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Abstract 
This dissertation examines how knowledge is developed and deployed among 

employees inside one of the largest internal labor markets in the United States: the 

federal civil service. Each chapter lays out the theoretical background behind career- and 

capabilities-based processes, discusses the application to the federal employment 

context, and tests hypotheses derived from theoretical review, extension, and 

development. This dissertation uses data from two similar but distinct datasets, which 

come from the US Office of Personnel Management’s administrative records database. 

These datasets cover different periods of time (either 1974-2014 or 1989-2011), but both 

contain core information on civil servants and their employment.  

The dissertation begins with a short introduction to organizational theory and 

sociological research on bureaucracies. The first chapter shows, contrary to standard 

economic and sociological theory, generalists in the federal civil service experience 

higher downstream pay than specialists. Several competing mechanisms are discussed, 

laying the groundwork for the next chapter. The second chapter explores the mechanism 

of coordinative capability as a key component of civil servants’ career success, finding 

that integration with the skillsets of co-workers positively predicts later salaries and 

levels of authority. This effect is most pronounced in larger divisions of the government, 

where the need to coordinate among employees with diverse capabilities is greatest. The 
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third chapter moves from individual processes to organizational aggregates, 

demonstrating the influence of public-sector personnel capabilities on private-sector 

research and development (R&D). This final chapter evaluates the impact of the 

government’s geographically-bounded scientific capabilities on private R&D funding 

mechanisms and the downstream likelihood of patenting by federally-funded firms.  

As a whole, this dissertation traces the historical dynamics of career progression 

for hundreds of thousands of individuals over multiple decades, elucidating both the 

career dynamics experienced by civil servants as well as the external influence of those 

collective dynamics as allocative processes that influence non-governmental outcomes.  
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Introduction 
This dissertation joins the multidisciplinary effort to better understand the 

personnel dynamics unfolding in the United States’ public sector. Civilian government 

personnel at all levels—local, state, and federal—have accounted for over 14% of total 

US employment since mid-1956, as shown in Figure 1, though there has been a notable 

downward trend since a mid-1970s peak.1 Public-sector employees also represent a 

broad array of occupations and backgrounds: e.g., at the federal level, there were over 

1,400 unique occupational titles in use between 1974 and 2014. 

 

Figure 1: Percent of US Employees in Non-Military Local, State, and Federal 
Government Employment, 1939-2018 

                                                   
1 Data sources: Federal Reserve Economic Data series USGOVT and PAYEMS. 
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Figure 2 plots average monthly (civilian) federal government employment from 

1939 through 2018.2 With the exception of the Clinton and George W. Bush 

administrations, the number of federal personnel has remained well over 2 million since 

1966, brought back over the post-1945 historical average (2.036 million) in the last 

months of George W. Bush’s presidency. The volume of people and the theoretically 

advantageous labor market structure they are embedded in have made federal 

employees a valuable site of sociological research since the 1950s.  

 

Figure 2: Average Annual US Federal Employment, 1939-2018 

 

                                                   
2 Data source: Federal Reserve Economic Data series CES9091100001. The data for 2018 include January 
through September.  



 

 

3 

One of the first modern sociological studies of federal employment was carried 

out by Peter Blau (1955), who observed both federal and state-level civil servants. His 

research was motivated by the contrast between the theoretical establishment laid down 

by Max Weber (e.g., [1947] 2012), which presented bureaucratic organizations as pure 

formal structures that operate within cleanly defined theoretical boundaries, and the 

empirical reality of “informal organizations” that emerge and operate inside Weberian 

bureaucracies (Barnard 1938). Among many examples, Blau highlights the role of 

expertise, rather than formal authority or tenure, as a source of integration in workplace 

communication networks (Blau 1955:146–50). The role of expertise (also referred to as 

‘knowledge’ or ‘capabilities’ throughout the literature) is a focal mechanism in this 

dissertation, and its role in organizations has been highly theorized since Blau’s work. 

Simon (1957) and March and Simon (1958), followed by Thompson (1967), all 

highlight the importance of interpersonal communication within bureaucratic 

structures. Their collective concern largely focused on coordination of complex 

activities, often carried out under uncertain conditions. Each of these influential works 

stresses the importance of successful coordination in the workplace, achieved by 

communication among individual actors. However, their delineated theories rarely 

touch on the individuals who comprise organizations or on what those individuals 

would need to know in order to successfully achieve coordination inside the 
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organization. This dissertation builds on these classic works’ insight that coordination is 

fundamental to organizational success by drilling down empirically to the individuals 

who make up the federal civil service and considering their capacity for coordination 

and the resultant effects of government personnel expertise.  

In addition to these seminal works in organizational theory, this dissertation is 

indebted to sociological and economic research on careers within bureaucracies (e.g., 

Berg 1981). Careers are the individual chains of positions held, which are often highly 

regulated within internal labor markets (ILMs) like the federal civil service (DiPrete 

1989; Spilerman 1977; White and Althauser 1984). Although several touchstones in the 

economic literature on ILMs are not concerned with the type of knowledge workers 

discussed here (e.g., Doeringer and Piore 1971), they remain foundational texts in any 

study of bureaucratic careers. 

While organizational theories of bureaucracies focused on structural dynamics, 

such as coordination, at a level of abstraction well above individuals, the later work on 

ILMs in economics and sociology was often entirely focused on individual trajectories 

without much consideration for how individual fit into broader dynamic patterns (e.g., 

Grandjean 1981; Lazear and Oyer 2004). This is somewhat surprising given the strong 

emphasis early in organizational theory’s history on the importance of communication 

and coordination, as well as some scholars’ recognition that work is often 



 

 

5 

interdependent, which holds multiple, competing implications for employment 

outcomes (Sørensen and Kalleberg 1981:62–63).  

This disconnect between formal theory and empirical research has begun to 

recede as scholars draw on novel data to conduct relationally-informed studies of 

workplace dynamics and organizational performance (Ghoshal and Bartlett 1990; 

Nahapiet and Ghoshal 1998).3 In sociology, much of this work has either considered 

individuals and organizations explicitly as networks or has borne in mind such models 

of organizational life (e.g., Kleinbaum 2012; Stovel, Savage, and Bearman 1996). More 

policy-directed studies, both within and outside sociology, have also used networks as a 

lens on understanding how organizations operate, including the federal bureaucracy 

(Ferrali 2016; Gil-Garcia 2012; Laumann and Knoke 1987). One of the most fruitful areas 

of theorizing, which is discussed at greater length in Chapter 2, seeks to understand 

organizational performance as a consequence of personnel knowledge structures, which 

can be modeled using social network methods (Stark and Vedres 2006; Stuart 1998; de 

Vaan, Stark, and Vedres 2015). Research in this vein has demonstrated the crucial role of 

knowledge arrangements inside organizations for their eventual success.  

                                                   
3 The emphasis on ‘relational’ theorizing and analysis stems from, among others, Breiger (1974) and 
Granovetter (1973, 1985). The following chapters and their empirical analyses are unabashedly structural in 
their approach, inevitably leaving relevant psychological questions unasked and unanswered. This is not 
meant to signal that such questions are unimportant, as some structurally oriented scholars claim (e.g., 
Mayhew 1980, 1981), but that they are beyond the scope of the theorized mechanisms and the analytical 
capabilities of the data at hand. 
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This dissertation joins the efforts of these scholars to measure the types of 

knowledge held by individuals in the federal civil service, with implications for both the 

career prospects of those same civil servants and extra-governmental consequences for 

private-sector firms that engage in federally sponsored research and development 

(R&D). The evidence presented below demonstrates that the federal government 

sometimes diverges from the classic notion of ILMs (Chapter 1), and that individuals’ 

employment outcomes are meaningfully tied to the knowhow of their coworkers 

(Chapter 2). Furthermore, what the government ‘knows’ and where its expertise is 

geographically located is influential in private-sector R&D funding mechanisms 

(Chapter 3). Throughout this dissertation, attention is paid to both classic literatures on 

which these and related studies are built and to the individual-level details that are often 

glossed over in grander theories of organizational processes.  
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1. Specialization and Atypicality in Civil Service Careers 
Is it better to be a specialist or a generalist over one’s career?4 The conventional 

wisdom, supported by considerable economic and sociological research, has long held 

that specialization is often the superior strategy, or at least the safer bet. Specializing 

allows a worker to hone their skillset to a narrower set of tasks, developing greater 

proficiency, and thus increased production efficiency, leading to a comparative 

advantage in the labor market (Becker and Murphy 1992). Furthermore, in a crowded 

labor market with numerous individuals to choose from, employers rely on simple 

heuristics to select employees. Having a specialized career history minimizes guesswork 

about a potential employee’s skillset on the part of employers, making specialists more 

likely to get the job (Ferguson and Hasan 2013; Zuckerman et al. 2003). Once in the door 

and set to work against generalists, specialists should out-perform generalists (due to 

their greater proficiency), perpetuating the success of specialization.  

However, this conventional wisdom appears inadequate to explain modern labor 

dynamics, such as the dramatic rise of (generalist) managerial positions that has taken 

place since 1970 (Wyatt and Hecker 2006). Recent studies in varying labor contexts have 

added nuance to our understanding of the costs and benefits of diverse careers. This 

research highlights the conditions under which generalism may be successful, due to 

                                                   
4 A version of this chapter was published in the Academy of Management Best Paper Proceedings; see Bruce 
(2018). 
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both labor market dynamics, such as the supply of specialists versus generalists 

(Merluzzi and Phillips 2016), and social network processes (Kleinbaum 2012). Recent 

scholarship has also documented a consistent increase in economic rewards for both 

analytically-skilled specialists and socially-skilled generalists (Deming 2017), 

complicating the notion that generalists under-perform compared to specialists, even in 

an increasingly technology-oriented economy. 

This final point—documented economic returns for both generalists and 

specialists—suggests a new avenue for research into the sociology and economics of 

employment, while simultaneously making the type of data necessary to address the 

topic comprehensively more complex. In this paper, I explore canonical theoretical 

models of specialist success and incorporate recent advances in skillset complementarity 

research to increase the precision with which we theorize employment in the modern 

economy. I use a particularly rich data set, consisting of the administrative personnel 

records of the domestic United States civil service between 1989 and 2011. These detailed 

employment data enable me to measure both individual and contextual features of the 

federal employment labor market, which in 2016 accounted for 1.8% of all US employees 

and 3.7% of US domestic economic output (Bureau of Labor Statistics 2017).  

After analyzing these data, it becomes apparent that career specialization is not 

universally advantageous. Focused generalists, who work in multiple roles within a 
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logically coherent occupational field, are more successful than their specialist peers. 

Relatedly, after holding constant other determinants, generalism is marginally more 

highly rewarded than specialism in both generalist- and specialist-dominated labor 

contexts. Structural benefits conferred by employment in an atypical sequence of 

positions also appear to strongly benefit employees, though this benefit is significantly 

reduced if an employee’s occupational history is sufficiently different from their peers’ 

histories as to make comparing them nearly impossible.  

The theories I build on and the results and conclusions discussed in this paper 

are subject to important scope conditions that differentiate this study from much prior 

research. A great deal of the work on specialization and its sociological cousin, 

categorical membership, focuses on a single moment in the employment process: getting 

hired for a job (e.g., Leung 2014; Merluzzi and Phillips 2016; Zuckerman et al. 2003; in 

entrepreneurship, see: Kacperczyk and Younkin 2017; in crowd funding, see: Leung and 

Sharkey 2013). Furthermore, many of these studies look at employment or related 

outcomes in open, competitive labor markets. Both of these features differ in important 

ways from the case studied herein. In instances of open, competitive hiring and 

financing, decision makers often have little to judge candidates on other than their 

resumes and nominal group memberships, and the observed outcome is typically the act 

of being hired or an initial salary or transfer of money. 
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This study, however, focuses on the quasi-internal labor market of the US federal 

civil service (cf. DiPrete 1989), where employees may move between organizations (i.e., 

government agencies), but all organizations share a common employment system and 

employee performance information held in one organization is readily portable across 

inter-organizational boundaries. As such, the information asymmetries that feature 

strongly in competitive open markets are much less likely to matter here, especially later 

in civil servants’ careers (Ferguson and Hasan 2013). Additionally, rather than focusing 

on the act of getting a job, I focus on the changes people undergo throughout their 

careers in this nation-wide labor market. These contextual differences inform the theory 

I develop in the next section and contour the interpretation of results below.  

