the sample under consideration is greater than the number of people in the sample itself. 

                                                 
4
 These analyses are limited to full employees only; contract workers and interns are excluded. I am unable 

to estimate the proportion of the population comprised of contractors and interns, but am told by informants 

at Initech that the number is quite low. Furthermore, interns typically work for only three or four months 

during the summer and contractors rarely work at the firm for more than a year lest their status as a 

contingent work be called into question. Consequently, their role in the network overall is likely negligible. 
5
 These counts are not calculated using the sliding window filter. Changelist counts reflect the only the 

activity for the month noted as unique changelists simply indicate interaction volume and not number of 

unique relationships.  
6
 In this subsample, 9.5% of changelists had more than one reviewer. Summary statistics for authoring 

activity count each unique changelist only once.  



 33 

Figure 2: Changelist submission and review activity: Existing employees 
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A notable feature of the data is that code submission and review volumes vary 

substantially from person to person. Figure 3 and  

Figure 4 show the distribution of authoring and reviewing activity, respectively, 

for all of 2005. Again, only engineers employed by the firm for at least a year prior to the 

beginning of 2005 and who did not exit during the year are included in the analysis. The 

long tails in both figures are in line with expectation, given that the standard deviations of 

the monthly measures are roughly equal to and sometimes greater than the monthly 

means.  
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Figure 3: Authoring activity over the whole year, per person
7
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Figure 4: Reviewing activity over the whole year, per person
8 

0
5

1
0

1
5

2
0

2
5

%
 o

f 
s
a
m

p
le

0 100 200 300 400 500 600 700 800 900 1000
Count of changelists

Changelists reviewed per person in 2005

Distribution of reviewing activity

 
                                                 
7
 Seven observations with more than 1,000 changelists authored by a single person in the year have been 

excluded from this figure. In addition, the 18 individuals with only a single changelist in the year – most of 

them senior managers for whom writing code is highly unusual – are also excluded from this figure. 
8
 Eleven individuals with reviews exceeding 1,000 are excluded. People with only a single review and no 

authoring activity in 2005 are also excluded (n=35). 
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 An obvious question that follows from the above histograms is whether or not any 

systematic differences exist between those near the mean values of coding activity (both 

authoring and review) and those at the extremes. To answer this question, I compare the 

top and bottom ten percent in each group. Although the two measures of coding activity 

are highly correlated (r=0.81), only about half (52%) of the reviewers in the top ten 

percent are also in the top ten percent of authors. The same is true for authors and 

reviewers in the bottom ten percent as well – the overlap is somewhat less than half 

(41%). Thus, I consider the top and bottom reviewers and authors separately. 

 I find that, as compared to the bottom ten percent, people in the top ten percent 

based on total code authoring for the year have somewhat lower tenure (2.2 years on 

average vs. 2.6 years
9
) and less likely to be managers (one manager, or 2%, among ten 

percent code authors vs. 22% of the bottom). They have someone higher job levels
10

 on 

average (5.1 vs. 4.5), but the difference is only marginally significant (p=0.11). The two 

groups do not differ on the basis of whether or not they’re based at headquarters (82% of 

top 10% authors vs. 80% of bottom 10% authors; p=.80),  

Among reviewers, the pattern is similar. The top ten percent of reviewers is 

somewhat less tenured (2.5 years on average vs. 2.9 years
11

) and, again, only one 

manager is in the top ten percent of reviewers versus 30% of the bottom ten percent. 

However, people in the top ten percent of reviewers are more likely to be based in 

headquarters (91%) than in a remote location (73%), and the difference is significant 

(p=0.02, two-tailed test). Another clear difference is job level: top reviewers have higher 

job levels on average than bottom reviewers (5.5 vs. 4.6; p<0.01). 

 

4.4 Attributes of the network 

 The above description illuminates the dynamics of coding activity that define the 

collaboration and communication network among software engineers at Initech. An 

engineer who has been with the firm for at least a year averages roughly 300 coding-

related interactions each year, based on the median values for code authoring and 

reviewing noted above. Thus, the typical engineer will engage with this network more 

than once per work day, a conservative estimate that does not consider holidays or 

vacations. Such numbers indicate the key role these interactions play in the typical 

engineer’s job.  

The volume of interactions does not, however, indicate what relationships are 

described by the interactions. An engineer may write and review hundreds of changelists, 

but with how many people? The figures below provide insight into the structure of the 

communication and collaboration relationships linking engineers at Initech and thus the 

form of the network to which new hires arrive. 

 Increasing growth: As was the case for most technology firms in the middle of the 

first decade of the 21
st
 century, Initech was expanding. Figure 5 illustrates this growth, 

both in people entering the network
12

 and in the number of ties connecting them. 

                                                 
9
 The difference is not statistically significant at p<0.10. 

10
 See “Measures of the control variables” below for a description of job level. 

11
 The difference is not statistically significant at p<0.10. 

12
 Note that these numbers reflect people who actually do appear in the network, as opposed to people who 

could appear in the network. A person appears in the network by engaging in a code author/review 

transaction. The number of people who could appear would simply reflect a relevant subset of the number 

of people employed by the firm. 
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However, growth in network size is associated with decreasing overall connectivity. As 

people join the network, the number of actual ties connecting them tends to increase 

linearly whereas the number of possible ties increases exponentially (Mayhew & 

Levinger 1976). We observe precisely such a dynamic in this network as the number of 

connections only doubles during the year as the number of people roughly doubles as 

well.  

Figure 5: Growth in number of people and ties in 2005 
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The level of connectivity in a network can be captured by measuring its density. 

Density is simply the number of actual ties divided by the number of possible ties. In a 

perfectly dense network, everyone has a tie to everyone else (i.e., every potential tie is 

realized); the network is 100% interconnected by direct ties. In a network defined by two 

completely interconnected work teams with a single link between the two teams, roughly 

half the possible ties are realized and the density would be close to 0.5 or 50%. For large 

networks of the sort observed at Initech, densities are typically far smaller. Initech begins 

2005 with a density measure of less than one-half of one percent, and falls to roughly half 

that by the end of the year (see Figure 6). For comparison, Kleinbaum et al. (2008) find 

less than 0.3% of the possible connections present in the large, email-based 

communication network they study, making the Initech network somewhat more dense 

initially. The Initech network’s trajectory towards greater sparseness as compared to that 

of Kleinbaum et al. is not surprising, however, given the limitation of interactions in the 

Initech network to code authoring and review, as opposed to the broader communication 

typically encompassed by email.  
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Figure 6: Decreasing overall connectivity in 2005 

0.0%

0.1%

0.2%

0.3%

0.4%

0.5%

0.6%

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

%
 o

f 
p

o
s
s
ib

le
 t

ie
s
 p

re
s
e
n

t

2005

Network density

 
 

 Stable tie counts: The preceding description shows that the opportunities for 

connections are many. The description also shows that the opportunities are not being 

seized upon by, or at least not by a majority of the engineers in the network. The 

dropping density measure with respect to the increase in the number of people in the 

network is a function in part of the stability in the average number of connections that 

people maintain. That is, despite increasing opportunity for connections, people continue 

to interact with roughly the same number of others. Figure 7 shows the average number 

of connections for software engineers at Initech, referred to in network terminology as 

“degree.” Degree is simply a count of the number of other people with whom the focal 

individual interacts. In the case of Initech’s code activity network, “indegree” refers to 

the number of other people requesting code reviews while “outdegree” refers to the 

number of people to whom authored code is sent for review. Reciprocated ties (noted as 

“recip” in Figure 7) counts the number of people with whom a focal individual both 

sends and receives code.  
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Figure 7: Average number of ties among employees with at least a year of tenure 
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 While the average engineer may be involved in hundreds of coding interactions in 

a year and two or three dozen in any given month, that same engineer only interacts with 

roughly a dozen different people (determined by adding indegree to outdegree and 

subtracting the number of reciprocated ties). Much like the volume of coding activity 

from month to month, the volume of distinct relationships is, on average, very stable. 

This stability offers a solid benchmark against which to measure the entry of new hires 

into the existing network. 
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4.5  Research sample 

The foregoing paints a broad picture of coding activity as well as some of key 

attributes of the collaboration and communication network among software engineers. 

The description sets the stage for this study, which focuses on network evolution and the 

factors that influence the formation of new entrants’ networks. My sample includes all 

full-time software engineering employees who started with the firm between January 1, 

2004 and December 31, 2005 and for whom all independent and dependent variable 

measures are available.
13

 The resulting sample numbers 804 software engineers. While 

likely clear from the prior description, it bears emphasizing that network measures are 

available for all software engineers in the firm. Thus, while I consider only 804 

individuals in reported analyses, I calculate relevant network measures on data from the 

whole firm. I describe the networks of these new entrants in the section below, titled 

“Measures of the dependent variables.”  

Before considering network measures, I examine the patterns of code-related 

activity of new hires and compare that to the patterns of tenured employees as described 

above. Again, I focus on the middle year of the analysis period (2005) to provide a 

representative portrait. Figure 8 shows the average number of changelists submitted and 

reviews completed per person, per month for engineers hired in 2005
14

. Note the 

horizontal axis. Instead of the calendar time displayed in the previous graph detailing 

changelist activity among tenured employees (see Figure 2), for new hires I display 

number of months elapsed since hire date. In addition, I use data from both 2005 and 

2006 so as to have a sufficient number of months of observation for engineers hired late 

in 2005.  

These data show that the average newly hired engineer requires approximately 

five quarters (15 months) before reaching same level of average monthly code 

submission volume as engineers with at least a year of tenure. At 15 months, engineers 

submit an average of 19.2 changelists for review each month (sd=25.0; min=1; max=319) 

with a median of 12. Review activity lags slightly at 15 months, with newly hired 

engineers reviewing an average of 20.8 changelists per month (sd=24.9; min=0; 

max=371) with a median of 13, as compared to 22.2 reviews on average for more 

seasoned engineers. 

                                                 
13

 Several independent variables are derived from survey data that are not available for all employees. The 

survey and its characteristics are described below. 
14

 As with Figure 2, these counts are not calculated using the sliding window filter. Changelist counts 

reflect the only the activity for the month noted as unique changelists simply indicate interaction volume 

and not number of unique relationships. 



 40 

Figure 8: Changelist submission and review activity: New hires 

 
 

 

4.6 Additional data sources  

Measures of the dependent variables are drawn exclusively from the coding 

activity data described in the preceding pages, with detail on the calculation of these 

measures appearing in the next section. I also make use of data from two other sources in 

constructing the measures of the independent and the control variables, as noted at the 

beginning of this chapter. Background on these two sources is noted below. 

Survey data: Data used in measuring several of the independent variables (e.g., 

prior connections to employees, years of prior work experience) are drawn from a survey 

instrument that was part of an unrelated research program within the firm. This 

instrument was administered in the summer of 2006 via a web-based form. Email 

invitations were sent to all full-time employees below the level of Director.
15

 Total 

response rate was 60%. Each relevant item is described below in section titled “Measures 

of the independent variables.” Analysis revealed no systematic differences between 

respondents and non-respondents in tenure, job level, function or gender.
16

  

 Human resources data: Initech’s human resources systems capture data on 

employee demographics, job-related information (e.g., title, level, function), managerial 

hierarchy and compensation. Demographic data taken from Initech’s systems are 

available for all employees, not just those in the sample of 804 under consideration. 

However, some information (specifically, educational background) was missing for some 

individuals in the sample and was augmented by additional inquiry on a case-by-case 

basis. In addition, not all data were made available for this study – specifically, gender, 

age, ethnicity and  performance- and compensation-related measures. 

                                                 
15

 The exact number of respondents is suppressed for reasons of field site confidentiality. 
16

 Analysis of non-response bias was conducted by an analyst at Initech. Data on gender were not made 

available for this study. 
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4.7 Measures of the dependent variables 

In examining the forces shaping the evolution of individuals’ network positions, I 

consider two distinct but related measures: centrality and autonomy, described below. In 

calculating these measures, I take advantage of both the continuous nature of these data 

and the three-year time span and organize the measures in terms of each person’s entry 

into the network. That is, time is counted in calendar months since hire, with Month One 

being the first calendar month in which a person is an employee of Initech. Thus, I can 

compare two people’s network-related measures after equal experience with the network, 

even if those two people start a year apart. All measures and graphs are calculated using 

the three-month sliding window filter detailed above, unless otherwise noted.  

An additional point warrants explanation and emphasis prior to detailing the 

measures of the dependent variables. A crucial implication of the structure of the network 

data and of the approach outlined above is that people only appear in the network when 

they engage in coding activity. If a person does not write or review code in the given 

window, network measures for that person are, technically, missing. Consequently, the 

new hires who are the subject of this study are not present in the network until they begin 

coding. Furthermore, they can drop out of the network at any time if they do not having 

any coding activity in a given window. Because I explicitly examine network evolution, 

the “missing” observations for people under study have what could be substantive 

implications. Thus, I set otherwise missing observations to zero for people in the study 

after they’ve been “at risk” of network activity for at least a full window – that is, after 

they’ve been employed for at least three months.  

 

4.7.1 Centrality 

Central actors are those actors who are deeply enmeshed in the network. They are 

well know and highly visible; others seek their involvement and advice. The simplest and 

perhaps most straight-forward measure for this level of network involvement is that of 

“degree,” network parlance for simple counts of ties. That is, with how many unique 

others does a person interact directly? As discussed in the previous chapter, a multitude 

of measures exist to capture centrality, with the choice a measure a function of nature of 

the relationship under consideration (Wasserman & Faust 1994).  Given the importance 

of direct access to information for software engineering, that number of connections may 

be especially meaningful in this setting, thus the use of tie count – degree centrality – as 

my measure of centrality. 

Due to the directional nature of these data, I distinguish inbound interactions 

(reviewing another’s code) from outbound interactions (sending code for another’s 

review), labeled indegree and outdegree respectively. I also measure reciprocated ties 

(recip), a count of those relationships in which i and j review one another’s code.  

Centrality as captured by these degree measures changes rapidly at first with the 

employee’s tenure in the firm, but the rate of change quickly levels off. Figure 9 plots the 

period-over-period change in the three measures of centrality, calculated by dividing the 

absolute value of the change since the previous month by the current month’s degree 

measure:  

|degreet - degreet-1|/ degreet 
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Figure 9 illustrates how the change in period-over-period degree is concentrated in the 

first six months of the firm tenure. After that time, changes are markedly smaller, 

strongly indicating the presence of path-dependent processes. The initial network-

building followed by a more stable state is also illustrated by Figure 10 which depicts the 

three centrality measures for each month of the two years following hire.  

 

Figure 9: Percent change in number of ties, month over month 
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Figure 10: Average number of ties in each month since hire 
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The evident path-dependency does not necessarily mean a lack of heterogeneity, 

however. All three centrality measures show substantial between-individual variation at 

one year (see Figure 11), the point at which the graphs in Figure 9 and Figure 10 show 

relative stability in both average degree and in average rate of change. Some people 

clearly have larger than average networks, with some having much larger than average.  

 

Figure 11: Tie distributions 12 months after hire
17
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17

 For consistency in display, the histogram for outdegree (middle panel) does not include 1 observation 

with outdegree of 69. Also, note that the third panel varies from the first two in the scale of both the x- and 

the y-axis. 
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Table 2: Summary statistics – Dependent measures 

Period Obs Mean SD Min Max Mean SD Min Max Mean SD Min Max Obs Mean SD Min Max

1 452 0.97 0.92 0 6 1.52 1.22 0 10 0.59 0.75 0 5 683 0.76 0.22 0 1.00

2 676 1.69 1.66 0 18 2.81 2.54 0 23 1.02 1.11 0 6 685 0.62 0.21 0 1.00

3 804 2.50 2.64 0 29 3.99 3.78 0 36 1.55 1.65 0 10 685 0.56 0.22 0 0.97

4 804 3.32 3.30 0 31 5.30 5.31 0 60 2.06 2.14 0 17 669 0.53 0.22 0 0.96

5 804 4.16 3.73 0 29 6.18 5.90 0 51 2.53 2.43 0 15 679 0.53 0.22 0 0.97

6 804 4.85 4.06 0 31 6.90 6.70 0 82 2.93 2.71 0 19 685 0.53 0.22 0 0.98

7 804 5.48 4.48 0 28 7.41 8.32 0 167 3.26 2.89 0 17 681 0.54 0.23 0 0.99

8 804 6.16 4.92 0 31 8.02 8.28 0 157 3.56 3.13 0 23 683 0.56 0.22 0 0.99

9 804 6.91 5.59 0 35 8.68 8.20 0 133 3.91 3.48 0 23 685 0.58 0.22 0 0.99

10 804 7.50 5.83 0 38 9.02 7.15 0 59 4.16 3.47 0 22 683 0.59 0.21 0 0.94

11 804 8.08 6.14 0 41 9.28 7.24 0 64 4.44 3.58 0 23 684 0.60 0.21 0 0.94

12 804 8.55 6.50 0 41 9.61 7.43 0 69 4.65 3.74 0 22 685 0.61 0.21 0 0.94

13 804 9.04 6.87 0 50 9.95 8.17 0 81 4.80 3.87 0 25 683 0.61 0.21 0 0.95

14 778 9.47 7.09 0 50 10.18 8.36 0 85 4.92 3.85 0 27 660 0.61 0.21 0 0.97

15 749 9.94 7.49 0 65 10.61 9.38 0 125 5.15 4.02 0 23 632 0.62 0.21 0 0.98

16 675 10.33 7.79 0 70 11.02 10.60 0 142 5.29 4.20 0 23 568 0.63 0.20 0 0.98

17 620 10.84 8.15 0 76 11.31 11.25 0 153 5.37 4.31 0 28 525 0.63 0.20 0 0.98

18 530 11.15 8.24 0 63 11.62 11.73 0 145 5.48 4.22 0 25 455 0.64 0.20 0 0.99

19 458 11.78 8.89 0 66 11.59 10.48 0 128 5.67 4.37 0 26 403 0.64 0.19 0 0.98

20 391 11.89 8.97 0 60 11.80 11.00 0 124 5.65 4.49 0 27 342 0.65 0.20 0 0.98

21 354 12.18 9.44 0 52 12.07 11.01 0 109 5.74 4.74 0 29 308 0.65 0.20 0 0.97

22 324 12.80 9.83 0 55 12.43 10.73 0 99 5.86 4.59 0 29 281 0.66 0.19 0 0.97

23 300 13.20 10.15 0 53 12.66 11.45 0 117 5.98 4.62 0 26 260 0.67 0.19 0 0.98

24 267 13.39 10.07 0 57 12.82 12.60 0 146 5.97 4.72 0 26 230 0.68 0.18 0 0.98

OutdegreeIndegree Reciprocated ties Autonomy
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4.7.2 Autonomy 

People who act as network bridges, linking together otherwise disconnected third 

parties in a network, can be thought of as having a great deal of flexibility. They need not 

depend on only one or two individuals to supply advice or information; instead, they have 

a variety of relational avenues to pursue and thus, autonomy. The issue is not one merely 

of numbers, however. A person can have a dozen or more connections, but if they are 

also all connected to one another, that person is still hemmed in by the group (Burt 1992; 

Cook et al. 1983). In contrast, people who occupy bridging positions – people with high 

network autonomy – have room to move. 

A software engineer with high autonomy in the coding network would find that 

the people who review her code or whose code she reviews have little or no interaction 

with one another. An engineer with low autonomy would find that the people who review 

her code or whose code she reviews are all exchanging code with one another as well.  

People occupying positions of bridging or brokerage are often identified using 

Burt’s (1992) measure of constraint. Constraint measures the extent to which one’s 

contacts (the people to whom a person is directly connected) are connected to each other 

as well. A person with a high constraint is part of a tightly interconnected group in which 

his or her direct contacts are largely connected to one another. By referencing autonomy, 

I simply describe an absence of constraint. Thus, I start by defining autonomy as (1 – 

constraint).   

The calculation for constraint begins with a local or pair-wise measure. That is, 

we start with just two people. We first calculate the amount of effort that person i invests 

in person j, proportional to the total time and effort she puts into all of her contacts. 

Constraint starts with the proportion of person i’s interactions with j (zij + zji) relative to 

i’s total interactions with all other direct contacts q. Thus, to understand the level of 

constraint in the connection between, for example, Alice (i) and Andrew (j), we first 

determine the proportion of Alice’s changelist activity that is focused on Andrew. In the 

general case, I count the total number of changelists exchanged by i and j, divided by the 

sum of all of i’s changelists, both authored and reviewed. 

  (Eq. 1)  
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Second, one considers how many of i’s other contacts (q) also invest time and effort into 

j. If i invests in both q and j who also invest in each other, i’s efforts are redundant. The 

idea is to see if i is investing time into a connection with q who is also investing time into 

a connection with j, rendering much of i’s efforts redundant. That is, do Alice’s 

coworkers Kim and Brian also exchange changelists with Andrew and, if so, what 

proportion of their overall changelist activity is focused on him? Thus, for each q not 

equal to i or j, we calculate piqpqj, where these proportions are defined as Equation 1 

above, summing across q: 

  (Eq. 2)  jiqpp
q

qjiq ,, ≠∑  

Finally, we combine these measures for a complete calculation of local constraint:  



 

 47 

  (Eq. 3)  constrainti = jiqppp
q

qjiqij ,,

2

≠
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Calculating global constraint – the measure of a person’s over-all constraint, not just the 

constraint of a single relationship – simply involves repeating the above calculation for 

all individuals j in p’s network and summing across them. 

 

Figure 12: Constraint at months 3 through 18 from time of hire 
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The problems with this measure arise most commonly when Alice has only one or 

two connections as the constraint calculation is more likely to fall outside of the expected 

zero-one range when networks are very small (Burt 1992). Imagine that Alice sends 

Andrew all of her changelists to be reviewed – a reasonable scenario if Alice has recently 

joined the firm. Alice is perfectly constrained and has a score of one. Such small 

networks are especially likely in the early stages of network development when a person 

may have yet to develop a full complement of relationships, as evidenced by the 

histogram in Figure 12 (note the spike at 1). 