1.1 Theory 

1.1.1 Specialization as Skill 

Scholars of employment, at least since Adam Smith ([1776] 1976), have argued 

that increasing specialization (i.e., greater sub-division of labor) leads to increased 

returns for workers via greater productivity. Greater productivity is achieved by 

focusing one’s efforts on a narrow(er) range of tasks; by winnowing down the requisite 

knowledge, tasks become easier to do well. As long as it is possible to efficiently 

coordinate highly specialized workers with the necessary skills, so the model goes, 
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workers who specialize should outperform those who generalize (Becker 1962; Becker 

and Murphy 1992).  

In this model, individual specialization directly equates to increased human 

capital (Becker 1962). That is, specializing in a given type of work purely reflects 

heightened ability to do that work well. In the specialization-as-human-capital literature, 

two influential processes have been documented: first, specialization leads to greater 

marginal productivity due to deeper expertise (the more time someone spends working 

on a given task, the better they ought to be at it); second, because of this increased 

productivity, specialists have more opportunity to be noticed and rewarded (Leahey 

2007; Leahey and Hunter 2012), compounding their initial advantage. In both of these 

processes, specialization leads to a measurable increase in the quality and/or quantity of 

work produced, which in turn feeds success. This process may be even further 

reinforced, favoring specialists, through the Matthew effect, wherein successful 

specialists attract a disproportionate level of attention, leading to further success 

(Azoulay, Stuart, and Wang 2013). Thus, a straightforward hypothesis from this 

argument is that specialization should lead to positive, non-declining economic returns.  

The specialization hypothesis has been largely confirmed in a long stream of 

research in labor economics (e.g., Becker 1962; Becker and Murphy 1992; Neal 1995; 

Rosen 1983; Scoones and Bernhardt 1998), which identifies increasing returns to 
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specialized human capital, both firm- and non-firm-specific. In this work, specialization 

is contextually dependent on two major factors: the divisibility of labor and the 

coordination of specialized workers. Divisibility is largely a technical feature of the work 

being conducted and the training workers receive. If the work is not systematically 

divisible, or there is rapid change in the constituent tasks of a broader process, 

specialization may impede the whole work process. Furthermore, workers must have 

the relevant training for their specialized area of work, which is also at risk of becoming 

irrelevant if tasks are changing too quickly, as may be the case when technology changes 

(Bartel, Ichniowski, and Shaw 2007). This feature of divisibility may lead employers to 

institute their own job training to ensure workers have the skillsets they desire in the 

wake of altered work organization (Osterman 1995).5  

Coordination is similarly influenced by worker training, as there must be enough 

shared knowledge among employees to string specialized tasks together. This fact limits 

the scope of specialization, as worker need a sufficient shared understanding of the 

work being done by others in order to connect the distinct, specialized parts. By 

developing a shared model of production among workers, what some scholars term 

                                                   
5 E.g., Microsoft recently created its own university-level courses in an effort to train more people in the data 
analytics skills it needs, which formal educational routes (i.e., high schools and colleges) are not currently 
fulfilling at a high enough volume (Marcus 2017).  
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“transactive memory,” organizations may increase their productive efficiency by 

reducing coordination costs (e.g., Miller, Choi, and Pentland 2014). 

1.1.1.1 Coordination and the generalist advantage  

The susceptibility of specialized workers to coordination problems has recently 

been identified as a potential avenue through which generalists may succeed, even in 

increasingly specialized industries. Deming (2017; see also: Deming and Kahn 2018), 

building on other recent work in labor economics (e.g., Autor, Levy, and Murnane 2003; 

Weinberger 2014), documents the increasing returns to non-routine social skills in the 

United States labor market from 1980 to 2012, largely brought on by the replacement of 

routine technical work by computers. This led to wage increases for workers in jointly 

social and analytical positions, as well as those in non-analytical but heavily social 

occupations. Occupations with analytical but not social skill concentration saw more 

modest increases in wages, although declining as a share of occupations worked, while 

occupations low on both dimensions saw an eventual decline in wages relative to 1980 

and a steady decrease in prevalence. These findings support the trope that analytically-

oriented jobs have grown in prevalence and pay over the past three decades, while 

simultaneously highlighting the overlooked fact that occupations requiring social skills, 

whether analytical or not, have also grown in volume and compensation.  
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The fact that both socially-demanding technical and non-technical work has 

grown should not come as a surprise, as managerial, healthcare, and educational jobs 

have proliferated in the past four decades (Wyatt and Hecker 2006). However, this 

contradicts the theoretical expectations of past economic analysis, as generalists (i.e., 

those with both analytical and social skills) appear to be capturing significant 

employment rewards equally along with socially-skilled specialists, and to a greater 

extent than technically-skilled specialists.  

Following this skill complementarity perspective (Deming 2017; Weinberger 

2014), new evidence hypothesizes that generalists should succeed in more specialized 

work environments, where they have the opportunity to act as the connective agents 

linking specialists together. This hypothesis is in keeping with the voluminous literature 

on work routines (Pentland and Feldman 2005), which highlights the degree to which 

organizations benefit from logically coherent task structures. As technological 

advancements increasingly force some workers to specialize, generalists have a greater 

opportunity to succeed by managing and translating between specialists. 

1.1.2 Specialization as a Signal (of Human Capital) 

In addition to studies of specialized human capital, a robust literature exists on 

the role of specialization as a signal of quality when information about worker ability is 

not available to the evaluative party in employment exchanges (Connelly et al. 2011), 
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particularly in instances of initial hiring. In the canonical sociological example, typified 

by Zuckerman et al.’s (2003) screen actors in an open labor market, employers evaluate 

potential employees on the basis of their role specialization, indicated by prior work 

histories. The underlying logic (in the employer’s mind) is that a person continually 

employed in the same type of work must do a good job at it, and thus is a safe bet for 

continued performance in the same role going forward. The drawback (for employees) 

in this scenario is that they may become typecast, and if so, must persist in the same type 

of work if they want to continue being hired. Over time, this rigidity may become 

interpreted as lack of skill, despite the fact that external pressures, rather than individual 

ability, led to an actor’s role specialization in the first place.  

The converse of specialization in open labor markets—role generalism—opens 

the employee to the risk of being labeled a dilettante: someone who knows a few pieces 

of information about a variety of topics, but never cultivates real expertise. Leung (2014) 

considers these individuals in the spot market of online task-based employment (e.g., 

Upwork or Amazon Mechanical Turk), finding that specialization is not as successful as 

a logically coherent generalist history; neither engaging in erratic movement between 

types of tasks, which is often the implied alternative to specialism, nor committing to a 

single type of task is as successful as moving through different but connected tasks that 

add up to a broader understanding of an entire task-area over time.  
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For both individual and organizational theories, specialization overcomes the 

information asymmetry that acts as a barrier to being hired; it is a signal to employers of 

likely (higher) quality (Spence 1973). This is particularly important in open labor 

markets, such as those studied by Zuckerman et al. (2003) and Leung (2014). But what of 

employment scenarios where employee quality is better understood by the employer 

(Spence 1976), such as in internal labor markets where employees may spend 

considerable portions of their careers?  

On one hand, specialization as increased skill may lead to success because 

specialists are more productive in their jobs, ceteris paribus, than generalists. And even if 

specialists may not outperform generalists in the long run with equal opportunities, the 

time from task origination to completion is likely to be shorter for specialists (Leahey 

2007), giving them more and earlier opportunities for recognition and reward. On the 

other hand, when information asymmetry is low, other factors may lead to what 

Merluzzi and Phillips (2016) call a “specialist discount,” wherein generalists out-perform 

specialists in the labor market. In particular, as the proportion of specialists increases, 

generalists may be more successful due to sub-optimal supply levels and their ability to 

attract employers’ attention among an otherwise homogenous applicant pool. However, 

as mentioned in the scope conditions discussed above, Merluzzi and Phillips (2016) 
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develop and test their theory in a unique hiring scenario, not a long-term study of 

continual employment. 

Ferguson and Hasan (2013) report the only long-term study of specialization as a 

signal of human capital in an internal labor market that this author is aware of. They 

examine administrative records of the corps of civil servants who entered the Indian 

Administrative Service (IAS) from 1974 to 2008, finding that specialists fared better than 

generalists in achieving posting to the central government in New Delhi (a beneficial 

early-career event), and that most specialists fared better long-term, though this 

depended on the field of specialization.  

Importantly, Ferguson and Hasan (2013) differentiate between signal-based and 

skill-based specialization, which both contribute positively to employees’ careers, but at 

different times during their tenure in the civil service. The effect of specialization 

attributed to signaling dissipates over time as the performance information asymmetry 

between managers and employees declines. Early in the observed careers, specialization 

is rewarded regardless of the area of expertise. However, skill-based expertise becomes 

more consequential over time, later positively predicting empanelment on important 

committees. In these later postings, it matters what area of skill an individual develops, 

not simply having a specialized career per se.  
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A significant caveat in Ferguson and Hasan’s (2013) study, and a major 

difference from Merluzzi and Phillips (2016) and others, is the prevalence of specialists 

in the context under study. The Indian Administrative Service is “‘very likely the largest 

cadre of generalist managers anywhere in the world’” (Ferguson and Hasan 2013:236), 

making specialists less common. By contrast, Merluzzi and Phillips (2016) study a labor 

market dominated by specialists. I consider these two divergent cases below by 

comparing predominantly specialist versus generalist contexts within the U.S. 

government.  

Thus far, the theorized mechanisms driving better outcomes for specialists and 

generalists are ultimately grounded in skills. Signaling theory explains how 

employment decision makers overcome information asymmetries, which are 

particularly acute early in employees’ careers. Later in their careers, both the skill 

complementarity and skill-preferential models, espoused by Deming (2017) and 

Ferguson and Hasan (2013) respectively, focus on the role of skills in enabling specialists 

and generalists to do well in their jobs. In addition to these skill-based mechanisms, 

social network analysis has elucidated another set of structurally-driven processes that 

may influence career outcomes apart from skill-specific processes.  
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1.1.3 Specialization and Social Capital 

Over and above skill-based processes, generalism may confer structural benefits 

in the form of increased social capital. Kleinbaum (2012) theorizes and empirically 

demonstrates that generalists in a large organization develop social networks that are 

more rich in non-redundant connections (i.e., more structural holes) over time. This 

diversity of ties results from the fact that generalists have, by definition, not worked in 

the same capacity for their whole career. Increased social capital, in the form of 

increased non-redundant network connections, has been linked to both informational 

and instrumental benefits (Burt 2000, 2004). Kleinbaum (2012) identifies two 

mechanisms through which generalism may have a positive impact on social capital 

accumulation: career diversity and career atypicality.  

Career diversity is often the rhetorical opposite of specialism; it is the lack of 

concentration in any task, role, and/or location. But over and above diversity, Kleinbaum 

(2012) demonstrates that having an atypical career path, not simply a non-concentrated 

career history, leads to greater opportunities for network advantage. This emerges 

because, while generalists should have more diverse connections than their specialist 

peers, it is the atypical generalist who should possess the greatest social capital by 

having different connections from both their specialist and (typical) generalist peers.  
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This theory builds on and has been confirmed by other studies, which cohere 

with the logic of network tie formation. Tie formation is, at a rudimentary level, a 

function of the people you happen to be around regularly (Marmaros and Sacerdote 

2006), among other socially important factors (McPherson, Smith-Lovin, and Cook 2001). 

By increasing the number and type of people encountered, a person is increasingly likely 

to develop a diverse social network, even in the presence of limited individual agency 

(Hasan and Bagde 2015). Atypical career paths confer a further advantage: while 

generalists have more diverse networks than their specialist peers, they may have all 

followed a similar path to each other, and thus have largely overlapping connections. 

The atypical generalist, however, develops not only a more diverse network than their 

specialist peers, but also a network that does not duplicate the networks of other 

generalists, leading to greater diversity of alter types (Burt 1997).  

The social capital-based theory of generalist advantage thus predicts atypical 

generalists should succeed over their specialist and typical generalist peers. 

Furthermore, this effect should persist over time, as it stems not from a signaling-related 

process, but from drawing on network ties as information sources. There are two 

important considerations born out in the analysis below pertaining to social capital-

driven generalist success. First, specialists may also be able to take advantage of non-

redundant information if they work in a location either (1) dominated by generalists 
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with non-redundant networks, or (2) they are in an environment that regularly brings in 

new employees from across the relevant labor context (in this case, both intra- and inter-

agency hiring).  

Second, just as the place of employment may establish new network ties for a 

stationary individual through inter- and intra-organizational hiring, there are multiple 

avenues through which a mobile individual may establish new network ties (Kleinbaum 

2012). For example, the U.S. Federal Reserve has a central headquarters in Washington, 

D.C., twelve regional banks around the country, and further satellites in numerous cities 

within the twelve districts. An economist working at the Fed would have the same job-

based career profile whether she was an economist in every regional bank location or 

only if she only worked at a single bank, yet her social capital would likely be greater if 

she worked in each regional location, establishing a nation-wide social network. Her 

social capital would also be different if she remained in Washington, D.C., but worked 

as an economist at the Departments of Commerce and Treasury. It is thus important to 

measure both career-specific concentration, which may lead to increased social capital 

regardless of employment location, as well as other, location-driven sources of career 

diversity, which may lead to numerous new social connections regardless of the 

occupation an employee works in. 
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Labor economists, management theorists, and sociologists have all contributed to 

the evolving theoretical landscape explaining specialists and generalist career dynamics. 

While the old assumption of a specialist advantage has been replicated in recent studies, 

contextual differences between specialist-dominated internal labor markets and these 

studies, alongside empirical evidence that generalists have been succeeding in the 

modern economy, raise questions about our employment models. The remainder of this 

paper elaborates the empirical strategy I use to test the claims from the theories 

discussed above, and to suggest future avenues for research on this question.  

1.2 Data & Methods 

I use the Office of Personnel Management’s (OPM) Central Personnel Data File 

(CPDF) to test the hypotheses discussed above. These administrative records cover the 

employment of most United Stated civil service employees from 1989 through 2011. The 

US Postal Service and individuals in ‘sensitive’ positions related to law enforcement and 

national security are excluded, and I discard all records for Department of Defense 

employees and those with employment locations outside the United States. Records are 

structured as annual snapshots of each employee’s status, and include information on 

each employee’s occupation, salary, location-based pay increases, the agency and bureau 

of employment, geographic location of work, age range, gender, race, and education 

level. Records also include indicators of managerial status and scientific function, where 
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applicable, separate from occupational titles. In the analyses presented below, I use a 

stratified 10% random sample of full-time employees, amounting to 1.2 million person-

year records. Table 1 below presents descriptive statistics for the variables discussed in 

this section.  

1.2.1 Dependent Variable 

I focus on one primary outcome in this analysis: income. Income is recorded as 

the annual base salary for employees, adjusted for inflation relative to 2011. Annual 

salary excludes performance bonuses and geographically-determined pay increases, 

known as locality adjustments, which adjust civil servant compensation to account for 

living in more expensive metropolitan areas. Promotion is very closely linked to pay, as 

federal salaries are determined by a formulaic recipe of grades (major pay levels) and 

steps (minor differentiations within grades). Grades are ordered from 1 to 15, with 10 

steps along each grade, where higher grade/step values correspond to higher pay. There 

are multiple “schedules” that outline the pay range associated with any grade/step 

combination, but the vast majority of federal personnel are compensated according to 

the General Schedule (Office of Personnel Management 2017). After controlling for the 

employees’ pay level, any difference in basic pay between employees of the same grade 

can be interpreted as their marginal reward over the formally required pay level. 
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1.2.2 Independent Variables 

1.2.2.1 Specialization  

While scholars have utilized a variety of measures for specialization, many 

recent studies have converged on the Herfindahl index, which captures the level of 

concentration among potential options in given field (Ferguson and Hasan 2013; 

Kleinbaum 2012). I employ a modified Herfindahl concentration index, 

!"#$%&'%(&)%*+,- =/!,01
2

034
, 

where !,01 	measures the squared proportion of years individual i spent in 

category c, summed across all categories (C) occupied by individual i during their tenure 

up to and including year y. This value is calculated for each person-year, generating a 

time-varying specialization score. For example, consider an individual who worked as a 

clerk for seven years and then an office manager for three years. This employee would 

have a concentration index of 0.58 during their tenth year of employment, as follows: 

78 710<
1
+	8 310<

1
? = 0.58 

This index score ranges from 0 to 1, where 1 represents perfect concentration (i.e., the 

employee has been in the same category in every year up to the focal person-year).  

An important consideration in the measurement of specialization centers on the 

thing that employees are specializing in. In many studies, that ‘thing’ is the job or 
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occupation. However, evidence suggests that this single measure may miss important 

dynamics taking place as careers unfold, such as skill development in a logically 

coherent field of expertise (e.g., Leung 2014), which would generate an identical job-

based specialization score regardless of the coherence of jobs held, so long as the 

duration in each position was the same. As such, I calculate scores based on employees’ 

occupations, occupational fields, geographic location, bureau, and agency.  

In addition to these indices, other scholars have relied on categorical measures of 

specialization (e.g., Merluzzi and Phillips 2016), which researchers assign according to a 

review of relevant career history details. I also include a categorical measure of 

specialization assigned by the government according to detailed personnel guidelines, 

which indicate if a white-collar employee engages primarily in professional or 

administrative work. “Professional” work is distinguished from “administrative” work 

largely by the specificity of training or expertise necessary to carry out said work. Per 

OPM’s Guide to Data Standards (2014), professional positions “require knowledge in a . . . 

specialized field,” while administrative positions, “do not require specialized 

educational majors, [though] they do involve the type of skills (analytical, research, 

writing, judgment) typically gained through a college level general education, or 

through progressively responsible experience.” Thus, professional positions are 

categorized by the government as specialized roles, while administrative positions are 
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considered generalist. (Not all positions are categorized as either professional or 

administrative, but all Senior Executive Service employee positions are assigned one of 

these two values.)  

1.2.2.2 Atypicality 

In addition to occupational and other forms of specialization, scholars have 

noted the importance of atypical patterns of social interaction, especially as they relate to 

the development of social capital (Hasan and Bagde 2015; Kleinbaum 2012). As such, 

evaluating the atypicality of career sequences, which increases the likelihood of diverse 

social connections, is a paramount concern in this project. I follow the logic, though not 

the same analytical methods, employed by Kleinbaum (2012), wherein individuals are 

first classified into coherent clusters of roughly similar career paths and then evaluated 

relative to their assigned cluster’s typical career sequence to establish how similar they 

are to a meaningful reference group. The guiding intuition behind this process is that 

reference groups matter substantially; employees’ careers are not compared relative to 

everyone in a given organization, but instead are considered alongside similar others. 

Furthermore, while Kleinbaum (2012) estimates a single, cross-sectional value at the end 

of the observation period, I calculate an annually-updating atypicality measure, based 

on recent developments in the use of social network analysis tools for social sequence 

analysis (Cornwell 2015). 
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I begin by identifying a bipartite network of individuals and the occupations 

they held as of a focal year in every government bureau with more than 10 employees in 

the focal year. This network is then reduced to a set of unique, structurally-equivalent 

occupational arrangements; that is, each unique combination of occupations observed in 

the data is represented by a single node connected to the occupations that make up this 

profile. This process does not preserve order, frequency, or duration, which are 

incorporated into the second step following community assignment. Based on this 

reduced network, I conduct a form of community detection known as label propagation 

with bipartite recursively induced modularity maximization (LP-BRIM; Liu and Murata 

2009).6 The LP-BRIM algorithm inductively identifies the number of communities (i.e., 

arrangements of occupational connectedness) that maximizes “the number of edges 

falling within groups minus the expected number in an equivalent network with edges 

placed at random” (Newman 2006:8578; see also: Barber 2007). This process generates 

bureau-year-specific occupational clusters, and every person who works in the focal 

bureau during that year is assigned to one of these clusters. Individuals whose 

occupational arrangement is entirely non-generalizable are placed in their own clusters.  

                                                   
6 Community detection via label propagation with bipartite recursively induced modularity maximization 
(LP-BRIM) implemented with the LP-BRIM package and “findModules” command in R. See more at: 
https://cran.r-project.org/web/packages/lpbrim/ (last accessed December 19, 2017).  
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Following the community assignment procedure, I create a cosine similarity 

matrix for each identified community of employees based on the ordered sequence of 

occupations held. Positions in these sequences are the occupational code for each 

employee in every year where they worked for the federal government. Years of non-

government employment are given a unique value in these sequences, so individuals 

who began employment at the same time, but at a later time than some of their peers, 

are considered more similar to each other. From these similarity matrices, I calculate the 

atypicality of each employee’s occupational sequence as 1 minus the average similarity 

of the individual to their cluster’s cosine similarity scores. 

Individuals who are not assigned to a community with other employees are 

given an atypicality score of 1 and are identified with a dummy variable to control for 

this feature in later analyses. The whole process is conducted for every bureau, in every 

year, where more than 10 people work at the bureau in that year, thus generating a time-

varying measure of occupational atypicality for the vast majority of employees. This 

atypicality score, like the specialization indices, ranges from (asymptotically 

approaching) 0 to 1, where higher values represent more atypical occupational 

sequences.  
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1.2.2.3 Social capital 

Another central feature of the employment processes theorized above is social 

capital. In addition to the diversity of locations each employee worked, I calculate four 

variables that measure the influx of new personnel at every bureau location in every 

year, based on: (1) new hires from outside the government; (2) new hires from different 

agencies; (3) new hires from the same agency but different bureau; and (4) new hires 

from the same bureau but different physical location.  

1.2.2.4 Contextual variables 

In addition to individual and hiring-related sources of social capital, the model 

elaborated above also stresses the contextual factors that influence specialist and 

generalist career outcomes. Foremost, it is necessary to account for the predominance of 

specialists and generalists in each employment location. I calculate the agency, bureau, 

and bureau-location mean specialization along each of the dimensions listed above 

(occupation, occupational field, geographic location, bureau, and agency), as well as the 

average occupational atypicality at these levels. I categorize bureaus as “specialized” 

with a dummy variable equal to 1 if that bureau’s average employee occupational 

specialization is at or above the median level of occupational specialization for all 

bureaus in that year. This creates a division between specialist- and generalist-

dominated workplaces.   
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1.2.2.5 Control variables  

In addition to these core variables, I also control for the length of time an 

individual has been employed by the federal government. In non-fixed-effects models, I 

account for individuals’ age, race, and gender. I also include dummy variables 

indicating if an individual moved to a different bureau or agency in a given year, if the 

control of a bureau was moved to a different agency, and if an employee was 

compensated according to the General Schedule, SES, any of the other five pay plans 

which paid individuals over $250,000 per year. I included these latter control variables 

to account for several anomalously high salaries.  