One could simply discard as missing any measure of constraint based on a single 

individual. However, small networks may also arise when a person is indeed highly 

constrained, interacting with only one or two other people. The frequency of such a 

situation is likely increased when bounding the network to one particular domain (a given 

organization) and one particular kind of relationship (work-related interactions), as 

opposed to tapping multiple domains or multiple types of relations, as has been the case 

in other studies involving measures of constraint (Burt 1992; Podolny & Baron 1997). 
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Consequently, I apply a small adjustment that effectively involves simply the 

consideration of a self tie. This self-tie requires the addition of 1 to the denominator: 

  (Eq. 4)  
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This minor adjustment smoothes the distribution substantially, as seen in  

Figure 13. 

 

Figure 13: Smoothed constraint at months 3 through 18 from time of hire 
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 This adjustment does not fully address the issue of values falling out of the 

expected range, however. As can be observed in  

Figure 13, some results still exceed one. The number of affected observations constitutes 

1.4% of the sample of all observations falling in the 3 month to 18 month range, 

inclusive. I address this issue by truncating these values and setting them equal to one.
18

 I 

am now able to subtract constraint from one to create the measure of autonomy  used in 

the analyses reported in Chapter 5. 

 

4.8 Measures of the independent variables 

 As discussed in the previous chapter, the key independent measures in this study 

fall into two major categories: individual attributes and structural determinants. 

Individual attributes are clustered into knowledge, skills and abilities (intellectual 

endowments) and pre-existing relationships (social endowments). Structural determinants 

                                                 
18

 Personal correspondence, Ron Burt, July 2010. 
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include characteristics specific to the team one joins (that is, measures of the team’s 

network) and characteristics a given job. I address these topics below. 

 

4.8.1 Individual attributes 

Intellectual endowment: I employ multiple proxies to capture knowledge, skills 

and abilities. First, I capture measures related to educational attainment and quality of 

education. I measure level of education with a set of dummy variables that indicate the 

highest degree achieved by each person: masters is set equal to one for people who hold a 

master’s or professional degree (J.D., MBA or M.D.) and phd is set equal to one for 

people who hold a Ph.D. The reference category is people who hold at least bachelor’s 

degree (only a very small number of people in the sample do not have at least a 

bachelor’s degree). Information on educational attainment is drawn from Initech’s human 

resource systems.  

In addition to education, I also capture knowledge and expertise using self-

reported data about coding abilities. As part of the survey noted above, respondents were 

asked to rate their level of knowledge on each of 28 coding languages, in response to the 

question, “Rate your overall level of technical proficiency with the following 

technologies.” Ratings ranged from “No knowledge” (=1) to “Expert knowledge” (=4), 

with “Basic knowledge” and “Solid working knowledge” anchoring the points in 

between. From these items, I construct two measures. In the first (coding_core), I focus 

on the subset of 12 languages indentified by informants at Initech as being the most 

broadly useful at the firm and count the number of languages each individual rated him- 

or herself as “expert” or “solid.” In the second (coding_noncore), I also count the number 

of languages each individual rated him- or herself as “expert” or “solid,” but this time 

focus on the 16 non-core languages. These measures proxy in the first case for depth of 

knowledge and in the second case for breadth of knowledge. 

Finally, I use an additional survey item to capture prior work experience 

(work_years): “How many years of applied/related work experience did you have prior 

to coming to Initech? (You should count years of internship experience but not classes in 

school.)” Self-report data are imperfect but, in the case of prior work experience, even 

estimations based on past jobs listed on a resume are effectively self-report data. Having 

such data validated during pre-employment checks would be ideal. Unfortunately, this 

information is not available from Initech’s HR systems.  

Social endowment: In measuring social endowment, I also employ multiple 

indicators. First, I focus on the channel through which each person arrived at the firm. 

Like many technology companies, Initech relies heavily on the networks of current 

employees for recruiting new employees (Berthiaume & Parsons 2006; Marsden & 

Gorman 2001). Employees who successfully refer a candidate (that is, the candidate 

receives and accepts a job offer) earn a bonus for making the connection, with no limit on 

the number of such bonuses an employee might receive. The amount of the bonus is non-

trivial and making a referral can take as little as fifteen minutes. Consequently, referrals 

are quite common and comprise a substantial proportion of hiring at the firm, including 

53% of the study sample. Source of hire is available from Initech’s HR system and I use 

the information to create a dummy variable (refer) to indicate those employees with a 

prior tie in the form of a referring employee.  



 

 50 

Some new hires have prior exposure to existing employees well beyond that of 

simply being referred. Several worked as summer interns (5% of the sample) at Initech, 

or as temporary contractors (1% of the sample). I include a dummy variable for each 

case, with intern and contractor each set equal to one if the person had worked as a non-

employee prior to joining full-time. These data also come from Initech’s HR systems. 

In addition to HR data, I make use of survey data in building another measure of 

prior connections (prior ties): “How many Initech employees did you know prior to 

joining Initech?” Respondents were instructed to count employees only (no temps, 

vendors or contractors) and to ignore people known only from the interview process. I 

take the natural log of this count (plus one) to correct some of the non-linearity of the 

measure. From the continuous measure, I also construct a dummy variable (prior ties - 

dummy) equal to 1 if the individual reports any preexisting connections and zero 

otherwise.  

 

4.8.2 Team and job characteristics 

Teammate networks: I define teams in terms of organizational hierarchy. 

Specifically, a team consists of the set of people reporting to the same manager. For each 

person in the sample, I identify his or her manager and then identify the other people 

reporting to that same manager in the month the focal person started at the company. I 

then gather existing network measures for each person who reports to that same manager 

during that same month and compute an average for each measure across the whole team, 

not including the focal individual. The consequent measures of team-level indegree 

(team_indegree), outdegree (team_outdegree), reciprocated ties (team_recip) and 

autonomy (team_autonomy) identify the attributes of the immediate network surrounding 

each new hire at time of entry. 

This method for defining teams is somewhat problematic at Initech as managers 

can have very large spans of control. Even with consideration given to only those team 

members who are active in the network, team sizes range from 1 to 115 among the 

sample population. However, the median value is 20 and the 75% percentile registers at 

34. These numbers may push conventional ideas about teams but, by aggregating at the 

level of manager, I pool together people who work on similar projects. At worst, the 

measure is more diffuse than it would be were I to use a more specific measure of team. 

Consequently, the definitions I employ constitute a more conservative test of the 

hypotheses. In addition, I apply controls for team size, described below under measures 

of control variables. 

Job requirements: The particulars of a job may dictate both the number and the 

diversity of others with whom a given person interacts. Some jobs simply require broader 

interaction with others in the course of accomplishing the work of that job. At one 

extreme, people whose job focuses on the production system may need to interact with 

any engineer who needs to create some specific server configuration – a potentially large 

pool. At another extreme, someone working in research and development may work with 

only the one or two other people in the firm familiar with the esoteric particulars of the 

project in question.  

I use a set of dummies to identify different classes of jobs. Two particular jobs 

have wide-ranging responsibilities in terms of the people with whom they must interact. 
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The first job, SysAdmin, involves working with the production system and is noted above. 

The second job involves “user interface design” (UI), a job that frequently spans many 

distinct groups. Jobs that require substantially less interaction are the previously-

mentioned research (Research) as well as the job of server deployment and maintenance 

(Ops) and developing internal tools (Tools).  

These dummies are based on accounting designations of “cost center.” At first 

glance, accounting designations may seem an ineffective means for categorizing work. 

However, the categorizations can be fairly fine-grained and the dummies are in fact 

aggregations of several cost centers. Groupings are based on guidance from informants at 

Initech, the validity of which can be observed in the sensible relations of several 

groupings to other measures in the study. For example, the dummy variable for research 

(Research) is positively associated with level of education whereas level of education is 

negatively associated with the dummy variable for system administration (SysAdmin). 

One difficulty with using accounting designations to determine groupings, however, is 

that some of the designations are geographic in nature. Thus, a research engineer or 

systems administrator working in an office other than headquarters is grouped with all 

others in that office, as opposed to his or her functional specification. The dummy 

variable for headquarters (addressed below under measures of control variables) captures 

this grouping. Since the majority of people in the sample (69%) are based at 

headquarters, the grouping noted here should still capture the majority of between-job 

differences in patterns of interaction with the network. The reference category in all cases 

is general engineering. 

Acquisition: Whether or not an individual joined Initech via acquisition is based 

on information from Initech’s HR records which lists the name of each employee’s 

originating firm – or, in the case of a standard hire, “no company.” From this information 

I construct a dummy variable (acquistion) set equal to one if the employee’s record lists 

the name of another firm in the Acquired Company field.  

 

4.9 Measures of the control variables 

Other factors operating at the level of the individual, the team or even the whole 

network may also influence an individual’s position in that network. At the level of the 

network, the number of people with whom one interacts may also be a function of the 

number of people available. Thus, I include a control for the size of the network 

(net_size) indicating the number of people active in the network during each observation 

period. This measure is logged to reduce non-linearity. 

Also, the network is not evenly distributed in geographic space. Initech maintains 

several remote offices outside of its primary location. People located outside of the 

company’s headquarters may have to actively seek connections so as to compensate for 

the distance from the firm’s center of activity. Alternately, people at the company’s 

headquarters may have greater opportunity to form connection given the larger number of 

people located at that main office, relative to the distributed offices. People at 

headquarters may be the ones with larger networks. Regardless, I include a variable (HQ) 

set equal to one for people located at the firm’s central office and zero otherwise. As 

mentioned above, this measure also acts as a de-facto job classification given the 

dependence on accounting categorizations to identify functional groups.  
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At the individual level, senior staff may have more, or at least more far-reaching, 

responsibilities and thus reason to interact with a wider array of others. I use the firm’s 

numeric job levels (level) in to control for seniority of position. Job level ranges from 

zero to ten, with higher job levels indicating more senior positions and thus greater scope 

of responsibility, independent of tenure. The relationship between job level and seniority 

is evident in the strong correlation between job level and years of prior work experience 

for people in the sample (r=0.72).  

I also include a measure of team size as larger teams may provide new entrants 

with broader opportunities to interact with others. I count of the number of people who 

report to the same manager, regardless of their coding activity (team size). This number 

may include administrative or project management staff who do not participate in the 

coding network. It may also include other managers whose managerial duties prohibit 

them from writing or reviewing code. This measure is logged to reduce non-linearity. 

 Finally, sheer volume of interaction may affect one’s network. Patterns of code 

submission are, in part, a function of personal preference: some engineers prefer to 

submit smaller changelists more frequently, rather than submitting larger changelists at 

longer intervals – although the former practice is strongly encouraged at Initch. Writing 

or reviewing a great deal of code may also be a function of one’s particular job. If so, the 

departmental dummies included as independent variables will account for such variance. 

Regardless, simply writing or reviewing a lot of code may lead one to interact with more 

people or with more people from different parts of the company. Thus, I include controls 

for the number of changelists written and reviewed in each observation period, where an 

observation period is defined by the three-month sliding window filter. Because of the 

highly skewed distributions of these variables, I take the natural log of each. 

Descriptive statistics and correlations appear in the next chapter. 

 

4.10 Methods of analysis 

4.10.1 Centrality 

The centrality measures – indegree, outdegree and reciprocated ties – are count 

variables which are frequently described by a Poisson distribution and commonly 

modeled using Poisson regression. The Poisson distribution that is the basis for such 

regression is defined solely by the parameter µ, the mean of the variable being modeled 

(the variance of the Poisson distribution is assumed to be equal to the mean). As µ 

increases however, the Poisson distribution approximates a normal distribution, with 

values as low as µ=10 revealing the familiar normal curve (Long & Freese 2006). The 

measures of indegree and outdegree in particular exhibit means on this order (see Table 

2). Consequently, I take a simpler approach and treat these counts as continuous variables 

and employ ordinary least squares regression rather than apply a more complicated 

model. I take the natural log of both measures to further smooth non-linearity.
19

  

The question of interest in this study is one of growth over time. Normally, one 

would model growth using a lagged dependent variable, but a lagged dependent variable 

presents issues of endogeneity which leads to an instrumental variable approach based on 

earlier lags. However, my question focuses on the influence of initial conditions present 
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 More specifically, I take ln(1 + variable) so as to avoid creating missing data out of zero counts. 
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at time of entry on the subsequent growth processes. Consequently, most of the variables 

of interest are set at time of entry and do not change. Thus, an instrumental variable 

approach is inappropriate in this case. A simpler approach to understanding the effects of 

initial conditions on people’s networks is to look at different points in their career 

histories. The plot of period-over-period change in Figure 9 shows that most of the 

change in a person’s network occurs in the first year of firm employment. Thus, I 

estimate models every three months from time of hire for the first year. I estimate an 

additional model at 18 months to check for stability. An additional model at 24 months is 

complicated by the decreasing number of observations available in periods greater than 

12, thus I do not estimate models for later points in time. The decreasing sample size 

results from the fact that people entered the network from 2004 to 2005 with measures 

extending through the end of 2006. Thus, people who started with the firm in mid-2005 

have approximately 18 months of observations whereas people who started late in 2005 

have only a year’s worth of observations. Table 2 provides detail on the number of 

available observations for each time period. 

Another key consideration regarding the sample population is that some people 

share a manager. Team-level variables are key predictors however, and team is defined 

by shared manager. While such potential non-independence of observations does not 

influence coefficient estimates, it can result in artificially low standard error estimates 

and thus spurious inferences of significance. Consequently, I estimate robust standard 

errors clustered on manager in all models. 

 

4.10.1 Autonomy 

The autonomy measure is a continuous variable and, with the smoothing 

described about, roughly normally distributed. Consequently, I apply the same analytical 

approach as detailed above for the centrality measure and estimate ordinary least squares 

models every three months from time of hire for the first year. I estimate an additional 

model at 18 months to check for stability. Because of the inclusion of a team-level 

measure of autonomy, I also estimate robust errors clusters on manager in all models.  

The inclusion of the team-level measure adds an additional wrinkle to these 

measures. Whereas with the centrality measures a zero count for number of ties has 

meaningful interpretation – that is, a person has no network activity and, consequently, 

no centrality – the interpretation of network autonomy in the presence of no network 

activity is less clear. One could argue both that such a person has complete autonomy 

(lacking any connections, the person has no constraint) and that such a person has no 

autonomy whatsoever (lacking any connections, the person has no access to resources). 

Consequently, I treat autonomy as undefined in the absence of network activity and 

exclude from the analysis those people for whom autonomy is undefined in any of the 

five analysis periods. 



 

 54 

5.  Results 

Before presenting results the analyses that model the effects of individual and of 

team and job characteristics on network position, it is worth reporting some descriptive 

statistics and correlations for relevant measures. Table 3 reports means and standard 

deviations along with the correlation matrix for all variables in subsequent analyses. For 

ease of presentation, all time-varying measures are averaged across the five periods 

modeled in the analyses presented below. These measures include the dependent 

measures of centrality (indegree, outdegree and reciprocated ties) and autonomy and 

three of the control measures (changelists written, changelists reviewed and network 

size). The complete correlation matrix, with each time-varying measure at each of the 

five time periods is presented in Table 8 in Appendix 2.  

The correlations reveal a strong relationship between the two types of coding 

activity (r = 0.85 for the logs of changelists written and reviewed). That is, people tend to 

write roughly the same amount of code as they review. Furthermore, greater levels of 

activity are indeed associated with higher levels of centrality in the network; the 

correlations between code writing and code reviewing display correlations ranging from 

0.53 to 0.76 with the three centrality measures. The three centrality measures are 

positively associated with average team-level centrality measures which also display high 

levels of inter-correlation as well as a strong positive association with team size. That is, 

larger teams tend to have higher average centrality measures. The centrality measures 

also display both positive and negative associations with particular jobs, but a marked 

negative associate with level of education (r = -0.20 for indegree and Ph.D.). 

Autonomy reveals a somewhat different pattern with a far weaker association 

between autonomy and volume of coding activity. In fact, reviewing code displays a 

negative association with autonomy (r = -0.10), as does team size (r = -0.14). However, 

autonomy is positively associated with both indegree (r = 0.43) and outdegree (r = 0.52), 

indicating a relationship between autonomy and network size. As with the centrality 

measures, one can see hints at a pattern of relationships between autonomy and particular 

jobs. 

Finally, the correlations and descriptive statistics also help further characterize the 

sample in this study. For example, the average level of prior work experience is 5.2 years, 

with additional analysis revealing that a substantial proportion of the sample (26%) 

reports a year or less of relevant work experience with. Thus, Initech is the first, non-

internship professional job for many people in the sample. This proportion is spread 

evenly across levels of educational attainment. That is, while roughly two-thirds of the 

sample holds either a Master’s or Ph.D., about a quarter of each category joins Initech 

straight from university. The majority of all new hires though (74%) joins the firm with at 

least one prior connection, although only a very few of those in the sample established 

such ties as prior interns (5%) or contractors (1%). Also, most join the company’s main 

office with 69% located at headquarters. 

With this clearer picture of the sample and of the relationships among the 

dependent measures and some key variables, I now report results from the models. 
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Table 3: Descriptive statistics - Independent measures and control variables 
Variable Mean S.D. Min. Max. 1 2 3 4 5 6 7

1. Ln changelists written1 2.93 1.06 0.00 5.31

2. Ln changelists reviewed1 2.68 1.05 0.00 5.04 .85

3. Ln network size1 7.65 0.35 6.86 8.07 .02 .00

4. Ln team size 3.19 0.84 0.69 4.97 .09 .10 -.17

5. Headquarters 0.69 0.46 0.00 1.00 .11 .16 -.07 .09

6. Job level 4.07 1.16 2.00 8.00 -.23 -.17 -.09 .12 .01

7. Ph.D. 0.25 0.43 0.00 1.00 -.21 -.22 -.01 .04 .03 .30

8. Master's degree 0.39 0.49 0.00 1.00 .06 .03 .00 .06 -.04 -.11 -.45

9. Ln work experience (yrs) 1.64 0.94 0.00 3.66 -.15 -.07 -.05 .05 -.03 .68 .05

10. Coding languages: non-core 4.86 1.94 0.00 12.00 .06 .06 .02 .07 -.03 .10 -.02

11. Coding languages: core 2.44 2.39 0.00 15.00 .06 .10 .07 .03 -.04 .13 -.14

12. Employee refer 0.52 0.50 0.00 1.00 -.01 .02 -.04 .03 .05 .22 .05

13. Prior ties (dummy) 0.74 0.44 0.00 1.00 .00 .01 .02 .07 .11 .19 .11

14. Ln prior ties 1.01 0.81 0.00 4.39 -.03 .00 .01 .12 .15 .30 .16

15. Intern 0.05 0.22 0.00 1.00 .08 .07 .00 .00 .02 -.17 .03

16. Contractor 0.01 0.11 0.00 1.00 -.02 .02 -.09 .00 .07 -.06 .02

17. Team avg - indegree 7.34 4.02 0.00 23.80 .16 .18 .00 .35 .29 .01 -.05

18. Team avg - outdegree 7.54 3.69 0.00 32.17 .20 .16 .00 .25 .09 -.07 -.06

19. Team avg - reciprocated ties 3.45 1.85 0.00 11.36 .24 .25 -.01 .27 .26 -.03 -.11

20. Team avg - autonomy 0.59 0.12 0.21 1.00 -.18 -.20 -.14 -.12 -.07 .04 .02

21. Acquisition 0.02 0.14 0.00 1.00 -.18 -.15 .02 -.05 -.14 .03 -.04

22. SysAdmin 0.06 0.24 0.00 1.00 .09 .11 .06 -.07 -.01 -.12 -.11

23. UI 0.03 0.17 0.00 1.00 .11 .11 -.13 .07 .07 .08 -.03

24. Ops 0.04 0.19 0.00 1.00 .06 .10 -.02 -.01 .12 -.08 -.08

25. Tools 0.20 0.40 0.00 1.00 -.12 -.11 .04 .18 .14 .09 .08

26. Research 0.04 0.19 0.00 1.00 -.17 -.14 .02 .05 .05 .04 .15

27. Indegree1 6.43 4.50 0.00 30.80 .70 .74 -.08 .10 .15 -.10 -.20

28. Outdegree1 7.87 5.84 0.00 57.75 .68 .53 -.06 .03 .05 -.13 -.13

29. Reciprocated ites1 3.56 2.63 0.00 18.25 .76 .76 -.04 .08 .16 -.13 -.20

30. Autonomy1 0.56 0.16 0.00 0.86 .05 -.10 -.14 -.01 .00 .04 .02  
Variable 8 9 10 11 12 13 14 15 16 17 18

9. Ln work experience (yrs) -.06

10. Coding languages: non-core .15 .10

11. Coding languages: core .21 .16 .41

12. Employee refer .17 .15 .02 -.03

13. Prior ties (dummy) .12 .11 .04 -.01 .44

14. Ln prior ties .16 .17 .10 .02 .40 .73

15. Intern -.19 -.16 .02 -.05 .01 .04 .06

16. Contractor -.06 -.04 -.06 -.06 -.04 -.02 .04 -.02

17. Team avg - indegree .08 .06 .07 .03 .04 .10 .10 -.02 -.04

18. Team avg - outdegree .06 .02 .07 .03 .03 .10 .06 .00 -.06 .77

19. Team avg - reciprocated ties .06 .03 .06 .06 .05 .09 .07 -.03 -.04 .88 .85

20. Team avg - autonomy .09 .08 -.03 -.11 -.05 .01 -.05 -.01 -.03 .09 .06

21. Acquisition .05 .01 .04 .10 -.15 -.14 -.08 -.03 -.02 -.17 -.20

22. SysAdmin .10 .05 .10 -.03 -.06 -.03 -.07 -.06 -.03 .18 .24

23. UI .07 .07 -.01 .07 .04 -.05 .03 -.01 -.02 .01 -.02

24. Ops -.07 -.08 -.07 .04 -.04 -.09 -.06 .01 .10 -.12 -.12

25. Tools .06 .06 -.04 -.11 .02 .07 .08 .04 .01 .11 -.02

26. Research -.02 .00 -.07 -.06 .04 .06 .07 .11 -.02 -.10 -.13

27. Indegree1 .01 -.04 .07 .06 -.01 .00 .00 .01 .01 .26 .24

28. Outdegree1 -.02 -.07 .06 .04 -.03 .03 -.01 .01 -.02 .18 .28

29. Reciprocated ites1 -.04 -.09 .08 .08 -.01 .01 .00 .02 .02 .22 .21

30. Autonomy1 .11 .08 .03 -.03 -.03 .04 .01 -.03 -.01 .17 .20  
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Table 3: Descriptive statistics - Independent measures and control variables (cont.) 
Variable 19 20 21 22 23 24 25 26 27 28 29

20. Team avg - autonomy -.01

21. Acquisition -.18 .20

22. SysAdmin .24 .14 -.04

23. UI .01 -.12 -.03 -.05

24. Ops -.08 -.31 -.03 -.05 -.04

25. Tools -.02 -.02 -.05 -.13 -.09 -.10

26. Research -.08 -.03 .07 -.05 -.03 -.04 -.10

27. Indegree1 .31 -.02 -.11 .25 .11 -.03 -.09 -.11

28. Outdegree1 .22 .03 -.10 .21 .06 -.06 -.11 -.12 .75

29. Reciprocated ites1 .29 -.07 -.11 .22 .11 -.01 -.14 -.11 .92 .78

30. Autonomy1 .14 .27 -.06 .18 -.04 -.18 -.03 -.01 .43 .52 .33

1 - These variables represent average values across the five time periods considered in analyses reported 

Correlations greater than .09 or less than -.09 significant at p<.01. Correlations greater than .07 or less than -

.07 significant at p<.05.  
 