1.2.3 Analytic Approach  

I estimate ordinary least squares (OLS) regression models predicting inflation-

adjusted salary with individual, fiscal year, and grade fixed effects. This approach 

controls for time-invariant individual attributes (Allison 2009; Halaby 2004), such as 

underlying ability or personality, which may influence their career performance. By 

including the salary grade, it also controls for the mandatory minimum salary an 

individual at each grade would receive. A key feature in this analysis is the non-

monotonicity of effects (i.e., squared terms). Rather than present every analysis with 

numerous specifications including or omitted squared terms, I present the best-fitting 

version of each model, which was determined by iteratively comparing the Bayesian 
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information criterion (BIC) for models with and without squared terms. The full results 

of these comparisons are available upon request from the author. 

 

Table 1: Descriptive Statistics 

Variable Mean Std. Dev. Min. Max. 
Inflation-Adjusted Pay 57,665.14  26,011.60   1,938.11  269,538.40  
Pay Grade* 8.81 3.76 1 16 
Occupational Specialization 0.88 0.21 0 1 
Location Concentration 0.63 0.45 0 1 
Bureau Concentration 0.83 0.33 0 1 
Agency Concentration 0.95 0.14 0 1 
Occupational Atypicality 0.30 0.17 0 1 
Atypicality = 1 Dummy 0.01 0.11 0 1 
Occupational Field = 1 Dummy 0.82 0.38 0 1 
Specialized Bureau Dummy 0.49 0.50 0 1 
Bureau New-to-Gov’t Hires 666.99 1162.54 0 6366 
Intra-Bureau, Cross-Location Hires 1.04 9.64 0 413 
Cross-Bureau Hires 33.69 158.43 0 2805 
Cross-Agency Hires 75.66 540.46 0 7540 
Bureau Location Employment 456.26 896.30 1 4809 
Department Re-org. Dummy 0.04 0.20 0 1 
Employee Bureau Switch Dummy 0.03 0.18 0 1 
Years of Service 6.57 5.12 1 22 
GS Pay Scale Dummy 0.81 0.39 0 1 
Highly-compensated Pay Scale Dummy 0.01 0.12 0 1 
Missing Location Dummy 0.30 0.46 0 1 
N = 1,089,438 
* Employees on the SES Pay Scale recoded to have Pay Grade = 16 

 

Having estimated the models presented below, I then use marginal effects 

estimation as a method of visualizing and assessing the impact of independent variables 

while holding all other variables at their mean values (unless noted otherwise). These 
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marginal effects visuals cleanly incorporate the non-monotonic effects of specialism and 

atypicality, enabling the examination of predictors’ influences on salary and promotion.  

 

1.3 Results 

Table 2 presents three OLS models predicting inflation-adjusted salary with 

individual, year, and pay grade fixed effects. Model 1 contains only the control 

variables. Model 2 adds linear terms for four types of specialization. Model 3 includes 

the squared terms for occupational and location specialization. Finally, Model 4 includes 

the occupational atypicality measure. Coefficients in these models are in constant 

dollars.  

Model 4, which includes both squared terms for occupational specialization and 

location concentration as well as the atypicality measures, clearly best-fits the data, as 

illustrated by the lowest AIC and BIC values. This tells us that the most basic hypothesis 

about specialization—namely, that it consistently leads to positive returns—is incorrect. 

The U-shaped effect for Occupational Specialization suggests that both specialists and 

generalists are rewarded in the civil service, while having moderate levels of 

specialization appears to be least-optimal, net of other variables.  

The skill complementarity hypothesis posits that generalists should be most-

rewarded in contexts with more specialists. To differentiate between specialized or 
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generalized bureaus, I re-estimate Model 4 with an interaction between the Specialized 

Bureau dummy variable and the Occupational Specialization variables. Figure 3 plots 

the marginal effects of Occupational Specialization separately for specialist and 

generalist bureaus. There are two key takeaways from Figure 3. First, at all levels of 

occupational specialization, employees at specialized bureaus make, on average, more 

than their peers at generalized bureaus. Second, in support of the skill complementarity 

hypothesis, more generalized occupational histories (i.e., those with low values on the x-

axis) are associated with higher pay in specialized workplaces relative to generalized 

bureaus. The decreasing return to specialization in generalist bureaus is an unexpected 

finding, contradicting Ferguson and Hasan’s (2013) conclusion that specialists succeed in 

internal labor markets dominated by generalists. 

Figure 3: Marginal Effect of Occupational Specialization by Bureau-level 
Specialization, 95% CI 
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Table 2: OLS Regression Models Predicting Inflation-Adjusted Salary 

 

Variables Model 1 Model 2 Model 3 Model 4 
Occupational Specialization  -543.0*** -12949.9*** -8338.3*** 

  (54.35) (391.3) (350.0) 
Occupational Specialization2   8535.1*** 5752.2*** 

   (266.5) (238.4) 
Location Concentration  585.7*** 4508.0*** 3479.9*** 

  (79.95) (574.7) (513.9) 
Location Concentration2   -2711.6*** -2209.1*** 

   (390.0) (348.7) 
Bureau Concentration  -985.2*** -1005.1*** -810.8*** 

  (106.2) (106.1) (94.88) 
Agency Concentration  307.8* 324.5* 122.9 

  (130.5) (130.4) (116.6) 
Occupational Atypicality    37665.1*** 

    (256.5) 
Occupational Atypicality2    5583.9*** 

    (336.5) 
Atypicality = 1 Dummy    -30151.0*** 

    (157.9) 
Bureau New-to-  1.886*** 1.892*** 1.891*** 1.322*** 
   Gov’t Hires (0.0110) (0.0110) (0.0110) (0.00995) 
Intra-Bureau, Cross- -2.344*** -2.329*** -2.360*** -6.021*** 
   Location Hires (0.690) (0.690) (0.689) (0.616) 
Cross-Bureau Hires -0.153* -0.185** -0.188** -0.313*** 

 (0.0634) (0.0634) (0.0634) (0.0567) 
Cross-Agency Hires 0.0892*** 0.0947*** 0.0894*** 0.0214 

 (0.0173) (0.0173) (0.0173) (0.0155) 
Bureau Location  1.730*** 1.715*** 1.745*** 1.207*** 
   Employment (0.0224) (0.0225) (0.0225) (0.0202) 
Constant 42355.2*** 43028.9*** 46002.1*** 36492.8*** 

 (115.2) (157.5) (239.8) (217.5) 
N 1,089,438.00 1,089,438.00 1,089,438.00 1,089,438.00 
AIC 21,956,213.3 21,955,884.3 21,954,645.4 21,710,850.6 
BIC 21,956,534.6 21,956,253.2 21,955,038.1 21,711,279.1 
Standard errors in parentheses. All models include year, individual, and pay grade fixed effects, as 
well as control variables for missing duty station, bureau reorganization, employee movement 
across bureaus, a GS pay-scale indicator, and an indicator for highly compensated pay scales. 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Another key prediction, based in part on Leung (2014), is that occupational 

generalism should be more beneficial for those who remain in a coherent occupational 

area. OPM classifies occupations into 59 broad occupational groups, such as the 

“Accounting and Budget” group, which includes such related titles as “Accounting 

Technician,” “Tax Specialist,” and “Budget Analysis.” By working in multiple 

occupational positions within a single occupational group, employees may develop 

mastery over a coherent set of related skills, which is qualitatively different from a 

generalized experience in multiple occupational groups. To evaluate this claim, I re-

estimate Model 4 from Table 2, interacting a dummy variable indicating if the employee 

has worked in only one occupational group up to that point in their career. 

Figure 4 plots the marginal predicted effect of occupational specialization, 

differentiated by the occupational group dummy variable. Looking at the lower, dashed 

line, which represents those who worked in only one occupational area, we see a strong 

effect, where having more-generalized experience (i.e., having worked in the most 

occupations within an occupational area) leads to the highest level of pay. This comports 

with Leung’s (2014) study, but extends the finding to repeated observations over the 

length of employees careers, not just in initial hiring.  
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Figure 4: Marginal Effect of Occupational Specialization by Working in One 
versus Multiple Occupational Groups, 95% CI 

 

Turning to the location-related concentration variables, two patterns emerge. 

First, Location Concentration has a clearly positive main effect, but also a strong 

declining marginal return. This inverse U-shaped effect indicates that movement 

through locations, all other factors held at their means, is beneficial to a point, but can 

lose its positive effects if the individual moves too much. This effect may be driven by 

the competing forces of social networks and category spanning, in which some 

geographic movement helps employees by establishing non-redundant network ties, yet 

too much movement indicates a potentially erratic or difficult employee for managers, 

leading to the declining marginal return. This interpretation fits with the negative effect 

56
00

0
57

00
0

58
00

0
59

00
0

60
00

0
Li

ne
ar

 P
re

di
ct

io
n 

in
 D

ol
la

rs

0 .1 .2 .3 .4 .5 .6 .7 .8 .9 1
Occupational Specialization

Multiple Occupational Groups 1 Occupational Group



 

 

37 

of Bureau Concentration, which indicates that movement across bureaus is beneficial, as 

it expands the social networks between major organization divisions. Agency 

Concentration is insignificant in Model 4 (and relatively small across models, compared 

to other predictors), suggesting that other independent variables are likely absorbing 

most of the variance due to location-based concentration.  

Occupational Atypicality and its squared term are both positive and have large 

effects on predicted salary. However, the dummy variable indicating if a person was 

unclassifiable in that year also has a strong negative effect. Thus, while there appears to 

be a definite benefit to atypical careers, this coefficient should be read as substantially 

smaller than the direct effect alone. A potential interpretation, based on the signaling 

theory discussed above, is that atypicality is only advantageous early in employees’ 

careers or during an employment switch. However, Model 4 controls for both tenure 

and whether the employee moved between bureaus (and thus, agencies as well) in any 

given year. To further test the robustness of this relationship, I created a categorical 

variable indicating, for each person-year record, if the employee was early in their career 

(less than five years employment), had a slightly longer duration (5-10 years 

employment), or a clearly established record (+10 years of federal employment). I then 

estimated the marginal effect of atypicality separately for these three groups (holding all 

other variables at their means; estimation no shown but available upon request). At each 
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level of employment duration, the effect was nearly identical and strongly positive. As a 

final robustness check of this result, I estimated the predicted marginal effect of 

atypicality for only employees whose atypicality score did not equal 1, which had no 

substantive effect on this result.  

1.4 Discussion 

This paper began by questioning the strategy of career specialization. Historical 

economic models and more recent, category-based sociological research (Goldberg, 

Hannan, and Kovács 2016) have amply documented the penalties to category-spanning 

generalists, whether products or people. However, newly accumulated evidence 

suggests mechanisms by which generalists may, in fact, out-compete their specialist 

peers (Deming 2017; Kleinbaum 2012; Leung 2014; Merluzzi and Phillips 2016). This 

paper considers these prior studies and offers a partial integration of their theoretical 

contributions. Furthermore, it empirically tests the competing claims made by these 

scholars and the successful specialist assumption they critique.  

A singular statement of the findings herein is that specialism by no means 

guarantees a path to employment success. Nor, however, are generalists always the clear 

winners. Employees who work in multiple roles within a coherent occupational field, 

thereby becoming focused generalists, outperform their single-role specialist neighbors. 

Generalism is also shown to be, on average, more successful than specialization in 
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workplaces dominated by specialists. Holding all other factors at their average levels, 

employees with atypical careers are especially successful, though this success is 

significantly reduced if their atypicality is so high that they are incomparable to other 

employees in the same workplace.  

1.4.1 Limitations and Future Research 

This analysis raises as many questions as it answers. One mechanism, alluded to 

above, suggests that employees with skills that overlap with their coworkers likely see a 

benefit due to their role in enhancing workplace coordination. To test this argument, I 

estimate a simple OLS model using grade as the outcome variable.7 I also include a 

different primary predictor variable: what percent of the occupations in a bureau has an 

employee worked in? Figure 5 plots the marginal effect of moving up the deciles of 

occupational overlap, holding other variables at their mean effects. Figure 5 strongly 

suggests that how an individual’s occupational history fits with their employment 

context matters for their movement up the grade levels of the federal civil service. At the 

lowest end (i.e., the 2nd decile of overlap relative to the 1st), there is a small but positive 

effect. This effect grows in magnitude as overlap levels increase.  

                                                   
7 The model controls for number of occupations worked, years of service, managerial dummy variable, an 
indictor if the person moved bureaus, and individual and year fixed-effects. 
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Figure 5: Marginal Predicted Effect of Occupational Overlap Decile on Grade Level 

 

Chapter 2 takes the finding presented in Figure 5 as a theoretical launching 

point, developing a mechanistic account of how occupational overlap—conceived as 

coordinative capabilities in the next chapter—leads to movement up the formal levels of 

the federal civil service.  

Future work, outside the federal context, will need to empirically replicate these 

findings in sufficiently comparable labor contexts. Additional features of the 

employment process will also need to be incorporated, especially the role of managerial 

preferences, which are hard to account for with fixed-effects analyses (as managers 

change over time), and the effects of employee performance. Employee performance is 
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especially difficult to grasp in many studies, as employers are reluctant to share negative 

employee evaluations. Nonetheless, external proxies, such as organization-level 

performance outcomes, may be available to approximate employee performance.  

Finally, future work on this topic will need to grapple with the social status of 

the positions employees work in (Leung 2014:154). Work on organizations and their 

products and services has demonstrated that high social standing can compensate for 

deviations from expected behavior (e.g., Sharkey 2014). The same process may play out 

in employment dynamics, whereby specialists or erratically atypical generalists who 

work in high-prestige positions are highly compensated in spite of their expected 

disadvantages.  

As new evidence continues to emerge on the interconnected nature of 

technological specialization and interpersonal, generalist skillsets (Deming and Kahn 

2018), scholars of employment dynamics will need to continue theorizing and 

empirically measuring the returns to different career strategies. While specialization has 

historically been successful, the rapidly change technological landscape has upended 

some of our central assumptions about successful employment patterns. This paper 

finds that those changes have taken place inside the U.S. civil service, one of the largest 

internal labor markets in the country, underscoring the need for related studies in 

additional employment sectors.  
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2. Skillsets, Coordinative Capabilities, and Employment 
Outcomes in the US Civil Service 

What makes a person’s skillset valuable? One branch of scholarship on this 

question, within sociology and organizational theory, focuses on skill-related 

determinants of organizational outcomes, such as product development (de Vaan et al. 

2015; Vedres and Stark 2010) and organizational learning (Zappa and Robins 2016). This 

line of research is insightful for understanding how employees’ skillsets influence 

organizational performance, yet individual-level outcomes, which are an important 

component of intragenerational mobility and economic inequality (Byun, Frake, and 

Agarwal 2018; Kalleberg and Mouw 2018), are rarely addressed. A second line of 

research in personnel economics theorizes individual-level outcomes in labor markets as 

a function of skill-based human capital (Gibbons and Waldman 2006; Lazear 2009). 

Despite the profusion of formal economic models, there has been little empirical work 

testing their validity. Thus, there remains an enduring gap in our understanding of how 

skillsets relate to employment outcomes for workers due to a lack of research on the 

person-level mechanisms that drive well-documented aggregate patterns (Kalleberg and 

Mouw 2018; Rosenfeld 1992). 

Several scholars have begun confronting this issue, both within economics and 

sociology (e.g., Deming 2017; Leung 2014). This paper joins their efforts by combining 

recent insights on labor market processes and organizational performance to develop a 
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theory of contingent skillset value for individual outcomes. The model put forth is 

grounded in core tenets of human capital theory, which are then expanded by a social 

capital-informed perspective on skills as context-dependent resources. Whereas human 

capital models have historically viewed skills as held by atomized individuals, this 

paper emphasizes social-situational determinants of skillset value and empirically 

demonstrates how the mechanism of skills-in-context affects individual mobility. In 

short, this paper theorizes that when employees hold skills in common with their 

coworkers, they are able to facilitate information translation in the workplace and 

coordination among their coworkers. This coordinative capability is theorized to be 

especially valuable when few others possess the requisite skillset to understand the 

work being done by coworkers, and when the number of coworkers’ own unique skill 

profiles increases, which leads to downstream mobility for uniquely translational 

employees and those in more complex workplaces. The theoretical argument is tested in 

the context of the US civil service using an unprecedented administrative dataset on the 

careers of federal employees from 1979 to 2014. 

Given the focus on civil servants, an important scope condition of the theory 

developed is its focus on full-time, salaried employees in quasi-internal labor markets.8 

Notwithstanding considerable discussion of the demise of such occupations and careers, 

                                                   
8 This is an important difference from some recent, related scholarship, which explicitly focuses on spot 
labor markets and non-standard employment (e.g., Leung 2014, 2017).  



 

 

44 

Bureau of Labor Statistics (BLS) data show a consistent increase in the proportion of 

employees compensated by salary, rather than an hourly wage, since the mid-1990s.9 

Furthermore, in the first quarter of 2017, just under 40% of American workers were 

employed by organizations with 1,000 or more employees, a share that has increased 

every year since 2003.10 While there is no doubt that non-standard work is an important 

feature of modern labor markets, the ‘typical’ career still exists for many employees in 

large organizations,11 and this paper speaks to their employment experiences.  

The results presented confirm the theoretical argument: increasingly sharing 

skills with coworkers positively predicts later promotion. Skills are identified using a 

novel application of natural language processing to a corpus of context-specific job 

descriptions. Furthermore, the presence of alternative skillset paths between coworkers, 

which represent sources of skillset redundancy, is shown to reduce the positive benefit 

of skillset connectedness, though to different degrees depending on the outcomes (i.e., 

salary versus authority level). Having identified these factors, the paper explores 

contextual features that make connective skillsets more or less valuable, especially the 

complexity of the workplace. Predicted marginal effects demonstrate that connective 

                                                   
9 See Table 10 of BLS Report 1061: Characteristics of minimum wage workers, 2015, available at: 
https://www.bls.gov/opub/reports/minimum-wage/2015/home.htm (last accessed January 21, 2018).  
10 See Table F, “National Business Employment Dynamics Data by Firm Size Class” from the BLS, available 
at: https://www.bls.gov/web/cewbd/table_f.txt (last accessed July 14, 2018).  
11 See BLS report on “Contingent and Alternative Employment Arrangements,” available at: 
https://www.bls.gov/news.release/conemp.toc.htm (last accessed July 13, 2018).  
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skillsets are increasingly valuable as the number of skillsets in a workplace goes up; in 

other words, as it becomes harder to coordinate employees, the ability to do so is 

increasingly rewarded. These results are shown to be robust to multiple model 

specifications. 

This paper contributes to theories of social capital, human capital, and 

employment mobility by theorizing a mechanism that enables workplace 

communication and coordination. This mechanistic account shows that not only does 

opportunity (i.e., social capital) matter, the ability to capitalize on social capital is also an 

important component of how people get ahead in large organizations by capturing the 

value present in their informational networks. This capability is represented by the 

human capital a worker accumulates during their tenure in the broader labor market, 

which may have differential value across workplaces and over time.  

This paper also contributes to the empirical study of employment. First, it 

establishes a novel method of measuring skills in career history data that, to the author’s 

knowledge, has not been used before. This method enables a more granular and context-

specific approach to assessing the skills acquired on the job, which are shown to be 

instrumental in how people achieve upward employment mobility. Second, it presents a 

large-scale longitudinal study of workplace dynamics in a context that represents a 

substantial segment of the US workforce. Federal government employment represented 
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1.8% of total US employment in 2016, while state and local government personnel, many 

of whom work in similar labor contexts, accounted for an additional 12.4% of workers in 

the same year.12 This paper thereby adds to empirical knowledge on skills, occupations, 

careers, and mobility by developing and microanalytically testing a theory of individual-

level career dynamics. 

The paper proceeds by briefly reviewing economic theories of human capital, 

which are then integrated with skill-based sociological theories on organizational 

performance, extending the sources of returns to human capital to include social 

determinants of mobility. The following section discusses the civil service in greater 

detail, highlighting the government’s emphasis on coordinative skillsets as a source of 

value to be rewarded. The data, measurement strategy, and analytical methods are then 

discussed, and regression results are presented. The paper concludes by discussing 

implications of the results and their generalizability, limitations of the current study, 

and questions to be addressed in future research.  

2.1 Skills as Human Capital  

Modern empirical research on workplace mobility and skills emerged largely 

from the seminal work of Gary Becker and his contemporaries (cf. Becker 1993; for a 

                                                   
12 See: BLS data, “Employment by Major Industry Sector, 2006, 2016, and Projected 2026,” Employment by 
Major Industry Sector, available at: https://www.bls.gov/emp/ep_table_201.htm (last accessed September 9, 
2018).  
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recent review, see: Kalleberg and Mouw 2018). Following their research, personnel 

economists mostly focused on explaining employment outcomes as processes of skill 

accumulation, skill signaling, and organizational learning (about employees’ skills and 

effort in applying them). In the canonical model, time spent learning on the job in a firm 

confers skills whose value is highest in that firm; skills are transferable between firms 

but (almost) always at a discount (Becker 1993). Becker’s human capital model achieved 

popularity in part because it lent itself to analyzing who (workers or employers) ought 

to pay for skill acquisition in an economically rational system. However, despite the 

theoretical convenience and straightforward policy prescriptions, irregularities in 

empirical analyses raise concerns about the accuracy of Becker’s model in capturing the 

observed world (Gibbons and Waldman 1999). In one prominent example, Baker, Gibbs, 

and Holmstrom (1994) find substantial deviations from theoretically-predicted wage 

dynamics in a firm’s internal labor market.13 They conclude by emphasizing the need for 

more data to empirically validate the profusion of human capital theories. 

Two related, influential concepts emerged in response to these irregularities. The 

first is task-specific human capital, based on the proposition that “human capital 

                                                   
13 Other scholars argue against firm-specific human capital, noting that frictions in skill transferability arise 
at other, more important analytical levels. Occupation-specific and industry-specific human capital have 
been proposed as better levels of aggregation, given high levels of skill transferability between firms. 
Despite the profusion of studies, empirical contradictions remain. I limit my discussion of these measures 
largely because the concept of task-specific human capital captures many of the same processes in a more 
refined manner (Gibbons and Waldman 2006:75–76). 
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accumulated in one job will typically lose value in another job that requires a different 

mix of skills” (Gibbons and Waldman 2006:63). Whether an employee moves across 

firms, occupations, or industries is theoretically immaterial (p. 90); the focal mechanism 

is the similarity of the skillset required between two positions, even two associated 

positions in the same firm.14 Lazear (2009) proposes a similar mechanism in his “skill-

weights” approach to human capital, theorizing that skills necessary in a job are drawn 

on to different degrees between firms. In both formalizations, changes in the demands 

placed on workers generate wage differences despite static skillsets.  