5.1 Centrality 

 For each time period (month 3, 6, 9, 12 and 18) and each measure of centrality 

(indegree, outdegree and reciprocated ties), I estimate six separate models. The first 

model includes the control variables only, which are then included in all subsequent 

models. The second and third models focus on individual attributes and include the 

measures of intellectual endowment and social endowment, respectively. The fourth and 

fifth models focus on team and job characteristics and include the team-level measures 

and the dummies for jobs, respectively. The sixth model includes all measures along with 

the control variables. For ease of presentation, the tables below feature only the final 

model from each of the five periods, although differences between models within time 

periods are addressed where appropriate. For reference, each set of six models for each of 

the five time periods is presented in Appendix 2. 

 

5.1.1 Indegree 

 Individual attributes: The results from the full models for indegree centrality at 

periods 3, 6, 9, 12 and 18 appear in Table 4. These models provide little support for 

Proposition 1 that people who enter the network with greater knowledge and expertise 

will be more central in the network. Hypothesis 1A predicted a positive effect on 

centrality for education, but the coefficients for Ph.D. and Master’s degree are non-

significant or only marginally significant. In addition, where level of education does 

exhibit marginal significance (see model 5), the effect is in the opposite direction of the 

hypothesis. With the exception of model 2, the sign on the coefficients for both Ph.D. and 

Master’s is negative in all models, suggesting that people with these advanced degrees 

may in fact be less central, although skepticism is in order given the non-significance. 

Models 2 and 4 provide some evidence in support of hypothesis 1B which predicts 

greater centrality for people with more years of job experience; the coefficient on the 

measure is significant at p<.05 at these two points in time. The models provide 

effectively no support for hypothesis 1C however, which predicted greater centrality for 

people with greater facility with coding languages. Neither of these variables is 

significant at any point in time, with the exception of the measure of core coding 



 

 57 

languages which is marginally significant in model 2, although again the sign is in the 

opposite direction. 

 The models do not provide much support for Proposition 2 either which also 

addresses individual-level factors, predicting that people who enter the network with 

prior connections to people already in the network will have greater centrality than 

people who enter knowing no current employees. Nearly all variables measuring prior 

connections are non-significant, with only the dummy variable for being hired via 

employee referral registering anything more than marginal significance, and then only in 

model 4 – and in the opposite direction hypothesized. 

Team and job characteristics: In contrast to the propositions regarding the 

influence of individual attributes on network centrality, team and job characteristics show 

strong effects. In particular, the average indegree centrality of one’s team at time of entry 

into the organization has a persistent, positive effect on one’s own indegree centrality, 

thus providing support for hypothesis 3A. The effect is even more marked before the 

dummies for job are entered into the models (see Appendix 2 for details) although, as is 

clear from Table 4, the addition of the dummies attenuates but does not, in general, 

eliminate the effect of the indegree of one’s team on one’s own indegree.
20

 The effect of 

joining the firm through acquisition appears to fade after the first period, although the 

effect is in the predicted direction, thus providing limited support for hypothesis 3C. 

As noted above, the dummies that capture job-specific factors that might 

influence network position do indeed prove significant, although only for certain groups. 

As hypothesized in 4A, the coefficient on SysAdmin is highly significant across all 

periods. A similar effect can be observed in the opposite direction for people in Ops, in 

support of hypothesis 4B, although the effect is only observed in later periods (models 3 

through 5). Other teams, however, do not display the predicted effects, a result that may 

be due to the imprecision of the groupings, as discussed in the previous chapter. 

Robustness checks: The descriptive statistics discussed above indicate that 

multicollinearity might be a concern for these models. In variance inflation factor tests 

(VIF) on the full model for each period however, only once did a variable register a value 

as high as 3, although the mean VIF ranged from 1.4 to 1.5. The suggested rule of thumb 

for evaluating multicollinearity among predictors is no VIF above 10 and a mean VIF 

below 1 (Chatterjee, Hadi & Price 2006). These models clearly meet the first criterion but 

are marginal with regards to the second criterion. However, because multicollinearity 

brings with it the potential for higher standard errors thus reducing the likelihood of 

inferring significance where present, these results represent a conservative test of the 

hypotheses. 

 

                                                 
20

 The impact of this variable may be small, despite its significance. Because the dependent variable in this 

analysis is logged, the appropriate calculation involves exponentiating the coefficient. The non-linearities 

inherent in such an operation mean that the effect of any one variable depends upon the values of the other 

variables in the model for a given observation. Thus, if one considers only at the intercept – equivalent to 

holding all other variables at zero – the predicted effect for a one-unit change above the mean in the 

measure of team indegree, is very small: e
(1.15+(7.3*.015))

 = 3.52 vs. e
(1.15+(8.3*.015))

 = 3.58.   
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Table 4: OLS models: indegree at 3, 6, 9, 12 and 18 months from time of hire 
Model 1 Model 2 Model 3 Model 4 Model 5

Variable ln(indegree) ln(indegree) ln(indegree) ln(indegree) ln(indegree)

Constant 0.795*** 0.44 0.704** 1.152*** 2.129***

(0.22) (0.39) (0.34) (0.32) (0.65)

Ln changelists written 0.0705*** 0.142*** 0.106*** 0.126*** 0.103***

(0.02) (0.02) (0.02) (0.02) (0.03)

Ln changelists reviewed 0.449*** 0.325*** 0.389*** 0.388*** 0.414***

(0.03) (0.02) (0.03) (0.02) (0.03)

Ln network size -0.0858*** -0.0549 -0.0682 -0.118*** -0.211***

(0.03) (0.05) (0.04) (0.04) (0.08)

Ln team size -0.0137 0.00707 0.00114 0.00303 0.00143

(0.02) (0.02) (0.02) (0.02) (0.03)

Headquarters 0.0326 0.0322 0.0569 -0.00847 0.0163

(0.04) (0.04) (0.04) (0.03) (0.05)

Job level 0.0202 0.0189 0.00778 0.000979 -0.0331

(0.01) (0.02) (0.02) (0.02) (0.02)

Ph.D. -0.00374 -0.06 -0.0654 -0.0403 -0.0861*

(0.04) (0.04) (0.04) (0.05) (0.05)

Master's degree -0.00198 0.0268 -0.0456 -0.0405 -0.0153

(0.03) (0.03) (0.04) (0.03) (0.04)

Ln work experience (yrs) 0.000726 0.0562** 0.0395 0.0476** 0.014

(0.02) (0.02) (0.03) (0.02) (0.03)

Coding languages: non-core -0.00375 0.00372 -0.00176 -0.00252 -0.00217

(0.01) (0.01) (0.01) (0.01) (0.01)

Coding languages: core 0.00203 -0.0137* -0.00452 -0.00329 0.00491

(0.01) (0.01) (0.01) (0.01) (0.01)

Prior ties (dummy) 0.0429 0.0765 0.0308 0.00961 -0.0372

(0.04) (0.05) (0.05) (0.05) (0.06)

Ln prior ties -0.0410* -0.0333 -0.0135 -0.00409 0.0302

(0.02) (0.03) (0.03) (0.03) (0.04)

Employee refer 0.00591 -0.00423 -0.0415* -0.0721*** 0.0137

(0.03) (0.03) (0.02) (0.02) (0.05)

Intern -0.0831 0.0833 -0.00141 -0.0591 -0.0607

(0.08) (0.07) (0.08) (0.09) (0.11)

Contractor -0.0828 0.246 -0.0431 -0.0299 -0.103

(0.12) (0.15) (0.08) (0.10) (0.13)

Team indegree avg 0.000888 0.0114** 0.0142** 0.0147*** 0.0116*

(0.01) (0.00) (0.01) (0.00) (0.01)

Acquisition -0.144** -0.0811 -0.0847 -0.088 0.0275

(0.07) (0.06) (0.05) (0.08) (0.11)

SysAdmin 0.215*** 0.307*** 0.234** 0.245*** 0.264***

(0.06) (0.08) (0.09) (0.08) (0.06)

UI 0.00507 -0.0115 0.0426 0.0278 -0.0359

(0.06) (0.09) (0.08) (0.09) (0.14)

Ops -0.165 -0.167* -0.276** -0.315*** -0.305**

(0.12) (0.10) (0.14) (0.10) (0.13)

Tools 0.00523 0.0126 -0.0695 0.0197 0.0198

(0.03) (0.03) (0.04) (0.03) (0.06)

Research -0.0181 0.0151 -0.0399 -0.0925 -0.0631

(0.06) (0.05) (0.05) (0.07) (0.14)

R-squared 804.00 804.00 804.00 804.00 530.00

Observations 0.76 0.76 0.73 0.71 0.65

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1, two-tailed test  
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5.1.2 Outdegree 

 Individual attributes: Table 5 presents results of the full models for outdegree with 

results that are substantially similar to those of indegree. The models provide very little 

support for Proposition 1 regarding the influence of knowledge and expertise on network 

centrality. Education – in this case, holding a master’s degree – is significant only in 

model 9 and the effect is negative, once again in opposition to the direction hypothesized 

in 1A. Prior work experience, however, does appear to positively influence network 

centrality, as suggested in 1B. The effect is strongly significant in model 7, but weakens 

and disappears in subsequent models. People with more years of work experience may 

send code to more unique others earlier in their tenures than those with less experience, 

all else being equal, but the leg up may not last. Contrary to hypothesis 1C, facility with 

coding languages has no meaningful effect. 

These models do suggest however that, in line with Proposition 2, knowing 

someone at the firm prior to beginning employment has a significant and positive effect 

on centrality, thus supporting hypothesis 2A. People with at least one prior relationship 

are more central in initial periods but again, the effect fades in later periods. Strong at 

three and six months, the effect attenuates in month nine and disappears by 12 months. 

Being referred for the job by an existing employee has no effect. Contrary to hypothesis 

2B, having worked as an intern has a significant negative effect on outdegree in the first 

period, but the effects is not sustained past that time. It may be that past interns rely 

initially on their relationship with the past internship sponsor, thus limiting their 

connections, but then branch out in later months. Contractors may engage in a similar 

pattern, as indicated by the marginal negative effects in models 6 and 7.  

Team and job characteristics: Turning to team and job characteristics, we observe 

as with the indegree models, strong effects for these measures. Hypothesis 3A is strongly 

supported by the significant effects of team-level outdegree on individual-level 

outdegree. This influence is not observed in the first period but is highly significant in 

subsequent periods, excepting the last one – although one should note the smaller number 

of observations available for the model at 18 months. The effect of joining the firm 

through acquisition (hypothesis 3C) is something of a puzzle. The coefficient appears is 

non-significant in initial periods, although in the hypothesized (negative) direction. 

However, by the last period (model 10), the coefficient on acquisition is both significant 

and has a positive sign. People joining through acquisition may experience a period of 

network “dormancy,” due in part to the lack of any team-level influence (people who join 

Initech through acquisition typically join with their already existing teams which, by 

definition, have no prior activity in the Initech coding network resulting in team-level 

averages of centrality equal to zero).  

Finally, the job characteristics addressed in hypotheses 4A and 4B display 

patterns similar to those of the models for indegree. The coefficient on SysAdmin is 

significant across all periods and displays roughly increasing size, thus supporting 

hypothesis 4A whereas the coefficient on Ops displays a similar pattern in the opposite 

direction, thus supporting hypothesis 4B. As was the case with indegree, other teams do 

not display the predicted effects in general, although both Tools and Research show the 

hypothesized negative sign in nearly all periods, with a significant effect for Tools in 

model 7. 
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Table 5: OLS models: outdegree at 3, 6, 9, 12 and 18 months from time of hire 
Model 6 Model 7 Model 8 Model 9 Model 10

Variable ln(outdegree) ln(outdegree) ln(outdegree) ln(outdegree) ln(outdegree)

Constant 1.199*** 1.164*** 0.943*** 1.175*** 1.992***

(0.20) (0.27) (0.35) (0.32) (0.55)

Ln changelists written 0.586*** 0.576*** 0.533*** 0.511*** 0.498***

(0.02) (0.02) (0.02) (0.02) (0.03)

Ln changelists reviewed -0.0663*** -0.0728*** -0.0204 -0.00625 0.0389

(0.02) (0.02) (0.02) (0.02) (0.03)

Ln network size -0.131*** -0.140*** -0.101** -0.0907** -0.204***

(0.03) (0.04) (0.04) (0.04) (0.07)

Ln team size -0.0251* -0.0165 -0.0306 -0.0268 0.0133

(0.01) (0.02) (0.02) (0.02) (0.03)

Headquarters 0.0255 0.0462 0.0023 -0.0454 -0.0158

(0.03) (0.04) (0.04) (0.04) (0.05)

Job level -0.0093 -0.0121 0.00871 -0.0222 -0.0264

(0.02) (0.01) (0.02) (0.02) (0.03)

Ph.D. 0.00366 0.0214 0.0158 -0.0352 -0.00662

(0.03) (0.04) (0.04) (0.06) (0.05)

Master's degree -0.0075 -0.00243 0.00978 -0.0711** 0.0714

(0.03) (0.04) (0.03) (0.03) (0.05)

Ln work experience (yrs) 0.0323 0.0698*** 0.0386* 0.0357* 0.00641

(0.02) (0.02) (0.02) (0.02) (0.03)

Coding languages: non-core -0.0103 -0.00021 -0.00686 0.00635 0.00192

(0.01) (0.01) (0.01) (0.01) (0.01)

Coding languages: core 0.0104* -0.00428 -0.0036 -0.00137 -0.000917

(0.01) (0.01) (0.01) (0.01) (0.01)

Prior ties (dummy) 0.0976** 0.127** 0.113* 0.00619 -0.024

(0.04) (0.05) (0.06) (0.05) (0.06)

Ln prior ties -0.0267 -0.0142 -0.0312 0.0112 0.0277

(0.02) (0.03) (0.03) (0.03) (0.05)

Employee refer 0.0288 -0.0367 -0.0286 -0.029 0.0129

(0.03) (0.03) (0.03) (0.03) (0.06)

Intern -0.164** 0.0427 0.00915 -0.0976 -0.155

(0.06) (0.09) (0.09) (0.11) (0.11)

Contractor -0.260* -0.112* 0.145 -0.0449 -0.0236

(0.15) (0.06) (0.13) (0.11) (0.11)

Team outdegree avg 0.00206 0.0161*** 0.0241*** 0.0175*** 0.00812

(0.00) (0.00) (0.00) (0.00) (0.01)

Acquisition -0.0498 -0.0539 -0.108 -0.201* 0.167**

(0.10) (0.06) (0.14) (0.11) (0.08)

SysAdmin 0.170*** 0.197*** 0.227* 0.191** 0.349***

(0.05) (0.06) (0.12) (0.09) (0.08)

UI -0.0948 -0.0699 0.0183 -0.0103 -0.116

(0.09) (0.05) (0.09) (0.05) (0.14)

Ops -0.237*** -0.306*** -0.303*** -0.325* -0.509***

(0.06) (0.09) (0.10) (0.17) (0.08)

Tools -0.000976 -0.0747** -0.0286 0.0289 -0.067

(0.03) (0.04) (0.05) (0.04) (0.06)

Research -0.0651 -0.0825 -0.142* -0.102 -0.0336

(0.05) (0.06) (0.08) (0.08) (0.10)

Observations 804 804 804 804 530

R-squared 0.81 0.80 0.72 0.70 0.66

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1, two-tailed test  
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Robustness checks: As with indegree, variance inflation factor tests (VIF) on the 

full model for each period registered only one variable with a value as high as 3, although 

the mean VIF ranged from 1.5 to 1.6. Again, the suggested rule of thumb for evaluating 

multicollinearity among predictors is no VIF above 10 and a mean VIF below 1 

(Chatterjee, Hadi & Price 2006). These models clearly meet the first criterion but are 

marginal with regards to the second criterion. However, we again regard the potential 

multicollinearity as providing for conservative tests of the hypotheses. 

 

5.1.3 Reciprocated ties 

 Individual attributes: Table 6 presents the models for reciprocated ties. Not 

surprisingly, given the close relationship between the measure for reciprocated ties and 

both indegree and outdegree, the pattern of results is much in line with those of the 

previous two sets of models. The models give no support for the hypotheses associated 

with Proposition 1, with no meaningfully significant effects for any of the measures of 

prior knowledge. Regarding social endowment (Proposition 2), having at least one prior 

tie is significant at 12 months (model 14) but in the opposite direction to that predicted by 

hypothesis 2A and having been referred for hire by an existing employee is again 

significant in only one period, this time the first, and again displays a negative 

coefficient, contrary to expectation. The coefficients on intern and contractor are never 

significant, providing no support for hypothesis 2B. 

 Team and job characteristics: The previously observed pattern of results for teach 

and job characteristics is attenuated in these models for reciprocated ties. Hypothesis 3A 

holds only weakly, with the average of number of reciprocated ties in one’s team have a 

statistically significant effect on one’s own count of reciprocated ties only at 12 months 

(model 14). The effect of joining the firm through acquisition (hypothesis 3C) tells a 

potentially interesting story, however. The early effects (model 12) are positive and 

significant, contrary to hypothesis. The result could indicate that people associated with 

acquisitions work in more well-established and reciprocal working relationships earlier in 

their tenures with Initech than do individually hired employees. The fact that this effect is 

so ephemeral – disappearing in model 13 and turning negative in model 14 – suggests 

that perhaps acquired employees quickly integrate into the rest of the firm. 

Finally, the job characteristics addressed in hypotheses 4A and 4B display 

patterns similar to those of the previous models for indegree and outdegree. The 

coefficient on SysAdmin is significant and positive across all periods, thus supporting 

hypothesis 4A whereas the coefficient on Ops displays a similar pattern in the opposite 

direction, thus supporting hypothesis 4B. As with previous models, other teams do not 

display the predicted effects in general, although both Tools and Research show the 

hypothesized negative sign in nearly all periods, with a significant effect for Tools in 

model 13. UI, however, has a significant negative effect at three months (model 11), 

contrary to hypothesis. 

Robustness checks: The models for reciprocated ties display the same results for 

tests of multicollinearity as the prior models. However, because the measure of 

reciprocated ties has a smaller mean across all time periods relative to indegree and 

outdegree, a count model may offer a more appropriate approach in this case. However, a 

series of negative binomial models (not reported here) shows a pattern substantially 

similar to those of the reported models with even stronger effects for the structural and  
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Table 6: OLS models: reciprocated ties at 3, 6, 9, 12 and 18 months from time of hire 
Model 11 Model 12 Model 13 Model 14 Model 15

Variable ln(recip) ln(recip) ln(recip) ln(recip) ln(recip)

Constant 0.422* -0.0592 -0.128 0.406 0.481

(0.22) (0.32) (0.27) (0.29) (0.45)

Ln changelists written 0.193*** 0.271*** 0.230*** 0.261*** 0.262***

(0.02) (0.02) (0.02) (0.02) (0.03)

Ln changelists reviewed 0.274*** 0.197*** 0.264*** 0.261*** 0.282***

(0.02) (0.02) (0.02) (0.02) (0.03)

Ln network size -0.0704** -0.0403 -0.0316 -0.0947*** -0.106**

(0.03) (0.04) (0.03) (0.03) (0.05)

Ln team size -0.00196 0.00196 0.00874 0.000901 0.0231

(0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.0605 0.0754** 0.0986*** 0.0234 0.0693*

(0.04) (0.03) (0.03) (0.03) (0.04)

Job level 0.0226 0.0124 0.00696 0.0111 -0.000124

(0.02) (0.02) (0.02) (0.02) (0.02)

Ph.D. -0.0273 -0.0179 -0.00124 -0.0217 -0.0629

(0.03) (0.04) (0.04) (0.04) (0.05)

Master's degree -0.00466 0.0249 0.0228 -0.0124 0.01

(0.03) (0.03) (0.03) (0.03) (0.04)

Ln work experience (yrs) -0.0222 0.0291 0.0206 -0.00644 -0.0289

(0.02) (0.02) (0.02) (0.02) (0.03)

Coding languages: non-core -0.00152 0.00246 0.00669 0.0106* 0.00432

(0.01) (0.01) (0.01) (0.01) (0.01)

Coding languages: core 0.00586 -0.000891 -0.0032 -0.00296 -0.000669

(0.01) (0.01) (0.01) (0.01) (0.01)

Prior ties (dummy) 0.0436 0.013 -0.0102 -0.0672** 0.0434

(0.03) (0.03) (0.03) (0.03) (0.05)

Ln prior ties -0.0913* 0.00627 0.00768 -0.0947 -0.0613

(0.05) (0.06) (0.07) (0.08) (0.10)

Employee refer -0.335*** 0.0437 0.0678 0.00105 0.0549

(0.11) (0.11) (0.07) (0.13) (0.11)

Intern -0.0351 0.0296 0.0157 0.00253 -0.031

(0.04) (0.05) (0.05) (0.05) (0.06)

Contractor -0.00346 0.0091 -0.0093 0.0231 -0.00089

(0.03) (0.03) (0.03) (0.02) (0.04)

Team avg - reciprocated ties -0.0108 0.00965 0.0190* 0.0217** 0.00723

(0.01) (0.01) (0.01) (0.01) (0.01)

Acquisition 0.0562 0.197*** 0.0232 -0.139*** 0.156

(0.09) (0.06) (0.14) (0.05) (0.09)

SysAdmin 0.164*** 0.177** 0.203* 0.202** 0.198***

(0.05) (0.09) (0.11) (0.09) (0.06)

UI -0.125** -0.0721 0.0834 0.0518 0.121

(0.06) (0.05) (0.06) (0.07) (0.11)

Ops -0.0974* -0.112* -0.249*** -0.232* -0.369***

(0.06) (0.06) (0.05) (0.12) (0.09)

Tools -0.0166 -0.0696* -0.0877** -0.019 -0.0719

(0.03) (0.04) (0.04) (0.04) (0.05)

Research -0.0528 0.0605 -0.0962 -0.0944 -0.103

(0.04) (0.05) (0.07) (0.08) (0.16)

Observations 804 804 804 804 530

R-squared 0.71 0.77 0.74 0.74 0.70

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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functional determinants addressed in Propositions 3 and 4. In particular, the coefficients 

on SysAdmin remain positive and significant across all periods whereas those for Ops are 

negative and significant across all periods. Furthermore, the results for the influence of 

one’s team (hypothesis 3A) are further strengthened while the pattern for acquisition 

(hypothesis 3B) is largely confirmed as well. In contrast, the negative binomial models 

reveal that tears of prior work experience may play a role in determining reciprocated 

ties, although only the significance and not the direction of the effects is changed in these 

additional models. 

 

5.1.4 Summary and discussion 

The above models offer a fairly consistent pattern of evidence. Taken together, 

they provide much stronger support for the effect of team and job characteristics on 

network centrality (Propositions 3 and 4) than they do for arguments related to individual 

attributes (Propositions 1 and 2). Contrary to prediction, the coefficients on the measures 

of knowledge and ability were frequently negative, when they were significant at all. 

Measures of prior relationship were also rarely significant and sometimes negative, the 

key exception being the models for outdegree where knowing at least one person prior to 

start was associated with greater centrality in early periods. In contrast, the support for 

hypotheses related to team factors (the position of one’s team at time of entry) and job-

related factors (requirements of one’s specific job) was present across all variables and 

most time periods. The evidence suggests that individuals have the greatest opportunity 

to exercise agency in shaping their network positions when they choose their jobs and 

their managers (and thus their teams). 

Another compelling story emerges from the above data as well, albeit one told by 

the control variables. In reviewing the above models, one of the strongest and most 

consistent results across all time periods and all measures of centrality relates to network 

activity. In short, the coefficients on the measures of code writing and code reviewing 

indicate that one’s level of activity in the network – that is, writing and reviewing code – 

has a strong influence on the size of one’s network. For writing code, the effect is 

consistently positive with the largest effect appearing in relations to the outdegree 

measure of centrality. That is, the more code one writes, the more unique others one 

engages in its review. This effect holds even in the presence of departmental dummies 

that capture the influence of job requirements.  

The results with regards to reviewing code are somewhat more nuanced. 

Reviewing code has a strong, positive effect on indegree – reviewing more code is 

associated with reviewing for more unique others – but a negative effect on outdegree. 

The negative effect on outdegree attenuates and then drops from significance after the 

first six months, but suggests that people may engage in one type of network activity at 

the expense of another, particularly in the initial months after hire. With regards to the 

number of reciprocated ties a person has, reviewing and writing both have positive and 

significant effects, with the effects being roughly equal and fairly stable through all 

periods. 

 The result is not as obvious as it might seem at first glance. Writing and reviewing 

a great deal of code does not necessarily require working with many different people; 

high-volume authors and reviewers may simply exchange large volumes of code with the 

same people. Informants at Initech indicate that such situations are not only possible, but 
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even likely. Some teams at Initech work on projects that require frequent updating while 

other teams work on infrastructure projects that have much longer development cycles. 

Thus, people working in certain groups are more likely to make smaller, more frequent 

changes than people in other groups who may make changes far less frequently. These 

project-specific dynamics fall outside the job characteristics captured by the dummy 

variables as the coefficients on the coding activity variables do not change substantially 

when the dummies are entered into the models (see Appendix 2 for detail). Consequently, 

it would appear that some people build their networks through sheer volume.  

Interestingly, the size of the whole network size has a consistently negative effect 

on individual-level measures of centrality, although the effect is not always significant. In 

short, the size of the network as a whole appears to exert downward pressure on the size 

of individual networks. This fact may result from conditions present in the organization at 

different points in time. That is, unlike most other variables in the model (excepting the 

measures of writing activity and reviewing activity, which also change over time), the 

measure of network size shifts from period to period. The measure is, however, always 

increasing and the observed effect of the measure is always negative. Consequently, the 

measure for network size is not likely capturing any period-specific shocks to the 

organization. Instead, one could infer that, rather than expanding relational opportunities, 

increasing network size results in people closing into tighter and more limited clusters. 

Faced with a broader and broader array of possibilities, people develop a smaller, more 

tight-knit set of relations. 

One final note with regards to control variables merits mention. In separate 

analyses (not reported here), I tested the effect on the models of removing the control for 

job level. Predictably, given the correlation between job level and years of prior work 

experience (see Table 3), the variance inflation factor scores indicated a decrease in 

multicollinearity. The significance and the size of the coefficient for the measure of years 

of prior work experience also increased. These results raise an interesting question for 

further research: does the skill or knowledge gained from prior work result in increased 

centrality, or does centrality come from the expectations and responsibilities associated 

with a position of greater seniority? While beyond the scope of present analyses, the 

question does provide avenues for further study. 

In summary, position in the code review network as measured by indegree and 

outdegree centrality appears to be largely determined by one’s team and one’s job, 

although one’s own participation in the network independent of these two factors appears 

to play a strong role as well. However, we see little evidence in support of either 

intellectual or social endowments present at time of entry playing a role in shaping 

network centrality – except insofar as those attributes may dictate the teams and the jobs 

a person joins in the first place. That said, the job with the strongest positive effect on 

centrality (systems administration) displays a strong negative correlation with both 

educational attainment and job level, thus echoing earlier findings with regards to the 

power of lower participants (Mechanic 1962). Still, the issue remains as to whether the 

same factors play a role in shaping network autonomy. I now turn to the results of the 

models examining precisely this question.  
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5.2 Autonomy 

 As with the models for network centrality, I estimate six separate models for 

autonomy at each of the five time periods (see Table 7). Again, the complete set of 

models is presented in Appendix 2 for reference while I address only the full models for 

each time period here. The careful observer will notice the change in the number of 

observations used in estimating each of the models below, as compared to the number of 

observations in the centrality models. As discussed in the previous chapter, the reduction 

follows from the fact that while a zero count for number of ties has meaningful 

interpretation – that is, a person has no network activity and, consequently, no centrality 

– the interpretation of network autonomy in the presence of no network activity is less 

clear. One could argue both that such a person has complete autonomy (lacking any 

connections, the person has no constraint) and that such a person has no autonomy 

whatsoever (lacking any connections, the person has no access to resources). 

Consequently, I treat autonomy as undefined in the absence of network activity and 

exclude from the analysis those people for whom autonomy is undefined in any of the 

five analysis periods.
21

 This logic extends to the team-level measure as well. Absent any 

team-level network activity, is a person exposed to a team that’s completely autonomous 

or completely lacking in autonomy? Again, I treat the lack of a team-level measure of 

autonomy as missing instead of as 0 or 1 and exclude from the analysis the 36 affected 

individuals.
22

 

 Individual attributes: The pattern of results that emerges from the models in Table 

7 echoes that of the previous centrality models. Limited support is found for Proposition 

1: while neither education (hypothesis 1D) nor facility with coding languages (hypothesis 

1F) are significant predictors, people with greater work exhibit greater autonomy 

(hypothesis 1E) at least initially. The effect fades at nine months (model 18) and then 

disappears, but it holds strongly for the first half year of a person’s tenure with the firm 

(models 16 and 17). These results suggest that people with prior experience enjoy greater 

initial freedom, but do not typically sustain that advantage. The models provide 

effectively no support for Proposition 2 that prior social connections at time of entry to 

the network increase network autonomy. Strangely, being referred for hire by an existing 

employee and having worked at the firm as a contractor are both significant at nine 

months (model 18), although in opposite directions (decreasing and increasing autonomy, 

respectively) and only during that period. Absent a more consistent pattern, it is difficult 

to discern the extent to which the effect indicates a substantive phenomenon or is an 

artifact of the data. 

 

                                                 
21

 In separate analyses, I included in the models the available observations from people whose measures 

were undefined in other periods. The pattern of results remained substantially similar. 
22

 In another set of analyses, I included these 36 individuals. This inclusion resulted in the coefficient on 

team-level autonomy falling out of significance in all but the second period (Model 17). The pattern of 

results for other variables was substantially similar, with somewhat stronger effects for the departmental 

dummies. The decreased significance of the team-level measure is not surprising as inclusion of the 36 

cases with a value set to either 1 or 0 skews an otherwise normally distributed measure.  
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Table 7: OLS Models of autonomy at 3, 6, 9, 12 and 18 months from time of hire 
Model 16 Model 17 Model 18 Model 19 Model 20

Variable autonomy autonomy autonomy autonomy autonomy

Constant 1.157*** 0.925*** 0.628*** 0.531** 0.736**

(0.20) (0.22) (0.23) (0.21) (0.29)

Ln changelists written -0.0108 0.0217* 0.0377*** 0.0398*** 0.0204

(0.01) (0.01) (0.01) (0.01) (0.01)

Ln changelists reviewed -0.0611*** -0.0601*** -0.0406*** -0.0403*** -0.0224

(0.01) (0.01) (0.01) (0.01) (0.01)

Ln network size -0.0705*** -0.0646*** -0.0398 -0.0178 -0.0469

(0.02) (0.02) (0.02) (0.02) (0.03)

Ln team size -0.0257*** -0.00874 0.00784 -0.00196 0.00855

(0.01) (0.01) (0.02) (0.01) (0.02)

Headquarters -0.0137 0.0286 0.0256 0.0171 0.0354

(0.02) (0.02) (0.02) (0.02) (0.03)

Job level -0.0175* -0.0138 -0.00126 0.00262 0.0121

(0.01) (0.01) (0.01) (0.01) (0.01)

Ph.D. 0.0152 0.00326 0.0114 -0.0204 -0.0289

(0.02) (0.02) (0.02) (0.02) (0.02)

Master's degree -0.0081 -0.00532 -0.0164 -0.019 0.011

(0.02) (0.02) (0.02) (0.02) (0.02)

Ln work experience (yrs) 0.0375*** 0.0368*** 0.0228* 0.0135 -0.00492

(0.01) (0.01) (0.01) (0.01) (0.01)

Coding languages: non-core -0.00667* 0.00512 -0.0000526 0.00216 -0.00138

(0.00) (0.00) (0.00) (0.00) (0.00)

Coding languages: core -0.000814 -0.00656 0.00207 0.000956 0.00766

(0.00) (0.01) (0.01) (0.01) (0.01)

Prior ties (dummy) 0.0354 0.0198 0.00707 0.00628 -0.00665

(0.03) (0.03) (0.03) (0.03) (0.03)

Ln prior ties -0.00325 0.000202 -0.00395 0.00102 0.0166

(0.01) (0.01) (0.02) (0.02) (0.02)

Employee refer -0.0118 -0.0284* -0.0346** -0.0164 -0.0228

(0.02) (0.02) (0.02) (0.02) (0.02)

Intern -0.00315 0.0471 0.0012 -0.0772 -0.04

(0.04) (0.04) (0.04) (0.05) (0.06)

Contractor 0.055 0.131*** 0.134** 0.072 0.0382

(0.08) (0.04) (0.05) (0.07) (0.08)

Team autonomy avg 0.249** 0.361*** 0.328*** 0.315*** 0.280***

(0.11) (0.10) (0.11) (0.11) (0.10)

Acquisition -0.0837 -0.0314 -0.309** -0.0696 -0.0868**

(0.10) (0.09) (0.14) (0.06) (0.04)

SysAdmin 0.0882*** 0.0846*** 0.0872** 0.0569 0.0920***

(0.03) (0.03) (0.03) (0.04) (0.03)

UI -0.0671 -0.0233 -0.00875 -0.0679*** -0.0608

(0.06) (0.04) (0.02) (0.02) (0.04)

Ops -0.0487 -0.0682* -0.0829** -0.114* -0.131***

(0.05) (0.03) (0.03) (0.06) (0.04)

Tools 0.00449 -0.0178 -0.0481* -0.00528 -0.0375

(0.02) (0.02) (0.03) (0.02) (0.03)

Research 0.0334 -0.0185 -0.0428 0.013 0.0884**

(0.05) (0.05) (0.03) (0.06) (0.04)

Observations 663 663 663 663 436

R-squared 0.24 0.16 0.12 0.10 0.12

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1, two-tailed test  
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 Team and job characteristics: The effects for team and job variables (Propositions 

3 and 4) find greater support in the models. The autonomy of one’s team at time of entry 

is highly significant in all periods, thus supporting hypothesis 3B. The effect of joining 

the firm as part of an acquisition is negative, in line with hypothesis 3D, but significant 

only at nine months and 18 months (models 18 and 20, respectively). In contrast, the 

influence of one’s job is fairly consistent over time. The coefficient on SysAdmin is 

highly significant in all but model 18 while Ops largely increase in both effect size and 

significance period over period. These results support both hypotheses 4C and 4D. The 

coefficient on UI also gains strength over time, becoming significant at one year (model 

19), although the sign runs contrary to hypothesis. As with previous models, Tools and 

Research are not significant, although the move to a positive sign on the coefficient for 

Research plus the marginal significance hints at another opportunity for future 

exploration. It may be that the exploratory nature of R&D outweighs the insular work 

patterns of the job.  

 

5.2.1 Summary and discussion 

The extent of the concordance between the models of autonomy and those of 

centrality is not entirely surprising. Increases in the size of a person’s network also 

increase that person’s autonomy, particularly in sparse networks (Burt 1992). Thus, 

factors associated with either an increase or a decrease in the size of a person’s network 

are likely to be associated with an increase or a decrease in a person’s autonomy as well. 

More surprising is the lack of evidence for any individual-level factors having an 

influence on network autonomy. Implicit within much of the discussion of brokerage and 

autonomy is the idea that a person can exercise some level of agency in constructing his 

or her network; network position isn’t just something that “happens.” Instead, people can 

and do take specific actions to shape the sets of relationship that constitute their 

networks.  

Measures of intellectual and social endowment are not the same as measures of 

intent or motivation, however. Perhaps what one brings to the table matters far less than 

how one puts those goods on display. Some individuals may be particularly motivated to 

seek out and establish relationships with people beyond the boundaries of their own 

teams. Burt et al. (1998) find some support for this argument in observing a correlation 

between acting as bridges and having personalities described as “independent outsiders 

(vs. conforming and obedient insiders), in search of authority (vs. security), thriving on 

advocacy and change (vs. stability)” (Burt et al. 1998:76). Such an orientation is not 

captured explicitly by the variables in these models and offers another avenue for future 

research. To the extent that such an orientation is a stable psychological trait as opposed 

to a learned behavior, the issue of determinants of network position once again falls 

outside the control of the individual. As with the results for centrality, the most important 

act of self-determinism a person can exercise may be in selecting job and team. 
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6. Conclusion 

Social networks have been the object of a recent uptick in interest, as evidenced 

by exponential growth in the number of published papers (Borgatti & Foster 2003). The 

publication boom is not surprising: firms’ competitive advantage increasingly relies on 

the development of new knowledge by their employees. Furthermore, scholars have 

started to describe knowledge creation as the product of social interactions among 

individuals, both within firms and across organizations, as opposed to isolated effort 

(Brown & Dugid 2000). This conception of the source of competitive advantage stands in 

sharp contrast to the assertions of earlier scholars who argued that advantage flowed from 

economizing on information exchange. Tasks were to be broken down into simpler 

components (Simon 1962) and relationships streamlined within carefully constructed 

reporting hierarchies (Graicunas 1937).
23

 Scholars today, writing in different economic 

times, entertain the idea of a “network” form of organization (Powell 1990) to contrast 

with classical conceptions of markets and hierarchies (Williamson 1973, 1981). The 

complexity of such a form, with its lateral communication patterns and shared obligations 

may be well-adapted to knowledge-based firms, “where participants possess fungible 

knowledge that is not limited to a specific task but applicable to a wide range of 

activities” (Powell 1990:324). 

With this dissertation, I aimed to provide some insight into how the networks that 

transmit information take shape and, by extension, offer firms strategies for developing 

and sustaining the networks that lie at the core of innovation. In so doing, I helped inform 

a long-standing debate about how some people come to occupy certain preferential 

network position while others do not. Finally, I have made use of a novel dataset to 

provide a dynamic picture of work relations within a firm, a picture not previously 

available in the literature. 

The results of the analyses paint a consistent picture as to the determinants of 

position in the code review network for software engineers: one’s team and one’s job at 

time of entry play the strongest roles in determining one’s subsequent centrality and 

autonomy. I find little to no evidence in support of a role for either intellectual 

endowment (educational attainment, years of previous work experience, coding ability) 

or social endowment (pre-employment relationships with other employees present at time 

of entry). Indeed, while non-significant, results were frequently opposite the 

hypothesized direction for individual attributes. As noted above, the strong evidence on 

the influence of job- and team-related factors suggests that individuals have the greatest 

opportunity to shape their network positions when they choose their jobs and their 

managers, and thus their teams. I should also reiterate, however, the finding that network 

activity also matters. That is, one can increase both centrality and autonomy through the 

brute force of writing a great deal of code. 

 

6.1 Beyond software engineering 

The code writing and reviewing practices at the core of this study are not unique 

to Initech. Rather, they reflect industry standard. Such practices should be found in 

common use at other software firms, making the results generalizable to, at the very least, 

firms forged in the same Silicon Valley mold as Initech.  

                                                 
23

 Burns and Stalker’s work on organic organizations offers a notable exception to this line of argument. 
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The comparisons need not be so limited, however. Like many of the firms that 

constitute today’s high tech sector, Initech bears greater resemblance to consulting and 

professional services firms than to manufacturers. These organizations share a focus on 

knowledge creation and application and engage in generative acts where the interests of 

efficiency are typically subjugated to those of innovation. Thus, conclusions from this 

study are unlikely to extend to companies that are more tightly structured or whose 

success depends on the reliable replication of a product or service (Hannan & Freeman 

1984). Furthermore, Initech occupies an industry characterized by rapid change and thus 

great environmental uncertainty. Industries characterized by greater predictability may 

not find much generalizability in this study. Consequently, Initech more likely resembles 

other knowledge-intensive and creative enterprises (cf. Fleming 2002; Hargadon & 

Sutton 1997) than large manufacturing concerns (Burt 1992).  

The distinction between knowledge-intensive firms and manufacturing concerns 

is not necessarily clean-cut, however. Many high tech firms have nominally tangible 

outputs in the form of shrink-wrapped software or web-based services, although their 

greatest value lies in knowledge creation and innovation. In addition, manufacturing 

concerns often have R&D or design departments that may function differently from the 

company as a whole (Obstfeld 2005). Even Silicon Valley firms renowned for their 

innovation like Intel and HP also produce printers, chips and other concrete products. 

Still, those firms still devote a substantial portion of their resources to building the 

knowledge required to manufacture the memory cards, chip sets, MP3 players and laser 

printers. Thus, while these results may not be generalizable to all departments of a firm, 

they should still stand at least in part. 

 

6.2 Data advantages and limitations 

The data at the core of this study offer a number of unique advantages. First, the 

data are extremely fine-grained: each changelist indicates a unique interaction. Thus, I am 

able to reliably measure interaction frequency and derive a continuous measure of tie 

strength, as opposed to more common, dichotomous measures of “weak” and “strong.” 

This fact results in a far more reliable measure of autonomy. Most studies of autonomy 

depend on the focal individual’s report of the existence and strength of ties among his or 

her connections in order to calculate the measure, a technique likely prone to error. My 

data allow me to calculate these measures based exclusively on observational data. 

Second, the directional nature of the data enables differentiation between outwardly-

directed interactions (authoring code) and inwardly-directed interactions (reviewing 

code). Thus, I directly and reliably observe both one-way and two-way relationships and 

need not develop decision rules for inferring presence or absence of a relationship based 

on self-report survey data as is a common practice with such data. Third, the nature of the 

interaction is well-understood: two people involved in a code review transaction are 

involved in co-work. Consequently, the nature of the relationship is well-understood. 

Such is not the case with other large network datasets, particularly those derived from 

email (Kossinets & Watts 2009; Kleinbaum et al. 2009). What one can reliably infer 

about the relationship between two people who swap email at work is unclear. Finally, in 

being observational rather than self-reported, these data have the advantage of 

eliminating a particular bias that often results from asking people to name their contacts. 

As Alba (1982) notes, “Who do you …?” questions are status laden, and respondents will 
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tend to name contacts whose status is higher than or equal to their own. (Davis 1970) 

Furthermore, as mentioned above, studies of network constraint typically rely on study 

participants to report on the level of interaction among their self-reported ties. Using 

observational data allows calculation of this key variable without the error that might be 

come from participants’ lack of full knowledge of the interactions among their ties.  