These developments in human capital theory are core to the model developed 

herein. However, this paper argues that the economic models take a much too atomistic 

view of employees and skillsets. Most workers are not in a continual state of change 

between jobs and firms, particularly among the full-time workforce of professional 

services organizations like the federal government. Moreover, despite considerable 

scholarly attention on interfirm employment mobility, a substantial portion of 

                                                   
14 A central concern for Gibbons and Waldman (2006) is explaining cohort effects in long-term wages. Baker 
et al. (1994) document consistent wage differences across cohorts that appear unrelated to cohorts’ 
demographic and educational composition. Gibbons and Waldman argue that cohorts with lower long-term 
wages entered employment during an economic downturn, pushing more employees into low-skill jobs 
where human capital accumulates slower. Stated differently, these individuals started with both a lower 
intercept (a recession pushed starting wages down) and then experienced reduced slopes (lower-quality jobs 
conferred human capital at a slower rate). Given that the labor market conditions in place at the time when 
an individual is hired do not change, this phenomenon is partially captured in my use of individual fixed 
effects. Gibbons and Waldman (2006:90–92) are also circumspect about the ability of their model to capture 
wage dynamics in ILMs, which is surprising given their direct response to Baker et al., who consider the 
firm in their study to be at least partially characteristic of ILMs (1994:923).  
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intragenerational wage inequality emerges while employees remain with the same 

employer (Mouw and Kalleberg 2010; see also Kalleberg and Mouw 2018). Thus, the 

wage value of employees’ skills frequently changes despite their remaining stationary 

(i.e., in the same job at the same employer), highlighting the need for a more expansive 

theory of wage dynamics and skill value.  

This paper builds on the task-specific and skill-weights approaches by theorizing 

a complementary process: changes in context that occur regardless of change in a given 

individual’s human capital, job, or employer. This approach emphasizes the linkage 

between an employees’ skillset (i.e., the total amount of work-related knowhow an 

employee has gathered up to some point in their career) and the employment context. 

Changes in skillset value come from an employee’s skill-based fit with their coworkers, 

providing a potentially continuous source of contextual change, whether or not the focal 

employee moves to a new position.  

Skill-based fit in the workplace influences workers’ compensation because the 

vast majority of work is rarely completed in isolation, especially in large professional 

services organizations (Thompson 1967). Human capital acquisition alone does not 

matter if it does not fit the labor context, which may change for a variety of reasons 

having little to do with any single individual’s skillset or the emphasis placed on 

enacting skills learned on the job (e.g., due to the differential adoption of technology 
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between divisions in an organization [Acemoglu and Restrepo 2018; Bartel, Ichniowski, 

and Shaw 2007]). This line of theorizing motivates an analytical turn away from the 

specialist-generalist debate toward a focus on how employee skills match their work 

environments, which may be accomplished equally well by specialists or generalists.15 

The basis for this theory is an understanding that human capital is best captured by 

skills, which have variable worth to employers due to contextual differences that may 

vary across firms (thereby yielding firm-specific human capital effects) or within the 

same firm over time. The next section explicates this argument in a mechanistic account 

of how skill-based fit leads to employment mobility.   

2.2 Skills in Organizations 

Organizational scholars in sociology, economics, and business administration 

have long been concerned with the coordinative role employee knowledge plays in 

organizational performance (Okhuysen and Bechky 2009). Within organizations, the 

need for coordination stems from the connections between specialized tasks;16 increased 

division of labor leads to greater need for coordination to achieve organizational 

                                                   
15 This study is nonetheless indebted to the theoretical and empirical work on the generalist/specialist 
debate. For example, Teodoridis, Bikard, and Vakili (2018) demonstrate that specialization can be broken 
apart into those with domain-relevant specialization or not, which have distinct implications for scientific 
achievement. I go beyond domain-relevance to address skill-level complementarities between employees’ 
skillsets.  
16 The prototypical mechanisms for overcoming coordination problems have been identified as markets, 
hierarchies (i.e., organizations), and their hybrid combinations (Williamson 1975).  
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objectives (Becker and Murphy 1992; Kogut and Zander 1996; Simon 1957). Simon 

(1957:103), theorizing organizational coordination, wrote: “In any large organization—

the Federal government is an excellent example—the task of relating the activities of one 

individual or unit to those of others becomes one of the greatest importance, complexity, 

and difficulty.” Building on Simon, Thompson (1967:54–55) subdivided intra-

organizational coordination into three types of interdependence between actors—

pooled, sequential, and reciprocal—each increasingly difficult to carry out successfully. 

To successfully coordinate interdependent tasks, Thompson (1967:56) argued that 

organizations employ three strategies: standardization, coordination by plan, and 

coordination by mutual adjustment. The third strategy, which is integral to completing  

reciprocally interdependent work, entails communication of the evolving state of affairs 

between coworkers in an ongoing manner (1967:62). Coworkers must possess sufficient 

shared workplace-specific knowledge to enable absorption, processing, acting on, and 

transmission of relevant information between themselves, thereby achieving mutual 

adjustment. 

‘Knowledge’ is used here synonymously with skills, meaning what employees 

are capable of doing at work without further training or education.17 In human capital 

models, skills are built up through formal education and on-the-job learning that takes 

                                                   
17 For a different perspective on communication and mobility in the workplace, see: Goldberg et al. (2016).  
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place when completing tasks (Becker 1993; Gibbons and Waldman 2006). Similarly, in 

research on knowledge and workplace interactions, the source of knowledge shared 

between coworkers is typically co-participation on teams, projects, or in divisions of an 

organization (e.g., Hansen 1999; de Vaan et al. 2015). In this latter literature, increasing 

skill overlap between coworkers (i.e., more experience working together) enables 

mutual comprehension of complex information, which increases the quality of 

organizational output.  

The core mechanism leading from skills to value can be broken out into two 

processes (Vedres and Stark 2010; de Vaan et al. 2015). First, subsets of a team who 

worked together previously are able to draw on their common knowledge, generated 

during prior co-working, to communicate complex information effectively with each 

other in an environment of technical uncertainty and disconnected knowledge bases. 

When teams are made up of people who have worked on different projects, they hold 

different technical skillsets and knowledge, generating tension when there is difficulty 

in communicating complex ideas without a shared lexicon. Individuals who worked 

together previously, thereby possessing common knowledge, are able to bridge these 

tension-causing gaps in the new setting (called “structural folding”) and act as 

translators between group members.  
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The degree of divergence in team members’ knowledge, their “cognitive 

distance,” is the second part of the mechanism, complementing structural folding to 

produce novel, high quality products (de Vaan et al. 2015). As knowledge complexity 

increases within a team, a greater amount of tension is generated by the lack of mutual 

interpretability. The greater the tension overcome by structural folding, the higher the 

propensity for successful creativity. Stated differently, increased value is generated 

when a team is able to bridge the skillsets of otherwise disconnected coworkers, 

especially if those disconnected coworkers have highly disparate skillsets.  

One context where these processes come to light is in interdisciplinary academic 

research groups. Interpersonal communication and comprehension are more difficult 

when collaborators are from distant academic disciplines, which decreases their 

scholarly output. However, if such scholars are able to bridge the cognitive gaps 

between themselves, their final output has a greater likelihood of making a scholarly 

impact (Leahey, Beckman, and Stanko 2017). In organizations, employees with skills that 

bridge gaps between their coworkers’ skillsets enable the transmission of information 

that makes organizations and teams more successful, overcoming a major impediment 

to organizational success imposed by specialization, much as connective agents, such as 

consultants, link technology suppliers and adopters, facilitating innovation diffusion 

and organizational learning (Attewell 1992; Valentine 2018).  
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Beyond organizations and their constituent divisions, there is little empirical 

work on how skillsets, as connective elements in the workplace, lead to individual-level 

outcomes. Deming’s (2017) analysis suggests that communication and coordination in 

the workplace make some occupations more economically valuable than others, but the 

analysis is limited by highly aggregate, cross-sectional data, leaving substantial 

questions about how connective mechanisms operates inside organizations and over 

individuals’ careers, which may feature multiple occupations that confer skills not 

captured in cross-sectional data. Relatedly, de Vaan et al. (2015) provide a window on 

how coordination, achieved through the language of common experience, leads to high 

organizational performance, but they do not analyze outcomes for individuals. The next 

section links these perspectives, going beyond co-participation in teams and single 

occupational categories to show how employees’ skillsets are a contingent resource that 

leads to individual employment mobility.  

2.2.1 Opportunities versus Capabilities 

Skills are theorized to enable coordination in organizations, making them a 

complement to network-based social capital. In Granovetter’s (1973) influential theory, 

social capital represents the resources, especially information, available to a person by 

virtue of who they know and how strongly they are connected to these others. Burt’s 

seminal work (e.g., 1992, 1997) extends Granovetter’s theorizing to empirical analyses of 
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employees in organizations, looking at the value realized by individuals from their 

structural opportunities to communicate across groups of otherwise disconnected 

people (i.e., to occupy brokerage positions spanning structural holes). The key resource 

tapped into by people in these network positions is non-redundant information. “People 

whose networks bridge the structural holes between groups have an advantage in 

detecting and developing rewarding opportunities. Information arbitrage is their 

advantage…. brokerage across the structural holes between groups provides a vision of 

options otherwise unseen” (Burt 2004:354). In a word, social capital provides opportunity.  

However, a lingering incompleteness in the study of social capital comes from 

the ubiquitous emphasis on social capital as opportunity. Scholars have shown copious 

evidence that opportunity, typically measured as brokerage, is positively related to both 

firm- and individual-level outcomes (for a review, see Burt 2000). What remains 

insufficiently studied, and where this paper focuses its attention, is on individuals’ 

capabilities to translate network opportunity into employment outcomes. In the words of 

Burt (2004:354), “Networks do not act, they are a context for action. The next phase of 

work is to understand the information arbitrage by which people acting as brokers 

harvest the value buried in structural holes.” This is not a recent problem, as pointed out 

by Gould and Fernandez (1989:98, note 4), who note that most measures of social capital 

indicate a “necessary but not sufficient condition for actual brokerage behavior.” Byun, 
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Frake, and Agarwal (2018) report one of the first studies to empirically address this 

problem, finding that lobbyists with more diverse experiences (i.e., more expansive 

skillsets) are better positioned to take advantage of expansions in their social network 

resources (i.e., increases in social capital).  

Building on Byun et al.’s (2018) work, this paper theorizes that context-specific 

skillsets, not just breadth of experience, provide employees’ the capacity to capture 

value from gaps that exist between their coworkers’ skillsets. The capacity to extract 

value from social connections comes from sharing skills that enables a person to 

arbitrate between others who have difficulty communicating workplace-relevant 

information, even if they already know each other.18 In settings where specialization is 

prevalent, as is the case in many hierarchical organizations, coworkers often face what 

psychologists have labeled the “curse of knowledge.” The curse of knowledge operates 

when people feel they know what they want to communicate in a given scenario due to 

their own deep expertise, yet they lack the terminology of their communication partners’ 

expertise to convey this information (Heath and Staudenmayer 2000). This point is 

integral to theories of technology and coordination problems in organizations and teams 

                                                   
18 The opportunity to connect people is of course structurally limited by being present in some meaningful 
organizational unit, which is incorporated in my measurement approach by focusing on individuals in the 
same organizational divisions at the same time.  
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(Becker and Murphy 1992; Teodoridis 2018) and can stem from multiple factors (Ferreira 

and Sah 2012; Lyons 2017).  

Beyond skillset diversity, the theory developed here argues that connective 

individuals are valuable to organizations precisely because of their translational capacity 

(Jones 2011; Obstfeld 2005), which is conditional on their connections to the skillsets of 

others working in the same time and place. This leads to my core hypothesis:  

 
Hypothesis 1: Greater skillset connectivity with coworkers leads to upward employment 
mobility for the focal employee. 
 