The data are not without their limitations, however. First, code reviews do not 

map the entire social network of the firm, nor even of engineering. These data capture 

only the workflow network. We do not observe relationships that might exist outside of 

these work-specific transactions, such as non-work related activities that nevertheless 

take place at the office (e.g., wine clubs, sports teams). Furthermore, engineering 

managers and product managers rarely submit code for review and thus appear in the 

sample only infrequently. Individuals in these roles tend to interact with a large number 

of others who, by nature of the work, are more likely to be in different workgroups or 

functions. Thus, their absence from the dataset removes some of the organization’s most 

central figures, meaning those who are more likely to provide connections between 

otherwise disconnected individuals. It may be that these individuals provide the 

mechanism by which key connections are formed. They may be the crucial connective 

tissue within networks. These limitations may lead to an incomplete specification of a 

person’s network, which may in turn result in incomplete measures of constraint. 

However, relationships that follow from non-work activities and relationships with 

engineering and product managers likely decrease constraint. Thus, measures taken 

exclusively on the work-flow network constitute a conservative test of the hypotheses 

ventured. 

 

6.3 Directions for future research 

In addressing a long-standing debate, this dissertation raises a number of areas for 

further research. With regards to the role of individual attributes, some work has linked 

various personality constructs with network position at particular points in time (Burt, 

Jannotta & Mahoney 1998; Kalish & Robins 2006; Klein et al. 2004; Mehra, Kilduff & 

Brass 2001). Discussions of autonomy in particular imply a certain level of agency and 

deliberate action on the part of actors in achieving their positions (Burt 1992). These 

concepts of motivation and intent are distinct from the measures of intellectual and social 

endowment that I use to capture individual-level determinants and may be key to 

understanding individual influence on network formation. Furthermore, while personality 

may play a role in shaping networks directly, they may do so through more subtle 

mechanisms also, acting as amplifiers for other aspects of the individual. For example, a 

person who possesses only moderate expertise in a particular area but who is especially 

out-going and gregarious my find the returns to her knowledge greatly increased by the 

fact that she is well-known to others and readily approached for consultation (Borgatti & 

Cross 2003). 

Regarding team and job characteristics, the strong results for the effects of role 

requirements on subsequent network position suggest an opportunity for further 

investigation. A more detailed and nuanced typology of position – as opposed to the 

approximation based on informant advice and accounting codes used in this study – could 

help to separate effects more reliably. In addition, Initech has a practice of assigning 

recent college graduates hired to the firm, particularly those coming directly from 
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undergraduate programs, to the team in which they are most needed at the time they 

begin employment. This practice eliminates some of the issues with possible selection 

effects and, in combination with a more detailed job typology, could help isolate the job-

specific effects. Another possible approach would be to examine the changes in network 

position that follow from people changing jobs within the firm.  

Considering the possible effects on network position both of motivation and intent 

and of job requirements raises an intriguing question: can people be trained to build better 

networks? Many a business school course rests on the implicit assumption that people 

may exercise agency in shaping their personal networks. The strong findings for job 

characteristics suggest otherwise, but the absence of dispositional measures disallows 

strong conclusions. An experimental approach may be especially fruitful here, with a 

randomly selected subset of new hires to a firm assigned to training on developing one’s 

network. Differences over time between the treatment and the control groups would be 

telling. 

Turning to the measures of positions themselves, many additional research 

opportunities arise from the consideration of other operationalizations. Betweenness 

centrality, a close cousin of autonomy, could be used to identify those people in the 

network who help hold the network together and provide important structural bridges 

(Granovetter 1973). Furthermore, unlike with measures of constraint and autonomy, 

betweenness relies on the entire network for calculation. The data reported in this study 

cover the entire network, but also contain detailed information on the strength and 

persistence of each tie, thus supporting the use of emerging measures of bridging that 

better capture the dynamic nature of this position in evolving networks (Valente & 

Fujimoto 2010). As bridging ties are both particularly volatile (Burt 2000) and 

particularly important to innovation (Burt 2004; Hargadon & Sutton 1997), capturing the 

dynamics of bridging could provide insight to firms seeking to sustain competitive 

advantage. 

The topic of volatility suggests another area for additional investigation with 

regards to measures of position. Because the history of social network analysis rests, by 

necessity, on single snapshots of data, measures of network position do not typically 

consider the extent to which the people at the other end of the ties may change over 

time.
24

 For example, do some people maintain high levels of degree centrality by 

sustaining a large number of relationships with the same people, while others churn 

through many different relationships from one time to the next? Do these two distinct 

means for achieving high centrality have different paths of origin? Perhaps the job-

specific effects on network position observed in this study relate only the temporary ties. 

The development of a persistence-weighted degree centrality measure could provide 

further nuance serve to these findings.  

Finally, an especially rich research program suggested by these results involves 

the addition of outcome measures to the data. That is, conditional on factors that lead one 

to occupy a particular position in the network, what benefits accrue to the individual? 

Does increased autonomy indeed result in superior career outcomes (Burt 1992), once 

one has controlled for the forces of origin? Combining the idea of persistence-weighted 

measures noted above, one could also test the effects of churn in one’s network – that is, 

                                                 
24

 Studies of dyadic relations offer notable exceptions (Kossinets & Watts 2009; Lincoln & Gerlach 2004; 

Rider 2009). 
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the extent to which one maintains stable ties versus high levels of turnover in one’s work 

partners – on individual outcomes.  

In closing, I would offer one final observation. That is, the increasing availability 

of fine-grained, longitudinal data on interactions among people in the workplace offers 

substantial opportunities for furthering both organizational theory and the methods by 

which such theory is developed and tested. The computational requirements of these data, 

however, will continue to push the field towards increasing collaboration across 

disciplines. Such collaborations pose unique challenges in bridging across substantially 

different world view but, as has been hinted at in this study, offer potentially rich 

rewards. 
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8.  Appendix 1: Social networks in organizations 

 The influence of social relations on performance and success within organizations 

is well-documented. A large and still growing body of research illustrates the effect of an 

actor’s relationships on outcomes as varied as the sources and accumulation of power 

(Bonacich 1987; Freeman 1977), processes of change (Johnson-Cramer, Parise & Cross 

2007), the emergence and development of leaders (Cross & Thomas 2008), the dynamics 

of promotion and advancement (Burt 1992; Podolny & Baron 1997), creativity (Perry-

Smith 2006), team performance (Hansen 1999, 2002; Reagans & Zuckerman 2001) and 

employee retention (O’Reilly & Roberts 1977).  Scholars have investigated these effects 

at individual, group and organizational levels of analysis, with many findings proving 

robust across levels.  

In this chapter, I explore how social network analysis has come to be a useful tool 

for developing insight into organization phenomena. I trace the relevant history of 

network analysis and how the confluence of advancements within the social and physical 

sciences, together with the advent of Internet technologies and ever-increasing computing 

power, have enabled advancements in insight and techniques. I also address the 

contributions that network science has made to understanding formal organizations and 

how these insights have particular importance for firms deriving their value from 

knowledge and innovation.  

 

8.1 Social network analysis as a lens on organizational phenomena  

The success of online social networking sites (e.g., Facebook, MySpace, 

LinkedIn) has muddied popular understanding of social networks and their analysis, the 

phrase being now near-synonymous with the web sites themselves. Yet social networks 

may encompass relationships well beyond simply who is friends with whom. In fact, in 

research on social networks, friendship – often inferred as the “social” part of the phrase 

– may play no role whatsoever in a given study. The word “social” merely connotes that 

the objects of study are people or clusters of people, rather than the worm brain cells or 

electric power grids that have been the objects of study in the broader field of network 

science (cf. Newman 2003 and Borner, Sanyal & Vespignani 2007 for comprehensive 

reviews). Studies in the more general network science, a super-set of social network 

analysis, have examined computers linked via data transmission over the Internet 

(Huberman 2001), substations linked by the transfer of electricity (Watts & Strogatz 

1998), predators and prey in an ecosystem (Dunn, Williams & Martinez 2002), airports 

connected by flight routes (Amaral et al. 2000), cities connected by the U.S. interstate 

highway system (Kalapala, Clauset & Moore 2006), and patents connected by citations of 

prior art (Jaffe & Trajtenberg 2002), to name just a few of the many empirical settings to 

which researchers have applied network science. 

The distinguishing characteristic of all of these network studies – social and 

otherwise – is the existence of a set of units (computers, substations, organisms, airports, 

cities, patents) and a set of relations connecting those units (data transmission, electricity, 

predation, plane flights, road traffic, foreign citations). Whereas other analytical 

approaches examine the characteristics of the units themselves in order to understand 

important outcomes – an approach Barton (1968:1) describes as being akin to a biologist 

“putting his experimental animals through a hamburger machine and looking at every 

hundredth cell through a microscope” – network analysis focuses explicitly on the nature 
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and pattern of connections. The approach “transcend[s] the limitations of the prevalent 

model of quantitative social science, namely the statistical analysis of random samples, 

which present[s] a view of the world without a social structure beyond that provided by 

social categories, such as race and sex, and the aggregates of individuals they imply” 

(Alba 1982:40). Transcendent or not, a network approach certainly provides a useful lens 

for examining the interactions among individuals rather than just the individuals 

themselves. Understanding these interactions is of particular interest to scholars whose 

main concern centers on that particular conglomeration of individuals, the formal 

organization. 

Scholars of formal organizations have long held an interest in conceptualizing and 

understanding the form and formation of societies, of which formal organizations are an 

important component. For those who focus on the interconnections that form the 

scaffolding of formal organizations, the story goes back to the origins of sociology. 

Freeman (2004:14) begins his colorful history of the field of social network analysis with 

Auguste Comte, describing him as “the first scholar I could find that proposed a way of 

looking at society in terms of the interconnections among social actors.” He goes on to 

describe other scholars of the late nineteenth century who “embraced Comte’s structural 

perspective” (p.14), including Toennies’ (1985/1936) characterization of traditional 

versus modern social forms as comprising personal ties based on shared values 

(gemeinschaft) versus formal ties based on instrumental purposes (gesellschaft), 

Durkhiem’s (1893/1964) description of modern society as a set of interrelated 

components functioning much like biological systems, and of course Simmel’s 

(1908/1971) conception of sociology as the “study of the patterning of interaction” 

(Freeman 2004:16). All of these concepts found ready application in the study of 

organizations and the individuals who comprise them. 

However, testing and extending this theoretical work required tools for gathering 

and working with data. Scholars in the field of developmental and educational 

psychology created methods of observation and direct questioning to study patterns of 

play and friendship choice among children, finding considerations of homophily to be a 

significant driver of these choices (Freeman 1996). Such work was made even more 

concrete in the “sociograms” of Jacob Moreno (1934) who developed these graphical 

representations of relations among individuals in order to understand a spate of runaways 

at a girls’ school in upstate New York. His visual depiction of relationships illustrated the 

data he gathered, also accomplished through observation and direct questioning and made 

inferences more readily apparent. Moreno used his “sociograms” to argue that the 

impetus to run away resulted from information flows among the girls rather than any 

factors particular to the girls’ personalities.  

Later work further explored the idea of how patterns of connections among 

individuals influence information flow and, consequently, coordination of efforts 

(Bavelas 1948). A series of experiments on group communication conducted at MIT 

during the late 1940s and early 1950 demonstrated that the pattern of connections among 

a group of individuals could influence both individual and group behavior. Teams of five 

subjects were given a task to complete relying only on written communication (Leavitt 

1951). Furthermore, the channels of communication – that is, who could send messages 

to whom – were explicitly defined. The configuration of these channels of 

communication were systematically varied across groups with some groups patterned in a 
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“Y” shape, some in a circle, others in a straight chain and still others in hub-and-spoke 

configuration. Measures of accuracy and speed proved the Y pattern to be the most 

accurate while the hub-and-spoke was the fastest. However, Leavitt also administered a 

survey to capture perceptions of task enjoyment and leadership emergence. From his 

data, he argued that the superior productivity and accuracy of particular configurations 

were a function of having a logical integrator whose position in the pattern minimized the 

distance of every other person to himself – that is, these groups had a central individual. 

He further suggested that these central individuals experienced greater independence of 

action as a function of their positions and consequently greater satisfaction with the task 

than more peripheral individuals. “It is our feeling that centrality determines behavior by 

limiting independence of action [by the group], thus producing differences in activity, 

accuracy, satisfaction, leadership, recognition of pattern, and other behavioral 

characteristics” (Leavitt 1951:49). Leavitt’s work foreshadowed a great deal of the 

research that followed in subsequent decades in which scholars aimed to conceptualize 

other types of patterns, positions within those patterns, and the influence of those 

positions on outcomes and behaviors. 

The implications of Leavitt’s work for organizations are as obvious as they are 

intriguing. Proscribing particularly efficient channels of communication may affect rates 

of task completion and accuracy, but at a cost to worker engagement and satisfaction. 

Clearly, other key considerations may be in play, not least of which are the type of work 

and the type of worker, yet broader and more nuanced analyses were at the mercy of 

available methods. Conveniently, advances in mathematics during this same period made 

possible the analysis of data about relationships. Specifically, matrix algebra was applied 

to formalize ideas regarding group structure (Luce & Perry 1949) and graph theory 

emerged as a distinct branch of mathematics (Harary 1959; Erdos & Renyi 1959), thus 

enabling still greater formalization (e.g., Cartright & Harary 1956). These advances also 

laid the foundation for studies of relationships within organizations. Without the more 

sophisticated tools offered by matrix algebra and graph theory, one had to rely on 

diagrams, such as Moreno’s sociograms, for conveying information. These mathematical 

tools enabled the derivation of measurements that could then be subject to statistical 

analysis. 

Together with new experimental approaches, these tools led to insights beyond 

the small groups amenable to direct observation. The 1950s and 1960s also saw the 

continued application of network analysis to the study kinship systems (Bott 1957; Nadel 

1957; White 1963) as well as to the study of cities and communities. Most famous among 

the efforts during this period are the “small world” experiments of Stanley Milgram 

(Milgram 1967; Milgram & Travers 1969). Milgram found that a message required an 

average of six steps to hop from a set of randomly selected individuals in Nebraska to a 

stockbroker in Massachusetts. Each Nebraskan was instructed to send the letter directly 

to the stockbroker if the stockbroker was known personally or, if not, to forward the 

message to a person contact that he or she judged to be closer to the stockbroker. This 

finding is the source of the concept of “six degrees of separation,” although Milgram 

himself never used that particular phrase. His findings would be later extended into 

theories about the sources of creativity and the mechanisms of information flow within 

organizations (Uzzi & Spiro 2005; Hansen 1999, 2002). 
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Before these theories could be developed and tested however, one thing was 

missing. Milgram’s work may have addressed the pattern of relationships in the entire 

nation, but he was nonetheless constrained by the computer technology of the time. The 

matrix manipulations required for network analysis are computationally intensive, and 

become exponentially more so with the size of the network under consideration. The 

advent of readily available computing power during the 1970s altered the playing field 

and fueled yet another expansion of research, and not just in the size of group under 

consideration. More mathematically intensive manipulations were possible and led to the 

formalization of measures such as the identification of subgroups within a network 

(Holland & Leinhardt 1970; Bonacich 1972) and of prominent individuals within a 

network (Lorraine & White 1971; Freeman 1977). Such advances provided useful tools 

for studying connections among individuals within organizations – e.g., how people 

clustered together and who informal leaders were. More importantly, the 1970s brought 

the creation of software programs that put these techniques within reach of many more 

researchers. The early programs typically served a single function (finding groups, 

identifying structural positions, or counting pairs and triples) and featured bold, all-caps 

names like BLOCKER, COMPLT, CONCOR and STRUCTURE. But their existence 

meant that more people could use the techniques, thus setting the stage for rapid growth 

in the field, and for the application of these techniques in organizations.  

Many insights and contributions followed in the subsequent three decades, and 

interest in understanding patterns of connections spilled over into other fields. In 

particular, researchers working in the physical and biological sciences have made 

substantial contributions. The aforementioned studies of power grids, patent citations, 

worm brains and food webs have all contributed to the understanding of connections 

among individuals as well. Researchers in the physical scientists frequently have pushed 

the empirical and computational boundaries of the broader field of network science, 

working with larger and larger datasets. Their work has led to insights including the 

mathematical formalization of the small world phenomenon (Watts 1999a, 1999b) and 

models of network resilience to removal of nodes (Albert, Jeong & Barabasi 1999). 

Furthermore, as Borgatti et al. (2009) point out, social scientists and physical scientists 

frequently have different goals for their work: “In the physical sciences, it has not been 

unusual for a research paper to have as its goal to demonstrate that a series of networks 

have a certain property.” In contrast, as the authors go on to say, social scientists typically 

expect variation in network measures and expect that variation to explain differences in 

important outcomes for nodes or networks. 

Still, one should also exercise some caution in applying network science in 

general to social network analysis specifically. As noted above, the empirical settings of 

network science can involve objects and organisms far afield from humans and their 

social constructions. More importantly, some findings of network science do not 

necessarily apply when humans, as opposed to worm brain cells or Internet servers, are 

the objects of study (Newman & Park 2003). Unlike computers and worm brains, people 

tend to gather in groups and communities and to gather based on their similarity to one 

another on particular parameters. In addition, connections among people are frequently 

facilitated by their affiliation with particular organizations, such as places of employment 

(Feld 1981). Furthermore, people are far more limited in their capacity to initiate and 

sustain connections with others than are, say, Internet servers (Barabasi & Albert 1999; 
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Mayhew & Levinger 1976). These differences come into stark relief when comparing 

social networks (networks made up of people) to non-social networks.  

 

8.2 Key concepts 

Networks of people are precisely my focus in this dissertation. Before proceeding 

to a more detailed description of my field site however, a few definitions are in order. 

Terminology presents one of the greater challenges in understanding social network 

techniques as applied to studying organizational phenomena. This challenge follows not 

so much from the difficulty of the language itself, but rather from its volume. Researchers 

far too frequently drown their audiences in seas of arcane terms. The interdisciplinary 

nature of the field has further confused the situation due to different word uses and 

preferences among scholars from different fields. As a result, insights often become 

swamped by vocabulary. While I aim to keep vocabulary to a minimum, a few definitions 

are of value.  

Networks, actors and relations: While seemingly obvious, the definition of social 

network itself offers a reasonable place to start. Fortunately, a great deal of consensus 

exists on this topic (Lincoln 1982). As discussed above, the term typically refers to “a 

well-defined set of actors – individuals, groups, organizations, even communities and 

whole societies – which are linked to one another through a set of social relationships” 

(Lincoln 1982:2). In their classic treatise, Wasserman & Faust (1994:20) define a social 

network as “a finite set of sets of actors and the relation or relations defined on them.” A 

particularly often-cited definition can be found in Laumann et al. (1978:458) describing a 

social network as “a set of nodes (e.g., persons, organizations) linked by a set of social 

relationships (e.g., friendship, transfer of funds, overlapping membership) of a specified 

type.”  

Aspects of these definitions require some explication. First, all allude to the issue 

of boundaries – being “finite” or “well-defined.” One must be able to identify who or 

what can be “in” the network versus out of it. Drawing such boundaries can be a non-

trivial task. For example, at Initech Lab, employees are clearly “in,” but what of interns, 

contractors or temporary workers? Second, the definitions refer to actors and relations. 

These terms are purposefully generic. Actors may be sports teams within a league, 

departments within a corporation, public service agencies within a city or even entire 

nations within the global community. At Initech, I am concerned primarily with 

individuals, but could also define a work team as the actor. Relations, often called ties, 

can include kinship, transfer of resources, joint affiliation with the same club or event, 

reporting structures, and evaluations such as trust (as in, “I trust Jean”). In my study, I 

apply the term quite specifically: the primary relation linking an actor (an individual) is 

co-work, particularly that of writing and reviewing computer code.  

It bears mentioning that while I focus on this one particular link among 

individuals, the types of potential interrelations are obviously many. Borgatti et al. 

(2009:894) present a useful typology for characterizing the various social relations 

typically studied via network methods, specifically: kinship role (mother of, sibling of); 

other role (friend of, boss of); affective (admires, trusts); and cognitive (knows about). 

The authors also note that similarities (same office, same meeting attendance, same job), 

interactions (sent email, gave advice) and flows (resources, beliefs) constitute additional 

types of relations studied in social network analysis. A given pair of individuals may 



 

 89 

share in multiple types of social relations and be linked by multiple similarities or 

interactions, a condition described as multiplexity. Distinct relations may be measured 

separately then aggregated into a single network (Burt 1992), or one may consider the 

different patterns formed by these different connections to draw quite nuanced inferences 

about outcomes (Podolny & Baron 1997; Lincoln & Kurkoski 2009). I should emphasize 

that at Initech, as with any organization, many distinct social relations and interactions 

are present. However, I restrict my analysis exclusively to co-work among software 

engineers. 

 Properties of networks: Several statistical measures enable the characterization of 

the pattern of interrelations among people in an organization or, more generically, actors 

in a network. Such measures address questions about the overall level of interaction 

among actors and the extent to which people clump together in sub-groups. In the case of 

the former, average shortest path length captures how “far away” everyone in an 

organization is from one another. The shortest path is simply the smallest number of 

intervening connections between Person X in an organization and Person Y. If X knows J 

and J knows G and G knows Y, then the path between X and Y is of length three. 

However, if X and Y know one another directly, then the shortest path between them is 

of length one. Therefore, the average shortest path length is simply the average of all of 

the lengths between all of the pairs of people in an organization. Conceptually, the 

measure quantifies the closeness of interconnection among organizational members. In 

both random networks and real-world networks, small shortest average path lengths are 

fairly common (Watts & Strogatz 1998).  

However, people are not simply scattered at random throughout an organization 

with a connection here and a connection there. Rather, one typically finds small groups of 

people quite tightly interconnected with a only a link or two connecting these small 

groups. The clustering coefficient describes this phenomenon. Taken together, a small 

average shortest path length measure and a large clustering coefficient describe the type 

of network that displays the “small world” properties first identified by Milgram (Watts 

& Strogatz 1998; Milgram & Travers 1969). Such a combination of properties has 

particular implications for knowledge-based organizations such as my field site, Initech, 

as small world networks have been shown to be associated with creativity and innovation 

(Uzzi & Spiro 2005). 

 Properties of actors: When considering the properties associated with actors in a 

network (or, in the case of this study, individuals in an organization), one typically thinks 

of attributes such as gender, ethnicity, firm tenure, or organizational role. However, the 

use of social network analysis enables the specification of attributes derived from the 

patterns of connections themselves. As Leavitt (1951) and Bavelas (1948) did in their 

work in identifying “central” actors, an individual’s position can be taken to mean the 

way that person is embedded within a pattern of connections (Lincoln 1982). That pattern 

can be an entire organization. For my purposes, I am particularly interested in measures 

that capture preferential access to information, typically variations on Leavitt’s and 

Bavelas’s conceptions of centrality.  

Properties of relations: Just as one may further qualify actors by identifying 

particular attributes, relations themselves may also be qualified beyond the content that 

defines them. Perhaps the most common descriptor of a relation is that of strength, 

typically defined in terms of frequency and duration of interaction and/or emotional 
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intensity (Granovetter 1973). Scholars have suggested that strong ties build shared norms 

and facilitate trust, cooperation and willingness to help, thus supporting smoother work 

within groups (Coleman 1988; Reagans & McEvily 2003). However, weak ties may 

provide access to less redundant information than might be present in a group of people 

who interact primarily with each other (Burt 1992; Hansen 1999). In both cases, the 

distinction between strong and weak ties has important theoretical implications for 

research in organizations, as Lincoln (1982) notes, particularly with regards to 

information transfer. 

In addition to strength, one may also describe the direction of a tie. For some 

kinds of relations, describing direction makes little sense. For example, if Brian works 

with Andrea, Andrea clearly works with Brian – their tie is symmetric. However, for 

other types of relations, asymmetries are inherent. For example, if Andrea supervises 

Brian, Brian cannot supervise Andrea. In yet other types of relations, a tie could one-

directional or it could be reciprocal. In the case of friendship, Andrea may consider Brian 

to be a friend, but Brian may not share the sentiment. 

 

8.3 Conclusion 

 Analyzing the social networks within an organization has proven a useful 

approach to understanding important organizational phenomena at multiple levels of 

analyses. Furthermore, scholars have found that these networks can be used not only as 

means of examination but also as causal explanation. Still, many questions remain to be 

answered, particularly around the formation and evolution of connections among 

individuals.  

 Recent advances in information technology have made for far richer studies than 

have been previously possible, as made clear in the foregoing discussion. Knowledge-

intensive organizations rely particularly heavily on such technologies in the course of 

day-to-day work. Consequently, such firms are prime candidates for illuminating the role 

of social networks within organizations. I examine one such firm. 
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9.  Appendix 2: Supporting figures and tables 

 

Table 8: Descriptive statistics with per-period measures for time-varying variables 
Variable 1 2 3 4 5 6 7 8 9 10 11 12

1. Ln CLs written - month 3

2. Ln CLs written - month 6 .69

3. Ln CLs written - month 9 .56 .76

4. Ln CLs written - month 12 .49 .63 .76

5. Ln CLs written - month 18 .44 .51 .60 .67

6. Ln CLs reviewed - month 3 .72 .54 .42 .38 .31

7. Ln CLs reviewed - month 6 .65 .80 .64 .55 .42 .66

8. Ln CLs reviewed - month 9 .58 .71 .79 .64 .50 .53 .78

9. Ln CLs reviewed - month 12 .51 .60 .68 .76 .51 .45 .63 .77

10. Ln CLs reviewed - month 18 .45 .52 .58 .62 .77 .38 .52 .62 .68

11. Ln network size - month 3 -.02 .02 .06 .08 .11 -.01 .04 .01 .08 .09

12. Ln network size - month 6 -.02 .03 .07 .08 .10 -.01 .05 .02 .08 .10 .98

13. Ln network size - month 9 -.02 .03 .07 .07 .09 -.01 .06 .03 .08 .09 .97 .99

14. Ln network size - month 12 -.02 .02 .06 .08 .10 -.01 .05 .02 .08 .09 .98 .98

15. Ln network size - month 18 .00 .05 .11 .11 .10 .01 .08 .02 .08 .11 .96 .99

16. Ln team size .08 .11 .06 .06 .00 .05 .11 .08 .07 .06 -.17 -.17

17. Headquarters .15 .13 .07 .05 .07 .18 .17 .11 .11 .11 -.05 -.06

18. Job level -.15 -.19 -.23 -.18 -.23 -.11 -.15 -.16 -.14 -.14 -.11 -.09

19. Ph.D. -.18 -.19 -.18 -.20 -.09 -.18 -.18 -.20 -.22 -.10 -.01 .00

20. Master's degree .03 .04 .06 .07 .02 .01 .01 .03 .03 .00 -.01 .00

21. Ln work experience (yrs) -.07 -.12 -.15 -.12 -.25 -.03 -.05 -.08 -.06 -.16 -.06 -.04

22. Coding languages: non-core .07 .06 .04 .03 -.01 .08 .07 .05 .03 -.02 .01 .02

23. Coding languages: core .05 .06 .05 .04 -.01 .09 .10 .06 .09 .06 .07 .07

24. Employee refer -.02 .02 -.01 .01 -.06 .00 .02 .05 .05 -.02 -.05 -.04

25. Prior ties (dummy) .03 .03 -.03 .00 -.02 .02 .02 .03 .03 -.05 .02 .03

26. Ln prior ties -.01 -.01 -.05 .00 -.05 .01 -.01 .02 .02 -.06 .02 .02

27. Intern .04 .05 .06 .07 .13 .07 .03 .07 .06 .08 .00 .00

28. Contractor .02 -.03 -.03 -.03 -.03 .08 .02 .00 .00 -.06 -.08 -.09

29. Team avg - indegree .17 .17 .10 .11 .04 .15 .18 .15 .13 .10 .02 .01

30. Team avg - outdegree .20 .20 .15 .15 .08 .13 .15 .14 .13 .10 .01 .00

31. Team avg - reciprocated ties .25 .25 .17 .18 .08 .21 .24 .21 .19 .14 .01 .00

32. Team avg - autonomy -.15 -.17 -.16 -.16 -.12 -.20 -.19 -.18 -.17 -.19 -.14 -.14

33. Acquisition -.18 -.19 -.13 -.15 -.16 -.09 -.14 -.16 -.16 -.16 .02 .01

34. SysAdmin .14 .06 .08 .06 .01 .10 .12 .09 .08 .03 .06 .07

35. UI .08 .10 .10 .10 .05 .07 .07 .10 .09 .10 -.14 -.14

36. Ops .09 .02 .05 .06 .09 .13 .06 .08 .08 .12 -.01 -.02

37. Tools -.06 -.07 -.12 -.16 -.12 -.04 -.06 -.10 -.13 -.09 .04 .05

38. Research -.18 -.18 -.13 -.10 -.09 -.13 -.14 -.12 -.07 -.08 .02 .02

39. Indegree - month 3 .58 .44 .34 .30 .21 .74 .52 .43 .37 .27 -.07 -.06

40. Indegree - month 6 .61 .65 .52 .45 .35 .56 .72 .61 .51 .42 .01 .02

41. Indegree - month 9 .55 .57 .59 .50 .38 .43 .57 .69 .59 .49 -.01 -.01

42. Indegree - month 12 .51 .52 .55 .57 .40 .39 .53 .60 .67 .52 -.01 -.02

43. Indegree - month 18 .43 .45 .50 .51 .52 .30 .43 .51 .55 .63 -.01 -.01

44. Outdegree - month 3 .76 .53 .43 .37 .27 .48 .48 .43 .36 .26 -.08 -.07

45. Outdegree - month 6 .49 .64 .52 .43 .36 .32 .46 .45 .38 .35 -.03 -.02  
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Variable 1 2 3 4 5 6 7 8 9 10 11 12

46. Outdegree - month 9 .37 .47 .57 .45 .43 .24 .33 .43 .38 .42 .01 .01

47. Outdegree - month 12 .42 .49 .54 .65 .48 .27 .40 .46 .50 .45 .01 .00

48. Outdegree - month 18 .25 .30 .34 .37 .50 .12 .25 .27 .27 .36 -.03 -.02

49. Recip ties - month 3 .71 .49 .37 .33 .28 .75 .55 .45 .39 .34 -.02 -.02

50. Recip ties - month 6 .61 .72 .57 .50 .42 .53 .71 .62 .54 .47 .01 .01

51. Recip ties - month 9 .54 .59 .65 .53 .41 .44 .57 .68 .58 .49 .02 .02

52. Recip ties - month 12 .49 .53 .58 .66 .47 .38 .52 .60 .68 .54 .01 .00

53. Recip ties - month 18 .45 .48 .53 .57 .64 .32 .44 .52 .56 .66 .02 .01

54. Autonomy - month 3 -.18 -.13 -.12 -.11 -.12 -.32 -.21 -.16 -.16 -.16 -.12 -.11

55. Autonomy - month 6 .04 -.06 .00 .02 .00 -.09 -.19 -.06 -.04 -.03 -.11 -.11

56. Autonomy - month 9 .11 .06 .07 .11 .04 -.04 -.06 -.04 .03 .02 -.09 -.09

57. Autonomy - month 12 .12 .09 .10 .08 .05 -.03 .00 .01 -.02 .03 -.04 -.03

58. Autonomy - month 18 .08 .10 .13 .14 .07 -.01 .03 .06 .05 .00 -.07 -.07  
 

Variable 13 14 15 16 17 18 19 20 21 22 23 24

14. Ln network size - month 12 .98

15. Ln network size - month 18 .99 .96

16. Ln team size -.17 -.16 -.15

17. Headquarters -.08 -.06 -.09 .09

18. Job level -.07 -.09 -.13 .12 .01

19. Ph.D. .00 .00 -.05 .04 .03 .30

20. Master's degree -.01 -.02 .06 .06 -.04 -.11 -.45

21. Work experience (yrs) -.02 -.05 -.11 .05 -.03 .68 .05 -.06

22. Coding languages: non-core .02 .01 .05 .07 -.03 .10 -.02 .09 .15

23. Coding languages: core .07 .07 .10 .03 -.04 .13 -.14 .10 .21 .41

24. Employee refer -.02 -.04 -.11 .03 .05 .22 .05 -.07 .17 .02 -.03

25. Prior ties (dummy) .04 .03 -.09 .07 .11 .19 .11 -.05 .12 .04 -.01 .44

26. Ln prior ties .03 .02 -.09 .12 .15 .30 .16 -.07 .16 .10 .02 .40

27. Intern .00 .01 .01 .00 .02 -.17 .03 -.01 -.19 .02 -.05 .01

28. Contractor -.09 -.08 -.08 .00 .07 -.06 .02 -.08 -.06 -.06 -.06 -.04

29. Team avg - indegree .00 .01 -.04 .35 .29 .01 -.05 -.01 .08 .07 .03 .04

30. Team avg - outdegree .00 -.01 -.04 .25 .09 -.07 -.06 -.01 .06 .07 .03 .03

31. Team avg - reciprocated ties -.01 -.01 -.06 .27 .26 -.03 -.11 .00 .06 .06 .06 .05

32. Team avg - autonomy -.14 -.14 -.10 -.12 -.07 .04 .02 .01 .09 -.03 -.11 -.05

33. Acquisition .00 .01 .07 -.05 -.14 .03 -.04 .00 .05 .04 .10 -.15

34. SysAdmin .06 .06 .06 -.07 -.01 -.12 -.11 -.03 .10 .10 -.03 -.06

35. UI -.13 -.13 -.08 .07 .07 .08 -.03 .00 .07 -.01 .07 .04

36. Ops -.02 -.01 -.02 -.01 .12 -.08 -.08 .00 -.07 -.07 .04 -.04

37. Tools .04 .04 .04 .18 .14 .09 .08 -.02 .06 -.04 -.11 .02

38. Research .02 .02 -.01 .05 .05 .04 .15 -.13 -.02 -.07 -.06 .04

39. Indegree - month 3 -.06 -.07 -.05 .06 .15 -.03 -.12 -.02 .05 .09 .04 -.01

40. Indegree - month 6 .03 .01 .00 .08 .16 -.07 -.20 .03 .06 .06 .07 .03

41. Indegree - month 9 .00 .00 -.06 .07 .13 -.11 -.17 -.01 .01 .07 .05 .01

42. Indegree - month 12 -.01 -.01 -.04 .09 .12 -.08 -.18 -.01 .03 .06 .07 -.02

43. Indegree - month 18 -.01 -.01 -.01 .07 .13 -.13 -.16 .03 -.07 .03 .01 -.02

44. Outdegree - month 3 -.07 -.08 -.06 .04 .10 -.07 -.13 .00 .05 .07 .00 .00

45. Outdegree - month 6 -.02 -.03 -.05 .04 .08 -.09 -.10 .00 .01 .05 .04 .00  
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Variable 13 14 15 16 17 18 19 20 21 22 23 24

46. Outdegree - month 9 .03 .02 -.03 .00 .03 -.11 -.07 -.01 -.01 .02 .02 -.03

47. Outdegree - month 12 .00 .01 .00 .03 .03 -.10 -.14 -.02 -.01 .06 .05 -.03

48. Outdegree - month 18 -.03 -.03 -.03 .01 -.01 -.13 -.11 .09 -.08 .05 .02 -.03

49. Recip ties - month 3 -.01 -.02 -.01 .04 .16 -.08 -.16 .01 .00 .09 .05 .02

50. Recip ties - month 6 .02 .01 .00 .08 .17 -.11 -.18 .02 .00 .09 .09 .02

51. Recip ties - month 9 .03 .03 -.04 .05 .13 -.11 -.16 .03 -.02 .07 .08 .00

52. Recip ties - month 12 .00 .01 .00 .07 .13 -.09 -.18 .03 -.02 .05 .08 -.01

53. Recip ties - month 18 .00 .00 .01 .04 .14 -.14 -.14 .03 -.14 .02 .02 -.02

54. Autonomy - month 3 -.10 -.12 -.11 -.07 -.08 .04 .07 -.04 .11 -.03 -.12 .02

55. Autonomy - month 6 -.11 -.12 -.14 -.02 .02 .04 .01 -.01 .11 -.01 .00 -.02

56. Autonomy - month 9 -.08 -.08 -.11 .00 .03 .02 .02 -.04 .09 .04 -.02 -.06

57. Autonomy - month 12 -.02 -.04 -.07 .02 .00 .04 -.01 -.03 .08 .05 .01 -.03

58. Autonomy - month 18 -.08 -.08 -.07 .06 .05 .02 -.01 .05 .04 .08 -.01 .00  
 

Variable 25 26 27 28 29 30 31 32 33 34 35 36

26. Ln prior ties .73

27. Intern .04 .06

28. Contractor -.02 .04 -.02

29. Team avg - indegree .10 .10 -.02 -.04

30. Team avg - outdegree .10 .06 .00 -.06 .77

31. Team avg - reciprocated ties .09 .07 -.03 -.04 .88 .85

32. Team avg - autonomy .01 -.05 -.01 -.03 .09 .06 -.01

33. Acquisition -.14 -.08 -.03 -.02 -.17 -.20 -.18 .20

34. SysAdmin -.03 -.07 -.06 -.03 .18 .24 .24 .14 -.04

35. UI -.05 .03 -.01 -.02 .01 -.02 .01 -.12 -.03 -.05

36. Ops -.09 -.06 .01 .10 -.12 -.12 -.08 -.31 -.03 -.05 -.04

37. Tools .07 .08 .04 .01 .11 -.02 -.02 -.02 -.05 -.13 -.09 -.10

38. Research .06 .07 .11 -.02 -.10 -.13 -.08 -.03 .07 -.05 -.03 -.04

39. Indegree - month 3 .01 -.01 .02 .07 .16 .16 .23 -.05 -.08 .20 .03 .03

40. Indegree - month 6 .05 .02 .02 .03 .25 .21 .30 -.05 -.11 .25 .07 -.02

41. Indegree - month 9 .02 .02 .01 -.01 .26 .23 .29 -.03 -.12 .22 .11 -.04

42. Indegree - month 12 .01 .01 -.02 .00 .26 .23 .28 -.01 -.12 .23 .10 -.04

43. Indegree - month 18 -.02 -.01 .05 -.03 .19 .15 .20 -.02 -.11 .15 .09 -.01

44. Outdegree - month 3 .07 .02 -.02 -.02 .15 .20 .22 -.02 -.12 .22 .02 .00

45. Outdegree - month 6 .08 .03 .01 -.03 .19 .28 .22 .01 -.10 .14 .05 -.05

46. Outdegree - month 9 .02 -.01 .02 .00 .14 .29 .17 .02 -.09 .17 .05 -.05

47. Outdegree - month 12 .01 .00 .00 -.03 .18 .22 .21 .01 -.11 .20 .06 -.06

48. Outdegree - month 18 .00 -.02 .02 -.03 .08 .09 .09 .02 -.07 .13 .01 -.06

49. Recip ties - month 3 .03 .02 .01 .03 .12 .13 .21 -.09 -.08 .20 .03 .07

50. Recip ties - month 6 .05 .04 .01 .02 .19 .18 .28 -.09 -.08 .18 .08 .00

51. Recip ties - month 9 .01 .01 .02 .01 .21 .21 .27 -.07 -.10 .19 .10 -.03

52. Recip ties - month 12 .02 .01 -.01 .01 .21 .21 .26 -.05 -.12 .20 .09 -.01

53. Recip ties - month 18 -.01 -.03 .06 -.01 .15 .12 .17 -.05 -.11 .13 .12 .00

54. Autonomy - month 3 .07 .01 -.02 -.05 .03 .06 .01 .28 -.06 .13 -.08 -.15

55. Autonomy - month 6 .05 .02 .03 .00 .12 .15 .09 .21 -.02 .12 -.01 -.12

56. Autonomy - month 9 .00 -.03 -.02 .04 .14 .20 .13 .16 -.09 .15 .00 -.12

57. Autonomy - month 12 .01 .00 -.10 -.02 .19 .21 .17 .18 -.02 .13 -.05 -.15

58. Autonomy - month 18 .07 .06 -.04 .00 .17 .10 .14 .15 -.02 .15 -.06 -.17  
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Variable 37 38 39 40 41 42 43 44 45 46 47 48

38. Research -.10

39. Indegree - month 3 -.04 -.09

40. Indegree - month 6 -.06 -.10 .63

41. Indegree - month 9 -.10 -.08 .49 .78

42. Indegree - month 12 -.08 -.10 .45 .70 .84

43. Indegree - month 18 -.06 -.07 .27 .59 .71 .75

44. Outdegree - month 3 -.07 -.13 .60 .60 .54 .49 .34

45. Outdegree - month 6 -.08 -.11 .38 .63 .60 .56 .49 .58

46. Outdegree - month 9 -.09 -.08 .29 .49 .63 .57 .60 .40 .77

47. Outdegree - month 12 -.09 -.10 .34 .54 .65 .73 .64 .45 .63 .65

48. Outdegree - month 18 -.09 -.07 .14 .32 .36 .41 .57 .24 .37 .41 .54

49. Recip ties - month 3 -.08 -.11 .81 .61 .48 .42 .30 .66 .39 .29 .31 .16

50. Recip ties - month 6 -.11 -.09 .57 .88 .71 .65 .56 .58 .66 .48 .54 .35

51. Recip ties - month 9 -.12 -.09 .48 .73 .89 .76 .63 .52 .61 .68 .66 .35

52. Recip ties - month 12 -.11 -.09 .43 .65 .76 .87 .67 .47 .56 .56 .81 .40

53. Recip ties - month 18 -.12 -.08 .30 .55 .63 .68 .83 .36 .51 .60 .65 .61

54. Autonomy - month 3 .01 .02 .07 .07 .10 .10 .02 .29 .14 .11 .16 .10

55. Autonomy - month 6 -.02 -.01 .13 .30 .31 .27 .23 .25 .44 .35 .33 .13

56. Autonomy - month 9 -.07 -.02 .15 .28 .46 .38 .28 .26 .37 .48 .43 .17

57. Autonomy - month 12 -.02 -.02 .17 .29 .40 .45 .33 .26 .35 .38 .53 .31

58. Autonomy - month 18 -.04 .03 .11 .26 .34 .37 .50 .18 .29 .35 .41 .43

Variable 49 50 51 52 53 54 55 56 57

50. Recip ties - month 6 .60

51. Recip ties - month 9 .49 .75

52. Recip ties - month 12 .42 .66 .78

53. Recip ties - month 18 .35 .58 .66 .73

54. Autonomy - month 3 -.04 .02 .07 .06 -.03

55. Autonomy - month 6 .05 .19 .26 .22 .18 .44

56. Autonomy - month 9 .07 .19 .37 .31 .21 .37 .61

57. Autonomy - month 12 .09 .23 .33 .37 .26 .35 .46 .64

58. Autonomy - month 18 .08 .19 .25 .28 .40 .21 .36 .44 .54  
 

 



 

 95 

Table 9: OLS models of ln(indegree) – Period 3 
Variable (1) (2) (3) (4) (5) (6)

Constant 0.781*** 0.761*** 0.773*** 0.835*** 0.813*** 0.795***

(0.23) (0.23) (0.22) (0.23) (0.23) (0.22)

Ln changelists written 0.0833*** 0.0827*** 0.0807*** 0.0775*** 0.0757*** 0.0705***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.440*** 0.440*** 0.444*** 0.442*** 0.444*** 0.449***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln network size -0.0808*** -0.0778** -0.0813*** -0.0865***-0.0887*** -0.0858***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln team size -0.0174 -0.0163 -0.0147 -0.0281 -0.0139 -0.0137

(0.01) (0.02) (0.01) (0.02) (0.01) (0.02)

Headquarters 0.024 0.0251 0.0313 0.00579 0.0337 0.0326

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Job level 0.0156 0.00365 0.0159 0.0159 0.0180* 0.0202

(0.01) (0.02) (0.01) (0.01) (0.01) (0.01)

Ph.D. -0.0101 -0.00374

(0.04) (0.04)

Master's degree -0.00506 -0.00198

(0.03) (0.03)

Ln work experience (yrs) 0.025 0.000726

(0.02) (0.02)

Coding languages: non-core -0.00769 -0.00375

(0.01) (0.01)

Coding languages: core 0.00542 0.00203

(0.01) (0.01)