This hypothesis is a more microanalytically grounded version of a hypothesis tested by 

Deming (2017). In that study, occupations that draw heavily on social skills as well as 

quantitative skills are shown to have experienced the highest wage growth in the US 

economy. The theory advanced by Deming is that individuals with both people skills 

and analytical capabilities are able to act as go-between amongst not socially skilled but 

highly analytical occupations. However, Deming’s analysis is unable to capture within-

organizational connections between any occupations (presumably necessary for cross-

occupation coordination to occur) or account for the fact that some individuals in high-

analytical/low-social skill occupations might have worked in a high-social skill 

occupation in the past, suggesting they possess both social and analytical skillsets in a 

way that would be missed in cross-sectional data.  
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In addition to skillset connectivity, another feature of the skillset network in the 

workplace is critical to the value of any focal employee’s skills: skillset redundancy. 

Possessing a coordinative skillset is hypothesized to generate value for the focal 

employee, but this is conditional on the degree to which others are also capable of filling 

the communicative role in the workplace without drawing on the focal employee. As 

exclusivity diminishes (i.e., as more skillsets can be drawn on to solve coordination 

problems), the likelihood of promotion based on skills is hypothesized to decline. This is 

a critical feature because it qualitatively changes the strategic value of the focal 

employee’s skillset. Brokerage-based theorizing argues that individual value emerges 

when no other actor has the opportunity to exercise control over information. Positions 

of importance may be used manipulatively or collaboratively (Obstfeld 2005), but either 

produces value by demonstrating that the individual is integral to communication in the 

workplace. The same logic can be applied to the capacity for translation; as others 

possess the skills necessary to coordinate effectively with a focal actors’ connections, the 

focal actor loses valuable exclusivity. This results in the following hypothesis:  

 
Hypothesis 2: Increasing skillset redundancy will reduce the likelihood of upward 
employment mobility.  

 

A final concern represents the demand for coordination. What features of the 

workplace make it more or less difficult to coordinate, which may in turn influence the 
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organizational value placed on connected skillsets? As organizations grow in size and 

complexity, search costs within the organization increase as communication becomes 

more difficult (Garicano 2000), often due to an increase in specialization (Becker and 

Murphy 1992). This process has been documented in scientific teams, and has led to the 

rise in co-authorship as a way to process increasingly voluminous and diverse 

information (Jones 2011). As such, it is hypothesized that employees with the most-

connected skillsets, relative to their immediate coworkers, will see a greater return to 

their skills in more complex work environments. Stated formally: 

 
Hypothesis 3: Employees working in contexts with a greater number of distinct employee 
skillsets will see a greater positive return to their own skillset connectedness.  

 

2.3 The Civil Service Context  

The three hypotheses are tested in the context of the US federal civil service, 

which is one of the largest quasi-internal labor markets (ILM) in the United States (cf. 

DiPrete 1989). The civil service is a “quasi” ILM in the sense that each organizational 

unit is its own ILM, which is linked to other ILMs by common promotion ladders and 

information sharing systems. The civil service is divided at two major levels: agencies 

and sub-agency bureaus. Agencies are the highest-level organizational unit, such as the 

Department of Labor, which encompass bureaus, such as the Bureau of Labor Statistics. 

Within bureaus, personnel are assigned to occupations based on the primary set of tasks 
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they are expected to carry out. Work is performed at geographic locations, called duty 

stations, around the United States, and employees are assigned to the duty station where 

they perform the majority of their work. 

When a person is initially hired into the civil service, they are placed on a wage 

ladder, typically the General Schedule (GS) pay scale, which is the most common pay 

ladder in the civil service and the focus of my analysis.19 An employee’s initial position 

on the 15-level pay ladder is determined formulaically by the mixture of their education, 

prior work experience, and any military history. Movement up the scales is based in part 

on time spent working at each level, but there is no guarantee of upward mobility; 

personnel often remain at the same level for many years. Criteria for progressing up the 

GS scale are documented by the Office of Personnel Management (OPM) with input 

from the relevant agency or bureau; OPM’s authority is granted by Title 5 of the US 

Code to oversee promotion guidelines. The GS pay scale is used throughout the non-

military civil service, along with a common pension system, reducing barriers to inter-

organizational mobility by personnel. The systematization of “ports of entry,” or typical 

                                                   
19 Other important pay scales include the Foreign Service pay scale, used to compensate Foreign Service 
Officers in the Department of State, and the Senior Executive Service pay scale, which compensates the 
highest-level managers in the federal government. These and other employees not compensated on the GS 
scale are not included in the sample analyzed below but are included in variable creation if they work 
alongside GS employees. For more, see OPM’s webiste “Pay & Leave: Pay Systems: General Schedule,” 
available at: https://www.opm.gov/policy-data-oversight/pay-leave/pay-systems/general-schedule/ (last 
accessed December 19, 2017).  
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entry levels, and pay ladders are two defining characteristics of ILMs (Althauser 1989; 

Doeringer and Piore 1971), which continue to operate in the civil service. 

Work in the civil service is further divided within bureaus into occupational 

groups and individual occupations. Occupational groups collect occupations that 

represent broadly defined fields, such as the “Social Science, Psychology, and Welfare 

Group,” which includes such occupations as sociologists, social psychologists, 

economists, workforce analysts, and others. Occupations are assigned based on the 

types of tasks the employee is expected to spend most of their time carrying out, which 

are detailed in each occupation’s job description. Within occupations, employees are 

compensated according to a grade level that is determined by one or more supervisors. 

Movement up grade levels within an occupation is determined by how an employee 

scores on (up to nine) distinct factors applied to all positions, which are detailed in 

OPM’s Classifier’s Handbook.20 Two of the nine factors, relating to physical ability to 

perform work and work conditions, are largely irrelevant to professional service work 

conducted by the white-collar full-time workers on the GS pay scale.  

The remaining seven promotion factors emphasize the degree to which an 

employee has mastery of the skills necessary to complete their work, their ability to do 

work without direct supervision, and the capacity of the employee to draw on and 

                                                   
20 Available at https://www.opm.gov/fedclass/clashnbk.pdf (last accessed August 18, 2018) 
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coordinate disparate areas of knowledge to achieve their objectives. This final element—

coordination—is common across the highest levels of many factors, underscoring the 

importance of skills-as-translational resources in the civil service. One factor, assessing 

“complexity” of an employee’s position, awards the most points for work that is 

“characterized by breadth and intensity of effort and involve[s] several phases pursued 

concurrently or sequentially with the support of others within or outside the 

organization.” The highest level of another factor, evaluating the types of connections an 

employee possesses, stresses that “persons contacted [in carrying out the job] typically 

have diverse viewpoints, goals, or objectives requiring the employee to achieve a 

common understanding of the problem and a satisfactory solution by convincing them, 

arriving at a compromise, or developing suitable alternatives.” Each of these statements 

emphasizes the value placed on the capacity to connect and usefully interpret disjoint 

bodies of information, coordinating and communicating across disconnected groups.  

In addition to emphasizing the capability to coordinate, official guidance is also 

explicit in its deference to managerial decision makers, encouraging managers to 

determine grade levels (i.e., salary) in light of each employee’s unique capacity to carry 

out work. In the Introduction to the Position Classification Standards,21 OPM guidance 

states: 

                                                   
21 Available at https://www.opm.gov/fedclass/gsintro.pdf (last accessed August 18, 2018) 
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While it is the position which is classified, the relationship of the employee to the 
position can be recognized when the performance of the incumbent broadens the 
nature or scope and effect of the work being performed.... Such changes affect the 
difficulty of work or the responsibility and authority given the employee and can 
be recognized in the position classification decision [i.e., salary grade].  
 

The capabilities to coordinate employees and to make sense of diverse and 

complex information are defining features of the most valued work carried out in the 

federal civil service. Skillsets that link otherwise disconnected employee knowhow in 

the workplace thereby make one valuable as a translator and coordinator. Furthermore, 

promotion decision makers have the authority to reward these skillsets with increased 

pay in the form of higher GS grade levels, establishing the linkage between employment 

context, skillsets, translational capabilities, and mobility in the federal civil service. The 

remainder of this paper lays out the empirical strategy for testing this argument using 

data on the employment history of civil servants. 

2.4 Data, Measures, and Analytical Approach   

Data on federal employees come from civil service personnel records provided 

by OPM. These records consist of annual employment snapshots for nearly all federal 

employees, including their occupation, length of service with the federal government, 

agency and bureau of employment, pay scale and grade, supervisory status, and a 

unique identification number that is consistent across fiscal years. All of the following 
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variable creation and model estimation draws from this same source, but the data are 

substantially reduced in the estimation phase.  

Specifically, while the raw data cover 1974-2014, the analysis is limited to the 

careers of employees hired in 1979 or later, following major civil service reform 

legislation that changed how promotion and pay were determined for most personnel.22 

Employees of the Department of Defense are excluded, as are employees in security and 

national defense-related positions (e.g., US Marshals). Records are dropped for any 

employees who worked at any time in two bureaus (Internal Revenue Service and Social 

Security Administration), or if they ever worked in any bureau of the Department of 

Veterans Affairs. The analysis is further limited to employees who worked at 

government bureaus with at least 50 employees in every observation year; to employees 

only compensated on the GS pay scale during their entire records in the data; and to 

those who never held a politically appointed position (i.e., exclusively career civil 

servants). The data are reduced in these ways to avoid concerns of omitted variable bias 

that may emerge due to political features in some civil servants’ careers, data limitations 

for personnel working in financially sensitive parts of the government, or for military-

adjacent workplaces where it is not possible to control for the skillsets of military 

personnel as accurately as non-Department of Defense employees. The complete set of 

                                                   
22 Civil Service Reform Act, Public Law 95-454 (1978); see: 
https://www.law.cornell.edu/topn/civil_service_reform_act_of_1978 (last accessed August 21, 2018) 
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careers analyzed represent 287,635 unique individuals across 2.73 million person-year 

records (average of 9.5 records per person); all personnel with only one year of service 

are dropped due to the panel estimation methods used.  

While the careers analyzed are subject to these limitations, the variable creation 

approach laid out below makes use of all standard-career compensated employees in the 

raw data from 1974 onward (i.e., all personnel with a positive value for income earned, 

in a non-seasonal position, and with a valid occupation code). This includes up to five 

years of work history for the coworkers of employees whose careers are included in the 

analytical frame beginning in 1979. All personnel are included in the variable creation 

phase because these represent the skillsets that the analyzed personnel interact with, 

even if those skillsets are held by people who have had more varied work experiences 

making them unsuitable for inclusion in the final analysis.  

2.4.1 Measuring Skills 

The emphasis in this paper is on skills as connective elements between people, 

who possess bundles of skills (skillsets) accumulated over their work history. Measuring 

skills has been achieved by a variety of approaches in the past. In many labor-economic 

studies, human capital is measured by how long an individual has worked in a given 

job/firm/occupation/industry, with considerable variation in the specificity used to 
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delineate categories within these levels of analysis.23 Deming (2017) improves on this 

approach by breaking down occupations into a limited set of skills, defined in the US 

Department of Labor’s Occupational Information Network (O*NET) database.24 The 

O*NET data is based on surveys of people working in each occupation and occupational 

experts, providing a nationally representative picture of the skills used in roughly 1,000 

occupations. However, a shortcoming of the O*NET data, suggested by Lazear’s (2009) 

skill-weights theory, is that different types of organizations likely draw on the skills that 

typify an occupation in unique ways, and there may be idiosyncratic skills in some 

occupations that are not well captured in the highly generalized O*NET framework. 

Aggregate measures also leave researchers blind to the skills accumulated by workers 

who have held more than one occupation. An alternative approach, favored by team-

focused researchers, treats everyone who worked on a project as possessing the same 

skill experience (de Vaan et al. 2015). This approach is hard to justify in the case of the 

federal government, where personnel are rigidly categorized in separate occupations 

based on their primary work activities and the number of people working together is 

much larger than small teams.   