Prior ties (dummy) 0.0612 0.0429

(0.04) (0.04)

Ln prior ties -0.0456** -0.0410*

(0.02) (0.02)

Employee refer 0.00743 0.00591

(0.03) (0.03)

Intern -0.102 -0.0831

(0.08) (0.08)

Contractor -0.118 -0.0828

(0.12) (0.12)

Team avg - reciprocated ties 0.00617 0.000888

(0.01) (0.01)

Acquisition -0.140** -0.144**

(0.07) (0.07)

SysAdmin 0.233*** 0.215***

(0.05) (0.06)

UI -0.0031 0.00507

(0.07) (0.06)

Ops -0.172 -0.165

(0.12) (0.12)

Tools 0.00653 0.00523

(0.03) (0.03)

Research -0.0368 -0.0181

(0.05) (0.06)

Observations 804 804 804 804 804 804

R-squared 0.75 0.75 0.75 0.75 0.76 0.76

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 10: OLS models of ln(indegree) – Period 6 
Variable (7) (8) (9) (10) (11) (12)

Constant 0.384 0.412 0.297 0.5 0.436 0.44

(0.41) (0.42) (0.42) (0.41) (0.39) (0.39)

Ln changelists written 0.137*** 0.141*** 0.138*** 0.133*** 0.141*** 0.142***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.342*** 0.333*** 0.340*** 0.340*** 0.333*** 0.325***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.0431 -0.0387 -0.0388 -0.0577 -0.0568 -0.0549

(0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Ln team size 0.0177 0.0224 0.0196 -0.0118 0.0224 0.00707

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.0464 0.055 0.0469 0.00412 0.0568* 0.0322

(0.04) (0.04) (0.04) (0.04) (0.03) (0.04)

Job level 0.0310*** -0.00925 0.0356*** 0.0315*** 0.0363*** 0.0189

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. -0.0665* -0.06

(0.04) (0.04)

Master's degree 0.00878 0.0268

(0.03) (0.03)

Ln work experience (yrs) 0.0881*** 0.0562**

(0.03) (0.02)

Coding languages: non-core -0.00312 0.00372

(0.01) (0.01)

Coding languages: core -0.00638 -0.0137*

(0.01) (0.01)

Prior ties (dummy) 0.110** 0.0765

(0.05) (0.05)

Ln prior ties -0.0510* -0.0333

(0.03) (0.03)

Employee refer -0.00369 -0.00423

(0.03) (0.03)

Intern 0.0201 0.0833

(0.07) (0.07)

Contractor 0.157 0.246

(0.14) (0.15)

Team avg - reciprocated ties 0.0183*** 0.0114**

(0.00) (0.00)

Acquisition -0.0761 -0.0811

(0.06) (0.06)

SysAdmin 0.369*** 0.307***

(0.07) (0.08)

UI -0.0142 -0.0115

(0.09) (0.09)

Ops -0.179 -0.167*

(0.12) (0.10)

Tools 0.0206 0.0126

(0.03) (0.03)

Research -0.0308 0.0151

(0.04) (0.05)

Observations 804 804 804 804 804 804

R-squared 0.73 0.74 0.73 0.74 0.75 0.76

Robust standard errors in parentheses

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



 

 97 

Table 11: OLS models of ln(indegree) – Period 9 
Variable (13) (14) (15) (16) (17) (18)

Constant 0.593 0.637* 0.617 0.723* 0.574* 0.704**

(0.37) (0.37) (0.38) (0.37) (0.31) (0.34)

Ln changelists written 0.108*** 0.112*** 0.107*** 0.111*** 0.103*** 0.106***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.400*** 0.392*** 0.402*** 0.392*** 0.397*** 0.389***

(0.03) (0.03) (0.03) (0.02) (0.02) (0.03)

Ln network size -0.057 -0.0567 -0.0613 -0.0744 -0.059 -0.0682

(0.05) (0.05) (0.05) (0.05) (0.04) (0.04)

Ln team size 0.0107 0.0159 0.0113 -0.0251 0.0212 0.00114

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.0638 0.0685* 0.0686* 0.0138 0.0879** 0.0569

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Job level 0.0169 -0.0152 0.0187 0.0183 0.0202* 0.00778

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. -0.0738* -0.0654

(0.04) (0.04)

Master's degree -0.0533 -0.0456

(0.04) (0.04)

Ln work experience (yrs) 0.0679** 0.0395

(0.03) (0.03)

Coding languages: non-core -0.00522 -0.00176

(0.01) (0.01)

Coding languages: core 0.00304 -0.00452

(0.01) (0.01)

Prior ties (dummy) 0.0588 0.0308

(0.06) (0.05)

Ln prior ties -0.0254 -0.0135

(0.03) (0.03)

Employee refer -0.0365 -0.0415*

(0.02) (0.02)

Intern -0.0658 -0.00141

(0.08) (0.08)

Contractor -0.122 -0.0431

(0.10) (0.08)

Team avg - reciprocated ties 0.0220*** 0.0142**

(0.01) (0.01)

Acquisition -0.0344 -0.0847

(0.05) (0.05)

SysAdmin 0.322*** 0.234**

(0.08) (0.09)

UI 0.0418 0.0426

(0.08) (0.08)

Ops -0.309** -0.276**

(0.14) (0.14)

Tools -0.0618 -0.0695

(0.05) (0.04)

Research -0.0849* -0.0399

(0.05) (0.05)

Observations 804 804 804 804 804 804

R-squared 0.71 0.71 0.71 0.72 0.73 0.73

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 12: OLS models of ln(indegree) – Period 12 
Variable (19) (20) (21) (22) (23) (24)

Constant 0.963*** 0.996*** 1.006*** 1.094*** 0.992*** 1.152***

(0.32) (0.33) (0.32) (0.33) (0.31) (0.32)

Ln changelists written 0.125*** 0.130*** 0.125*** 0.122*** 0.125*** 0.126***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.396*** 0.388*** 0.399*** 0.392*** 0.394*** 0.388***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.101** -0.0987** -0.106*** -0.117*** -0.109*** -0.118***

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Ln team size 0.0212 0.0261 0.0215 -0.0173 0.0246 0.00303

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.00592 0.0107 0.0117 -0.0481 0.023 -0.00847

(0.04) (0.04) (0.04) (0.04) (0.03) (0.03)

Job level 0.017 -0.0236 0.0197 0.0182 0.0201* 0.000979

(0.01) (0.02) (0.02) (0.01) (0.01) (0.02)

Ph.D. -0.0489 -0.0403

(0.05) (0.05)

Master's degree -0.0448 -0.0405

(0.03) (0.03)

Ln work experience (yrs) 0.0800*** 0.0476**

(0.02) (0.02)

Coding languages: non-core -0.00754 -0.00252

(0.01) (0.01)

Coding languages: core 0.00483 -0.00329

(0.01) (0.01)

Prior ties (dummy) 0.0465 0.00961

(0.05) (0.05)

Ln prior ties -0.0175 -0.00409

(0.03) (0.03)

Employee refer -0.0691*** -0.0721***

(0.02) (0.02)

Intern -0.118 -0.0591

(0.08) (0.09)

Contractor -0.112 -0.0299

(0.07) (0.10)

Team avg - reciprocated ties 0.0237*** 0.0147***

(0.01) (0.00)

Acquisition -0.0327 -0.088

(0.09) (0.08)

SysAdmin 0.344*** 0.245***

(0.06) (0.08)

UI 0.0254 0.0278

(0.10) (0.09)

Ops -0.347*** -0.315***

(0.11) (0.10)

Tools 0.0269 0.0197

(0.03) (0.03)

Research -0.148** -0.0925

(0.07) (0.07)

Observations 804 804 804 804 804 804

R-squared 0.68 0.69 0.68 0.69 0.70 0.71

Robust standard errors in parentheses

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



 

 99 

Table 13: OLS models of ln(indegree) – Period 18 
Variable (25) (26) (27) (28) (29) (30)

Constant 1.983*** 1.875*** 2.049*** 2.031*** 2.111*** 2.129***

(0.63) (0.67) (0.64) (0.64) (0.61) (0.65)

Ln changelists written 0.0936*** 0.0973*** 0.0953*** 0.0979*** 0.0961*** 0.103***

(0.02) (0.03) (0.02) (0.02) (0.03) (0.03)

Ln changelists reviewed 0.419*** 0.417*** 0.417*** 0.412*** 0.422*** 0.414***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln network size -0.187** -0.181** -0.193** -0.193** -0.209*** -0.211***

(0.08) (0.08) (0.08) (0.08) (0.07) (0.08)

Ln team size 0.0216 0.0199 0.0207 -0.00657 0.021 0.00143

(0.02) (0.02) (0.02) (0.02) (0.02) (0.03)

Headquarters 0.0214 0.0276 0.0203 -0.0113 0.0364 0.0163

(0.05) (0.05) (0.05) (0.05) (0.04) (0.05)

Job level -0.0307 -0.0407* -0.0388** -0.0318* -0.0274 -0.0331

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ph.D. -0.0906* -0.0861*

(0.05) (0.05)

Master's degree -0.0172 -0.0153

(0.04) (0.04)

Ln work experience (yrs) 0.0419 0.014

(0.03) (0.03)

Coding languages: non-core -0.00955 -0.00217

(0.01) (0.01)

Coding languages: core 0.0147 0.00491

(0.01) (0.01)

Prior ties (dummy) 0.00607 -0.0372

(0.06) (0.06)

Ln prior ties 0.0158 0.0302

(0.04) (0.04)

Employee refer 0.00498 0.0137

(0.04) (0.05)

Intern -0.0945 -0.0607

(0.11) (0.11)

Contractor -0.215* -0.103

(0.13) (0.13)

Team avg - reciprocated ties 0.0178** 0.0116*

(0.01) (0.01)

Acquisition 0.0349 0.0275

(0.10) (0.11)

SysAdmin 0.321*** 0.264***

(0.05) (0.06)

UI -0.0224 -0.0359

(0.14) (0.14)

Ops -0.334*** -0.305**

(0.12) (0.13)

Tools 0.0241 0.0198

(0.05) (0.06)

Research -0.109 -0.0631

(0.13) (0.14)

Observations 530 530 530 530 530 530

R-squared 0.63 0.63 0.63 0.63 0.65 0.65

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 14: OLS models of ln(outdegree) – Period 3 
Variable (1) (2) (3) (4) (5) (6)

Constant 1.110*** 1.069*** 1.181*** 1.111*** 1.179*** 1.199***

(0.21) (0.21) (0.21) (0.21) (0.20) (0.20)

Ln changelists written 0.600*** 0.599*** 0.594*** 0.593*** 0.592*** 0.586***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed -0.0778*** -0.0787*** -0.0711*** -0.0764***-0.0717*** -0.0663***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.115*** -0.110*** -0.125*** -0.119*** -0.128*** -0.131***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln team size -0.0275** -0.0262* -0.0271** -0.0390*** -0.0228* -0.0251*

(0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

Headquarters 0.0114 0.0146 0.0114 0.00533 0.0297 0.0255

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Job level 0.0174 -0.0138 0.00449 0.0196* 0.0198* -0.0093

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. 6.3E-05 0.00366

(0.03) (0.03)

Master's degree -0.00573 -0.0075

(0.03) (0.03)

Ln work experience (yrs) 0.0575** 0.0323

(0.02) (0.02)

Coding languages: non-core -0.0146** -0.0103

(0.01) (0.01)

Coding languages: core 0.0155** 0.0104*

(0.01) (0.01)

Prior ties (dummy) 0.122*** 0.0976**

(0.04) (0.04)

Ln prior ties -0.0322* -0.0267

(0.02) (0.02)

Employee refer 0.0293 0.0288

(0.03) (0.03)

Intern -0.189*** -0.164**

(0.06) (0.06)

Contractor -0.302* -0.260*

(0.17) (0.15)

Team avg - outdegree 0.0101** 0.00206

(0.00) (0.00)

Acquisition -0.0631 -0.0498

(0.09) (0.10)

SysAdmin 0.224*** 0.170***

(0.06) (0.05)

UI -0.116 -0.0948

(0.10) (0.09)

Ops -0.281*** -0.237***

(0.05) (0.06)

Tools 0.00099 -0.00098

(0.03) (0.03)

Research -0.0838** -0.0651

(0.04) (0.05)

Observations 804 804 804 804 804 804

R-squared 0.79 0.80 0.80 0.80 0.81 0.81

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 15: OLS models of ln(outdegree) – Period 6 
Variable (7) (8) (9) (10) (11) (12)

Constant 1.082*** 1.135*** 1.145*** 1.057*** 1.097*** 1.164***

(0.34) (0.33) (0.34) (0.31) (0.28) (0.27)

Ln changelists written 0.585*** 0.592*** 0.582*** 0.572*** 0.584*** 0.576***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed -0.0676*** -0.0754*** -0.0653*** -0.0646***-0.0737*** -0.0728***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.121*** -0.122*** -0.135*** -0.130*** -0.129*** -0.140***

(0.05) (0.04) (0.05) (0.04) (0.04) (0.04)

Ln team size -0.0104 -0.00733 -0.0125 -0.0391** 0.00246 -0.0165

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.0277 0.0334 0.0235 0.0155 0.0617* 0.0462

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Job level 0.0251* -0.0335** 0.0201 0.0305*** 0.0291** -0.0121

(0.01) (0.02) (0.01) (0.01) (0.01) (0.01)

Ph.D. 0.0295 0.0214

(0.04) (0.04)

Master's degree -0.00413 -0.00243

(0.04) (0.04)

Ln work experience (yrs) 0.0996*** 0.0698***

(0.02) (0.02)

Coding languages: non-core -0.00451 -0.00021

(0.01) (0.01)

Coding languages: core 0.00446 -0.00428

(0.01) (0.01)

Prior ties (dummy) 0.170*** 0.127**

(0.05) (0.05)

Ln prior ties -0.0267 -0.0142

(0.03) (0.03)

Employee refer -0.0373 -0.0367

(0.03) (0.03)

Intern -0.0159 0.0427

(0.08) (0.09)

Contractor -0.201*** -0.112*

(0.06) (0.06)

Team avg - outdegree 0.0264*** 0.0161***

(0.00) (0.00)

Acquisition -0.0324 -0.0539

(0.07) (0.06)

SysAdmin 0.298*** 0.197***

(0.05) (0.06)

UI -0.101*** -0.0699

(0.04) (0.05)

Ops -0.369*** -0.306***

(0.09) (0.09)

Tools -0.0738** -0.0747**

(0.04) (0.04)

Research -0.110* -0.0825

(0.06) (0.06)

Observations 804 804 804 804 804 804

R-squared 0.77 0.77 0.77 0.78 0.78 0.80

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 16: OLS models of ln(outdegree) – Period 9 
Variable (13) (14) (15) (16) (17) (18)

Constant 0.974** 1.006*** 0.963** 0.945*** 0.997*** 0.943***

(0.37) (0.38) (0.37) (0.35) (0.34) (0.35)

Ln changelists written 0.541*** 0.544*** 0.543*** 0.532*** 0.535*** 0.533***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed -0.015 -0.0169 -0.0167 -0.0189 -0.0168 -0.0204

(0.03) (0.03) (0.03) (0.02) (0.03) (0.02)

Ln network size -0.0919* -0.0917* -0.0977** -0.102** -0.0991** -0.101**

(0.05) (0.05) (0.05) (0.04) (0.04) (0.04)

Ln team size -0.0113 -0.00885 -0.0116 -0.0487** -0.0016 -0.0306

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.000206 0.0025 -0.00336 -0.0196 0.0282 0.0023

(0.04) (0.04) (0.05) (0.04) (0.04) (0.04)

Job level 0.0194 -0.0234 0.0185 0.0268* 0.0228* 0.00871

(0.02) (0.02) (0.02) (0.01) (0.01) (0.02)

Ph.D. 0.0118 0.0158

(0.05) (0.04)

Master's degree -0.00031 0.00978

(0.04) (0.03)

Ln work experience (yrs) 0.0791*** 0.0386*

(0.03) (0.02)

Coding languages: non-core -0.0124 -0.00686

(0.01) (0.01)

Coding languages: core 0.00524 -0.0036

(0.01) (0.01)

Prior ties (dummy) 0.163** 0.113*

(0.06) (0.06)

Ln prior ties -0.0431 -0.0312

(0.03) (0.03)

Employee refer -0.0292 -0.0286

(0.03) (0.03)

Intern -0.0475 0.00915

(0.08) (0.09)

Contractor 0.0427 0.145

(0.15) (0.13)

Team avg - outdegree 0.0329*** 0.0241***

(0.00) (0.00)

Acquisition -0.116 -0.108

(0.16) (0.14)

SysAdmin 0.335*** 0.227*

(0.11) (0.12)

UI -0.0287 0.0183

(0.08) (0.09)

Ops -0.377*** -0.303***

(0.11) (0.10)

Tools -0.033 -0.0286

(0.05) (0.05)

Research -0.205** -0.142*

(0.09) (0.08)

Observations 804 804 804 804 804 804

R-squared 0.68 0.68 0.68 0.70 0.70 0.72

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 17: OLS models of ln(outdegree) – Period 12 
Variable (19) (20) (21) (22) (23) (24)

Constant 1.014*** 1.080*** 1.079*** 0.978*** 1.049*** 1.175***

(0.35) (0.36) (0.36) (0.33) (0.32) (0.32)

Ln changelists written 0.513*** 0.518*** 0.513*** 0.503*** 0.512*** 0.511***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.00364 -0.00579 0.00413 0.00109 0.00259 -0.00625

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.0723 -0.0748* -0.0793* -0.0768* -0.0809** -0.0907**

(0.04) (0.04) (0.05) (0.04) (0.04) (0.04)

Ln team size -0.0102 -0.00541 -0.011 -0.0400** -0.0063 -0.0268

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters -0.0465 -0.0419 -0.0472 -0.0646 -0.0265 -0.0454

(0.05) (0.04) (0.05) (0.04) (0.04) (0.04)

Job level -0.00205 -0.0421** -0.00854 0.0042 0.00058 -0.0222

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ph.D. -0.0348 -0.0352

(0.06) (0.06)

Master's degree -0.0738** -0.0711**

(0.04) (0.03)

Ln work experience (yrs) 0.0694*** 0.0357*

(0.02) (0.02)

Coding languages: non-core 0.00023 0.00635

(0.01) (0.01)

Coding languages: core 0.00668 -0.00137

(0.01) (0.01)

Prior ties (dummy) 0.0542 0.00619

(0.05) (0.05)

Ln prior ties -0.00146 0.0112

(0.03) (0.03)

Employee refer -0.0246 -0.029

(0.03) (0.03)

Intern -0.144 -0.0976

(0.10) (0.11)

Contractor -0.123 -0.0449

(0.09) (0.11)

Team avg - outdegree 0.0263*** 0.0175***

(0.00) (0.00)

Acquisition -0.145 -0.201*

(0.10) (0.11)

SysAdmin 0.295*** 0.191**

(0.09) (0.09)

UI -0.0169 -0.0103

(0.05) (0.05)

Ops -0.363** -0.325*

(0.16) (0.17)

Tools 0.017 0.0289

(0.04) (0.04)

Research -0.166* -0.102

(0.09) (0.08)

Observations 804 804 804 804 804 804

R-squared 0.67 0.68 0.67 0.69 0.69 0.70

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 18: OLS models of ln(outdegree) – Period 18 
Variable (25) (26) (27) (28) (29) (30)

Constant 1.890*** 1.827*** 1.959*** 1.862*** 1.958*** 1.992***

(0.61) (0.62) (0.60) (0.60) (0.55) (0.55)

Ln changelists written 0.492*** 0.495*** 0.495*** 0.493*** 0.491*** 0.498***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln changelists reviewed 0.0319 0.0337 0.031 0.0305 0.0393 0.0389

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln network size -0.172** -0.173** -0.178** -0.178** -0.191*** -0.204***

(0.08) (0.08) (0.07) (0.08) (0.07) (0.07)

Ln team size 0.0152 0.0108 0.0152 -0.00478 0.0264 0.0133

(0.02) (0.03) (0.02) (0.02) (0.03) (0.03)

Headquarters -0.0592 -0.0542 -0.0617 -0.0512 -0.0177 -0.0158

(0.06) (0.06) (0.06) (0.06) (0.05) (0.05)

Job level -0.0234 -0.04 -0.0344 -0.0225 -0.0186 -0.0264

(0.02) (0.03) (0.02) (0.02) (0.02) (0.03)

Ph.D. -0.00769 -0.00662

(0.05) (0.05)

Master's degree 0.0659 0.0714

(0.05) (0.05)

Ln work experience (yrs) 0.045 0.00641

(0.03) (0.03)

Coding languages: non-core -0.00588 0.00192

(0.01) (0.01)

Coding languages: core 0.00943 -0.00092

(0.01) (0.01)

Prior ties (dummy) 0.0323 -0.024

(0.07) (0.06)

Ln prior ties 0.0128 0.0277

(0.05) (0.05)

Employee refer -0.00684 0.0129

(0.05) (0.06)

Intern -0.189* -0.155

(0.11) (0.11)

Contractor -0.2 -0.0236

(0.14) (0.11)

Team avg - outdegree 0.0168*** 0.00812

(0.01) (0.01)

Acquisition 0.188*** 0.167**

(0.07) (0.08)

SysAdmin 0.374*** 0.349***

(0.07) (0.08)

UI -0.12 -0.116

(0.15) (0.14)

Ops -0.533*** -0.509***

(0.06) (0.08)

Tools -0.0803 -0.067

(0.06) (0.06)

Research -0.0771 -0.0336

(0.09) (0.10)

Observations 530 530 530 530 530 530

R-squared 0.62 0.63 0.63 0.63 0.66 0.66

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 19: OLS models of ln(recip) – Period 3 
Variable (1) (2) (3) (4) (5) (6)

Constant 0.378* 0.329 0.451** 0.372* 0.407* 0.422*

(0.21) (0.22) (0.21) (0.21) (0.21) (0.22)

Ln changelists written 0.198*** 0.196*** 0.195*** 0.200*** 0.193*** 0.193***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.268*** 0.266*** 0.273*** 0.267*** 0.270*** 0.274***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.0597** -0.0584** -0.0655** -0.0597** -0.0676** -0.0704**

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln team size -0.0138 -0.0147 -0.0129 -0.0132 -0.0082 -0.00196

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.0313 0.0338 0.0381 0.034 0.0428 0.0605

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Job level 0.0105 0.0173 0.00469 0.0104 0.0139 0.0226

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. -0.0355 -0.0273

(0.03) (0.03)

Master's degree -0.00222 -0.00466

(0.03) (0.03)

Ln work experience (yrs) -0.00677 -0.0222

(0.02) (0.02)

Coding languages: non-core -0.00377 -0.00152

(0.01) (0.01)

Coding languages: core 0.00979 0.00586

(0.01) (0.01)

Prior ties (dummy) -0.0306 -0.0351

(0.04) (0.04)

Ln prior ties -0.00354 -0.00346

(0.03) (0.03)

Employee refer 0.0349 0.0436

(0.03) (0.03)

Intern -0.104** -0.0913*

(0.05) (0.05)

Contractor -0.348*** -0.335***

(0.12) (0.11)

Team avg - reciprocated ties -0.00046 -0.0108

(0.01) (0.01)

Acquisition 0.0664 0.0562

(0.09) (0.09)

SysAdmin 0.145*** 0.164***

(0.04) (0.05)

UI -0.111* -0.125**

(0.06) (0.06)

Ops -0.0969* -0.0974*

(0.05) (0.06)

Tools -0.0211 -0.0166

(0.03) (0.03)

Research -0.0578 -0.0528

(0.04) (0.04)

Observations 804 804 804 804 804 804

R-squared 0.70 0.70 0.71 0.70 0.71 0.71

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 20: OLS models of ln(recip) – Period 6 
Variable (7) (8) (9) (10) (11) (12)

Constant -0.048 -0.0469 -0.0209 -0.049 -0.0647 -0.0592

(0.34) (0.34) (0.36) (0.31) (0.30) (0.32)

Ln changelists written 0.265*** 0.266*** 0.264*** 0.265*** 0.268*** 0.271***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.208*** 0.203*** 0.209*** 0.205*** 0.202*** 0.197***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.0317 -0.0319 -0.0357 -0.0361 -0.0359 -0.0403

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Ln team size -0.00111 -0.00013 -0.00221 -0.0116 0.00878 0.00196

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.0633* 0.0700* 0.0589 0.0528 0.0807*** 0.0754**

(0.04) (0.04) (0.04) (0.04) (0.03) (0.03)

Job level 0.0264** 0.00362 0.0210* 0.0270*** 0.0314*** 0.0124

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. -0.0271 -0.0179

(0.03) (0.04)

Master's degree 0.0108 0.0249

(0.03) (0.03)

Ln work experience (yrs) 0.0444** 0.0291

(0.02) (0.02)

Coding languages: non-core 0.00089 0.00246

(0.01) (0.01)

Coding languages: core 0.00439 -0.00089

(0.01) (0.01)

Prior ties (dummy) 0.037 0.0296

(0.05) (0.05)

Ln prior ties 0.00508 0.0091

(0.03) (0.03)

Employee refer 0.00426 0.013

(0.03) (0.03)

Intern -0.0312 0.00627

(0.06) (0.06)

Contractor -0.0253 0.0437

(0.12) (0.11)

Team avg - reciprocated ties 0.0213** 0.00965

(0.01) (0.01)

Acquisition 0.209*** 0.197***

(0.05) (0.06)

SysAdmin 0.203** 0.177**

(0.08) (0.09)

UI -0.0756 -0.0721

(0.05) (0.05)

Ops -0.129** -0.112*

(0.06) (0.06)

Tools -0.0774** -0.0696*

(0.04) (0.04)

Research 0.045 0.0605

(0.06) (0.05)

Observations 804 804 804 804 804 804

R-squared 0.76 0.76 0.76 0.76 0.77 0.77

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 21: OLS models of ln(recip) – Period 9 
Variable (13) (14) (15) (16) (17) (18)

Constant -0.0858 -0.0514 -0.0802 -0.0585 -0.162 -0.128

(0.32) (0.32) (0.32) (0.30) (0.29) (0.27)

Ln changelists written 0.237*** 0.238*** 0.236*** 0.237*** 0.230*** 0.230***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.270*** 0.267*** 0.271*** 0.264*** 0.267*** 0.264***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.0331 -0.0373 -0.0343 -0.0401 -0.0257 -0.0316

(0.04) (0.04) (0.04) (0.04) (0.04) (0.03)

Ln team size 0.00807 0.00834 0.0086 -0.0104 0.0212 0.00874

(0.01) (0.02) (0.01) (0.02) (0.02) (0.02)

Headquarters 0.0872*** 0.0931*** 0.0892*** 0.0595** 0.114*** 0.0986***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Job level 0.0142 -0.00984 0.0147 0.0157 0.0164 0.00696

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. -0.0173 -0.00124

(0.04) (0.04)

Master's degree 0.0139 0.0228

(0.04) (0.03)

Ln work experience (yrs) 0.0435** 0.0206

(0.02) (0.02)

Coding languages: non-core 0.00507 0.00669

(0.01) (0.01)

Coding languages: core 0.0029 -0.0032

(0.01) (0.01)

Prior ties (dummy) 0.0302 0.0157

(0.05) (0.05)

Ln prior ties -0.0142 -0.0093

(0.03) (0.03)

Employee refer -0.015 -0.0102

(0.03) (0.03)

Intern -0.0518 0.00768

(0.08) (0.07)

Contractor -0.0245 0.0678

(0.07) (0.07)

Team avg - reciprocated ties 0.0338*** 0.0190*

(0.01) (0.01)

Acquisition 0.0578 0.0232

(0.15) (0.14)

SysAdmin 0.243** 0.203*

(0.11) (0.11)

UI 0.0793 0.0834

(0.06) (0.06)

Ops -0.263*** -0.249***

(0.06) (0.05)

Tools -0.100** -0.0877**

(0.04) (0.04)

Research -0.130* -0.0962

(0.07) (0.07)

Observations 804 804 804 804 804 804

R-squared 0.72 0.72 0.72 0.73 0.74 0.74

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 22: OLS models of ln(recip) – Period 12 
Variable (19) (20) (21) (22) (23) (24)

Constant 0.302 0.325 0.385 0.331 0.267 0.406

(0.30) (0.30) (0.30) (0.29) (0.29) (0.29)

Ln changelists written 0.266*** 0.268*** 0.266*** 0.261*** 0.262*** 0.261***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln changelists reviewed 0.269*** 0.263*** 0.272*** 0.263*** 0.267*** 0.261***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln network size -0.0837** -0.0867** -0.0915** -0.0881** -0.0821** -0.0947***

(0.04) (0.04) (0.04) (0.03) (0.04) (0.03)

Ln team size 0.0103 0.0109 0.00847 -0.00961 0.0181 0.000901

(0.02) (0.02) (0.02) (0.01) (0.02) (0.02)

Headquarters 0.0327 0.0374 0.0314 -0.00168 0.0516* 0.0234

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Job level 0.00728 -0.00278 0.00373 0.00905 0.01 0.0111

(0.01) (0.02) (0.01) (0.01) (0.01) (0.02)

Ph.D. -0.0315 -0.0217

(0.04) (0.04)

Master's degree -0.0161 -0.0124

(0.03) (0.03)

Ln work experience (yrs) 0.0171 -0.00644

(0.02) (0.02)

Coding languages: non-core 0.00762 0.0106*

(0.01) (0.01)

Coding languages: core 0.00343 -0.00296

(0.01) (0.01)

Prior ties (dummy) 0.0258 0.00253

(0.05) (0.05)

Ln prior ties 0.0165 0.0231

(0.02) (0.02)

Employee refer -0.0685*** -0.0672**

(0.03) (0.03)

Intern -0.141* -0.0947

(0.08) (0.08)

Contractor -0.0753 0.00105

(0.11) (0.13)

Team avg - reciprocated ties 0.0353*** 0.0217**

(0.01) (0.01)

Acquisition -0.0829* -0.139***

(0.04) (0.05)

SysAdmin 0.244*** 0.202**

(0.08) (0.09)

UI 0.0477 0.0518

(0.07) (0.07)

Ops -0.246** -0.232*

(0.12) (0.12)

Tools -0.0368 -0.019

(0.04) (0.04)

Research -0.146* -0.0944

(0.09) (0.08)

Observations 804 804 804 804 804 804

R-squared 0.71 0.72 0.72 0.72 0.73 0.74

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 23: OLS models of ln(recip) – Period 18 
Variable (25) (26) (27) (28) (29) (30)

Constant 0.507 0.495 0.526 0.504 0.458 0.481

(0.48) (0.50) (0.47) (0.46) (0.44) (0.45)

Ln changelists written 0.258*** 0.259*** 0.262*** 0.261*** 0.256*** 0.262***

(0.02) (0.03) (0.02) (0.02) (0.03) (0.03)

Ln changelists reviewed 0.287*** 0.284*** 0.284*** 0.284*** 0.287*** 0.282***

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln network size -0.101* -0.104* -0.102* -0.105* -0.0974* -0.106**

(0.06) (0.06) (0.06) (0.06) (0.05) (0.05)

Ln team size 0.0169 0.0162 0.0175 0.00739 0.0256 0.0231

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Headquarters 0.04 0.0441 0.0411 0.0334 0.0675* 0.0693*

(0.05) (0.04) (0.05) (0.05) (0.04) (0.04)

Job level -0.0174 -0.00614 -0.0216 -0.0187 -0.0183 -0.00012

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ph.D. -0.0755* -0.0629

(0.04) (0.05)

Master's degree 0.00373 0.01

(0.04) (0.04)

Ln work experience (yrs) -0.00575 -0.0289

(0.03) (0.03)

Coding languages: non-core 0.00103 0.00432

(0.01) (0.01)

Coding languages: core 0.00392 -0.00067

(0.01) (0.01)

Prior ties (dummy) -0.0268 -0.031

(0.06) (0.06)

Ln prior ties 0.00196 -0.00089

(0.04) (0.04)

Employee refer 0.0335 0.0434

(0.05) (0.05)

Intern -0.0958 -0.0613

(0.10) (0.10)

Contractor -0.0606 0.0549

(0.14) (0.11)

Team avg - reciprocated ties 0.0198** 0.00723

(0.01) (0.01)

Acquisition 0.161** 0.156

(0.07) (0.09)

SysAdmin 0.187*** 0.198***

(0.05) (0.06)

UI 0.128 0.121

(0.10) (0.11)

Ops -0.355*** -0.369***

(0.09) (0.09)

Tools -0.0837* -0.0719

(0.05) (0.05)

Research -0.113 -0.103

(0.14) (0.16)

Observations 530 530 530 530 530 530

R-squared 0.68 0.68 0.68 0.68 0.70 0.70

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 24: OLS models of autonomy – Period 3 
Variable (1) (2) (3) (4) (5) (6)

Constant 1.307*** 1.307*** 1.298*** 0.935*** 1.396*** 1.157***

(0.16) (0.15) (0.17) (0.16) (0.16) (0.20)

Ln changelists written -0.00773 -0.00796 -0.00847 -0.0105 -0.0094 -0.0108

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln changelists reviewed -0.0672*** -0.0665*** -0.0670*** -0.0595***-0.0644*** -0.0611***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln network size -0.0708*** -0.0663*** -0.0715*** -0.0557***-0.0872*** -0.0705***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln team size -0.0288*** -0.0254*** -0.0293*** -0.0295***-0.0270*** -0.0257***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Headquarters -0.0164 -0.0143 -0.0176 -0.0176 -0.0099 -0.0137

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Job level 0.00201 -0.0259** 0.000829 0.0021 0.00563 -0.0175*

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ph.D. 0.0173 0.0152

(0.02) (0.02)

Master's degree -0.0105 -0.0081

(0.02) (0.02)

Ln work experience (yrs) 0.0499*** 0.0375***

(0.01) (0.01)

Coding languages: non-core -0.0113*** -0.00667*

(0.00) (0.00)

Coding languages: core 0.00258 -0.00081

(0.00) (0.00)

Prior ties (dummy) 0.0592** 0.0354

(0.03) (0.03)

Ln prior ties -0.0144 -0.00325

(0.01) (0.01)

Employee refer -0.0119 -0.0118

(0.02) (0.02)

Intern -0.0139 -0.00315

(0.04) (0.04)

Contractor 0.0451 0.055

(0.08) (0.08)

Team avg - autonomy 0.431*** 0.249**

(0.09) (0.11)

Acquisition -0.123 -0.0837

(0.09) (0.10)

SysAdmin 0.141*** 0.0882***

(0.03) (0.03)

UI -0.0965* -0.0671

(0.05) (0.06)

Ops -0.0989** -0.0487

(0.05) (0.05)

Tools 0.0159 0.00449

(0.02) (0.02)

Research 0.0328 0.0334

(0.04) (0.05)

Observations 663 663 663 663 663 663

R-squared 0.17 0.20 0.17 0.20 0.21 0.24

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 25: OLS models of autonomy – Period 6 
Variable (7) (8) (9) (10) (11) (12)

Constant 1.168*** 1.214*** 1.158*** 0.746*** 1.215*** 0.925***

(0.20) (0.21) (0.20) (0.21) (0.19) (0.22)

Ln changelists written 0.0173 0.0203* 0.0172 0.0187* 0.0195* 0.0217*

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln changelists reviewed -0.0556*** -0.0608*** -0.0554*** -0.0523***-0.0587*** -0.0601***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln network size -0.0690*** -0.0696*** -0.0696*** -0.0537**-0.0795*** -0.0646***

(0.03) (0.03) (0.03) (0.02) (0.02) (0.02)

Ln team size -0.0125 -0.00964 -0.0135 -0.0141 -0.0075 -0.00874

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Headquarters 0.0186 0.023 0.0177 0.0207 0.0293 0.0286

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Job level 0.00278 -0.0261*** 0.00577 0.00311 0.00547 -0.0138

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ph.D. 0.00573 0.00326

(0.03) (0.02)

Master's degree -0.00766 -0.00532

(0.02) (0.02)

Ln work experience (yrs) 0.0488*** 0.0368***

(0.01) (0.01)

Coding languages: non-core 0.00049 0.00512

(0.00) (0.00)

Coding languages: core -0.00224 -0.00656

(0.01) (0.01)

Prior ties (dummy) 0.042 0.0198

(0.03) (0.03)

Ln prior ties -0.0104 0.000202

(0.01) (0.01)

Employee refer -0.0303* -0.0284*

(0.02) (0.02)

Intern 0.0223 0.0471

(0.04) (0.04)

Contractor 0.0741** 0.131***

(0.04) (0.04)

Team avg - autonomy 0.493*** 0.361***

(0.09) (0.10)

Acquisition -0.0118 -0.0314

(0.11) (0.09)

SysAdmin 0.131*** 0.0846***

(0.02) (0.03)

UI -0.0474 -0.0233

(0.03) (0.04)

Ops -0.121*** -0.0682*

(0.04) (0.03)

Tools -0.0134 -0.0178

(0.03) (0.02)

Research -0.0256 -0.0185

(0.04) (0.05)

Observations 663 663 663 663 663 663

R-squared 0.08 0.10 0.08 0.12 0.11 0.16

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 26: OLS models of autonomy – Period 9 
Variable (13) (14) (15) (16) (17) (18)

Constant 0.918*** 0.934*** 0.907*** 0.501** 0.938*** 0.628***

(0.22) (0.22) (0.22) (0.24) (0.20) (0.23)

Ln changelists written 0.0397*** 0.0420*** 0.0388*** 0.0403*** 0.0389*** 0.0377***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln changelists reviewed -0.0416*** -0.0430*** -0.0402*** -0.0381***-0.0434*** -0.0406***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln network size -0.0506* -0.0518* -0.0497* -0.0343 -0.0576** -0.0398

(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)

Ln team size -0.000898 0.00115 -0.00084 -0.00201 0.00778 0.00784

(0.02) (0.02) (0.02) (0.01) (0.02) (0.02)

Headquarters 0.0175 0.0196 0.0169 0.0164 0.0311 0.0256

(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)

Job level 0.00819 -0.0142 0.0113 0.00829 0.0109 -0.00126

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ph.D. 0.0131 0.0114

(0.02) (0.02)

Master's degree -0.0152 -0.0164

(0.02) (0.02)

Ln work experience (yrs) 0.0369*** 0.0228*

(0.01) (0.01)

Coding languages: non-core -0.00511 -5.3E-05

(0.00) (0.00)

Coding languages: core 0.00563 0.00207

(0.01) (0.01)

Prior ties (dummy) 0.0252 0.00707

(0.03) (0.03)

Ln prior ties -0.0101 -0.00395

(0.01) (0.02)

Employee refer -0.0338** -0.0346**

(0.02) (0.02)

Intern -0.018 0.0012

(0.04) (0.04)

Contractor 0.0902 0.134**

(0.07) (0.05)

Team avg - autonomy 0.474*** 0.328***

(0.10) (0.11)

Acquisition -0.270* -0.309**

(0.15) (0.14)

SysAdmin 0.138*** 0.0872**

(0.03) (0.03)

UI -0.0367 -0.00875

(0.03) (0.02)

Ops -0.134*** -0.0829**

(0.05) (0.03)

Tools -0.0417 -0.0481*

(0.03) (0.03)

Research -0.0467 -0.0428

(0.03) (0.03)

Observations 663 663 663 663 663 663

R-squared 0.03 0.05 0.04 0.08 0.08 0.12

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 27: OLS models of autonomy – Period 12 
Variable (19) (20) (21) (22) (23) (24)

Constant 0.730*** 0.732*** 0.739*** 0.316 0.797*** 0.531**

(0.19) (0.20) (0.20) (0.21) (0.18) (0.21)

Ln changelists written 0.0354*** 0.0382*** 0.0369*** 0.0356*** 0.0378*** 0.0398***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln changelists reviewed -0.0391*** -0.0433*** -0.0395*** -0.0346***-0.0392*** -0.0403***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ln network size -0.0184 -0.0178 -0.0192 -0.00424 -0.031 -0.0178

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Ln team size -0.00464 -0.00279 -0.00351 -0.00619 -0.0014 -0.00196

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Headquarters 0.00823 0.0109 0.00716 0.0102 0.0208 0.0171

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Job level 0.0101 -0.00375 0.00781 0.0103 0.0123 0.00262

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ph.D. -0.0184 -0.0204

(0.02) (0.02)

Master's degree -0.0187 -0.019

(0.02) (0.02)

Ln work experience (yrs) 0.0262** 0.0135

(0.01) (0.01)

Coding languages: non-core -0.00246 0.00216

(0.00) (0.00)

Coding languages: core 0.00416 0.000956

(0.00) (0.01)

Prior ties (dummy) 0.0271 0.00628

(0.03) (0.03)

Ln prior ties -0.00668 0.00102

(0.02) (0.02)

Employee refer -0.017 -0.0164

(0.02) (0.02)

Intern -0.0885* -0.0772

(0.05) (0.05)

Contractor 0.0203 0.072

(0.08) (0.07)

Team avg - autonomy 0.481*** 0.315***

(0.12) (0.11)

Acquisition -0.0258 -0.0696

(0.04) (0.06)

SysAdmin 0.103** 0.0569

(0.04) (0.04)

UI -0.0919*** -0.0679***

(0.03) (0.02)

Ops -0.165*** -0.114*

(0.06) (0.06)

Tools -0.0069 -0.00528

(0.02) (0.02)

Research -0.0161 0.013

(0.05) (0.06)

Observations 663 663 663 663 663 663

R-squared 0.02 0.04 0.03 0.07 0.07 0.10

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1  
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Table 28: OLS models of autonomy – Period 18 
Variable (25) (26) (27) (28) (29) (30)

Constant 0.969*** 0.902*** 0.984*** 0.581** 1.014*** 0.736**

(0.27) (0.27) (0.27) (0.29) (0.24) (0.29)

Ln changelists written 0.021 0.0211 0.0205 0.022 0.0215 0.0204

(0.02) (0.02) (0.02) (0.02) (0.02) (0.01)

Ln changelists reviewed -0.0274* -0.0256* -0.0262* -0.021 -0.0256* -0.0224

(0.01) (0.01) (0.01) (0.01) (0.02) (0.01)

Ln network size -0.0455 -0.0446 -0.0476 -0.034 -0.0560* -0.0469

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Ln team size 0.0078 0.00603 0.00829 0.0042 0.0126 0.00855

(0.01) (0.01) (0.01) (0.02) (0.02) (0.02)

Headquarters 0.0175 0.0202 0.0155 0.0235 0.0356 0.0354

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Job level 0.00478 0.00475 0.00221 0.00424 0.00801 0.0121

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Ph.D. -0.0149 -0.0289

(0.02) (0.02)

Master's degree 0.0149 0.011

(0.02) (0.02)

Ln work experience (yrs) 0.00767 -0.00492

(0.01) (0.01)

Coding languages: non-core -0.00674 -0.00138

(0.00) (0.00)

Coding languages: core 0.0115** 0.00766

(0.01) (0.01)

Prior ties (dummy) 0.0262 -0.00665

(0.03) (0.03)

Ln prior ties 0.00751 0.0166

(0.02) (0.02)

Employee refer -0.0257 -0.0228

(0.02) (0.02)

Intern -0.0477 -0.04

(0.06) (0.06)

Contractor -0.038 0.0382

(0.09) (0.08)

Team avg - autonomy 0.458*** 0.280***

(0.10) (0.10)

Acquisition -0.0493 -0.0868**

(0.04) (0.04)

SysAdmin 0.126*** 0.0920***

(0.02) (0.03)

UI -0.0825* -0.0608

(0.05) (0.04)

Ops -0.180*** -0.131***

(0.04) (0.04)

Tools -0.0367 -0.0375

(0.03) (0.03)

Research 0.0595 0.0884**

(0.05) (0.04)

Observations 436 436 436 436 436 436

R-squared 0.02 0.03 0.03 0.07 0.09 0.12

Robust standard errors in parentheses

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