The issue of skill identification is resolved by turning to government 

documentation of work responsibilities for employees in 610 distinct occupations. Any 

                                                   
23 For a review of the difficulties in comparing terminology and measurement of skills, see Spenner (1990). 
24 O*NET data and documentation available at: https://www.onetonline.org/  
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time an occupational title is created in the federal government, OPM publishes a 1-3 

paragraph description of the primary work functions expected of people working in that 

occupation; these are then printed in OPM handbooks. Occupational descriptions were 

collected from the most recent edition of the OPM Handbook of Occupational Groups and 

Families (2009), with now-defunct occupational categories filled in from older handbooks 

where necessary. These descriptions were then analyzed using a natural language 

processing (NLP) algorithm developed by computational linguistics researchers to label 

the parts of speech (e.g., nouns, verbs) in each occupational description (Manning et al. 

2014).25 The verbs identified in each description were extracted, constituting the general 

activities that make up each occupation’s requisite skills.26 Terms that are ubiquitous 

across descriptions (i.e., those occurring in more than 100 descriptions) are dropped, as 

they largely stem from the uniform language used in each description (e.g., as in “this 

occupation requires” [emphasis added to indicate the dropped verb]). Terms that only 

occur in a single description are also dropped, as they provide no connective 

information to other occupational descriptions. Each employee thereby accrues a year-

specific skillset of verbs identified in the descriptions of the occupation(s) they have 

                                                   
25 Stanford CoreNLP algorithm implemented in R; see: https://stanfordnlp.github.io/CoreNLP/ (last accessed 
July 24, 2018).  
26 The CoreNLP algorithm identifies multiple types of each part of speech. I specifically retain five types of 
verbs: base, gerund/present participle, past participle, third-person singular, and non-third-person singular. 
Verbs are also converted to a common root (i.e., lemma) word to remove any differences in tense.  
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worked in up to and including the focal fiscal year, capturing any expansion of skillsets 

beyond a single occupation.27  

Rather than calculate the number of employees each individual person is 

connected to, I reduce the data to only unique skillsets (e.g., if a bureau has 100 

economists who have only ever been economists, all 100 are represented by a single 

common skillset; an economist in the same bureau who has also been a workforce 

analyst in the past is represented by a different skillset indicating those two occupations 

in combination).  

In every year, each of these unique skillsets is connected to some number of other 

skillsets (or to none if it shares no verbs in common with other skillsets). These 

connections occur from two phenomena: First, skillsets including the same occupation 

inherently shares skills from the occupation(s) in common. In the example above, the 

economists and the economist + workforce analyst skillsets share all of the verbs 

common to ‘economists.’ Second, skills that occur in multiple, distinct occupations’ 

descriptions link the skillsets containing those occupations, though the occupations in 

                                                   
27 An implicit assumption in this operationalization is that individuals retain the skills they accrued in past 
occupations regardless of how long it has been since they worked in past occupations. There is, of course, a 
likely deterioration of skills gleaned many years ago for most workers. However, given the rarity of 
individuals working in multiple occupations, there is limited concern that past skills are being overly 
weighted in the analysis. To empirically address concerns about lost skills driving the findings, I separately 
analyze the sample of individuals who have only held one occupation. 
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each skillset are distinct.28 With this connectivity matrix, I create the independent 

variables discussed below, as well as alternatives discussed in the robustness checks.  

2.4.2 Variables 

The dependent, independent, and control variables are all time-varying 

measures calculated for each person-year record, with many calibrated to the specific 

bureau an employee works in. Table 3 presents their definitions. Variables based on 

coworkers’ skillsets are calculated based on all compensated employees’ career histories 

in the bureau in each relevant year, regardless of those coworkers’ pay scales or when 

they began working for the government; i.e., while only a subset of employees’ careers 

(those hired in 1979 or later) are analyzed in the modeling stage, all employees are 

referenced in terms of the skills present in each workplace when creating variables. 

Table 4 presents descriptive statistics for these variables while Table 5 presents their 

correlations. 

2.4.2.1 Dependent variables 

The first dependent variable in this analysis is movement up GS grades, which 

indicates upward employment mobility in the civil service. This is measured by the 

                                                   
28 For example, financial managers and accountants share the term “interpret,” as do 17 other occupations in 
the civil service, including foreign law specialists, computer operators, and construction control technicians. 
Obviously, many of these occupations draw from different knowledge domains, but the skill of 
interpretation is applied in some capacity in all of them. It is this generalized sense of overlap captured in 
the skillset-overlap network.  
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grade level in the subsequent year for every person-year record in the data. Grade is an 

ordinal variable; the dollar ranges of potential salary between grades are not equivalent, 

with greater salary ranges occurring at the highest grades. Grade is recorded on a 15-

unit scale (1 to 15) and is approximately normally distributed. 

Given the limitations of the grade outcome variable (e.g., few categories to allow 

variance to emerge, non-equivalent categorical differences), I also estimate models using 

inflation-adjusted salary (in 2010 USD) in the subsequent year as an alternative outcome. 

Salary is roughly normally distributed, lacking either a long right or left tail as often 

observed in the private sector due to the minimum and maximum salary limits for the 

GS pay scale. Figure 6 illustrates the density of salary values for employee-years in the 

based on the number of occupations held, with dashed lines indicating the median 

salary for each group. This plot suggests that employees with more occupations in their 

career history are paid more, though this relationship is merely a correlation that could 

be accounted for through other processes (e.g., employment tenure, skill development), 

which are controlled for in models estimated below. 
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Table 3: Variables and Definitions 

Variable Name Definition  
  

Dependent Variables 
Grade at Time +1 The employee’s General Schedule pay grade in the fiscal year 

following the focal fiscal year. 
Salary at Time +1 Inflation-adjusted salary (2010 USD) in the fiscal year following 

the focal fiscal year. 
  

Primary Independent Variables 
Skillset Connectivity  A categorical variable with five levels corresponding to the 

quintile in the distribution of how many unique skillsets the focal 
employee shares at least one skill with compared to all employees 
in the same bureau-year. 

Skillset Redundancy  A categorical variable with five levels corresponding to the 
quintile in the distribution of the proportion of the skillsets that 
an employee shares at least one skill with that also share at least 
one skill with each other. 

Bureau Skillsets A continuous variable indicating the number of distinct skillsets 
in the bureau-year for each employee. The categorical version of 
this variable breaks this number into 10 deciles. 

  
Control Variables 

Num. Bureaus 
Worked In 

Continuous count variable of the number of bureaus (e.g., 
National Institutes of Health) the focal employee has worked in, 
up to and including the focal year. 

Num. Occupations 
Held 

Continuous count variable of the number of occupations (e.g., 
Physician’s Assistant) the focal employee has held, up to and 
including the focal year. 

Num. Occupational 
Groups Worked In 

Continuous count variable of the number of occupational groups 
(e.g., Medical, Hospital, Dental, and Public Health Group) the 
focal employee has worked in, up to and including the focal year. 

Years of Service  Continuous measure of how many years employee has been in 
the Civil Service. 

Move Indicator Did the employee move in the current fiscal year? (0 = no, 1 = yes) 
Supervisory Dummy Is the employee in a supervisory position in the current fiscal 

year? (0 = no, 1 = yes) 
Personnel w/ Skillset Continuous count of how many other personnel in the same 

bureau-year share the focal person’s skillset 
Note. All variables relating to an employee’s skillset and work history are person-year 
specific; all variables relating to the bureau are bureau-year specific. 



 

 

Table 4: Descriptive Statistics 

Variable Median Mean SD Min. Max. Categorical 
Grade at Time +1 11 10.538 2.786 1 15 N 
Salary at Time +1 66055.09 68757.860 26134.220 18853.79 160971.8 N 
Skillset Connectivity 3 3.006 1.414 1 5 Y 
Skillset Redundancy 3 2.993 1.414 1 5 Y 
Bureau Skillsets 2078 2706.521 1914.184 42 7889 N 
Num. Bureaus Worked In 1 1.261 0.595 1 7 N 
Num. Occupations Held 1 1.408 0.633 1 7 N 
Num. Occupational Groups Worked In 1 1.170 0.399 1 5 N 
Years of Service 7 8.611 6.652 1 35 N 
Move Indicator 0 0.137 0.344 0 1 Y 
Supervisory Dummy 0 0.111 0.314 0 1 Y 
Personnel w/ Skillset 156 1461.554 3265.764 1 20411 N 
Note. All statistics reported for 2,737,392 person-year observations used in salary estimate models. 
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Table 5: Variable Correlation Matrix 
 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 
1. Grade at Time +1 - 

          

2. Salary at Time +1 0.893 - 
         

3. Skillset Connectivity 0.062 0.071 - 
        

4. Skillset Redundancy -0.044 -0.047 -0.576 - 
       

5. Bureau Skillsets 0.072 0.026 0.001 0.002 - 
      

6. Num. Bureaus Worked In 0.154 0.143 0.075 -0.073 0.218 - 
     

7. Num. Occupations Held 0.024 0.054 0.517 -0.395 0.059 0.229 - 
    

8. Num. Occupational Groups 
Worked In 

0.048 0.081 0.339 -0.266 0.005 0.106 0.630 - 
   

9. Years of Service 0.314 0.425 0.195 -0.146 0.061 0.303 0.372 0.238 - 
  

10. Move Indicator -0.200 -0.207 -0.095 0.076 -0.078 -0.147 -0.185 -0.126 -0.351 - 
 

11. Supervisory Dummy 0.268 0.303 0.026 -0.006 0.104 0.129 0.069 0.058 0.232 -0.077 - 
12. Personnel w/ Skillset 0.016 -0.043 -0.220 0.140 0.302 0.282 -0.238 -0.181 0.028 -0.025 0.12

3 Note. Correlations for 2,737,392 person-year observations used in salary estimate models. 
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Beyond the econometric differences in these two dependent variables, there are 

also important qualitative differences between salary and grade that enable different 

avenues of interpretation. Moving up the GS pay scale indicates more than simply 

earning money; it also indicates greater autonomy and, at the highest levels (13-15), 

some oversight of others’ work. Thus, while an increase in pay clearly indicates greater 

value to the organization in pecuniary terms, movement up the GS scale, which is by no 

means guaranteed, indicates approval from higher management as to the value of each 

employee’s work quality and oversight capacity.  

 

 

Figure 6: Salary Density Plot 
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2.4.2.2 Primary independent variables 

There are three key independent variables in this analysis. First, an employee’s 

connectedness to others measures their ability to act in a coordinative role. 

Connectedness begins as a count of the number of other unique skillsets each 

employee’s year-specific skillset is connected to in their bureau. This count is then 

standardized into five bureau-year quintile categories in order to make the value 

comparable across bureaus that have substantial differences in the number of skillsets 

present; the intuition is that it matters if you are more connected than your immediate 

peers in the same bureau, not more or less connected in absolute terms than people in 

different bureaus or time periods. This non-parametric specification also allows the 

magnitude of the effect to vary between levels without making monotonicity or 

equivalence assumptions. The more skillsets an employee is connected to, the greater 

their coordinative capabilities and thus the more important they are theorized to be in 

the organizational context, predicting a positive and increasing coefficient at higher 

skillset connectivity quintiles. 

Second, greater redundancy in coordinative capability is hypothesized to have a 

negative effect on employment dynamics. This is operationalized by the proportion of 

an employees’ connected skillsets that also share at least one skill in common (e.g., if an 

employee with skillset A is connected to two other skillsets, B and C, and those skillsets 
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do not share any skills, this value is 0; if B and C do share a skill in common, the value is 

1, as 100% of skillset A’s connections also share some skill in common). The single 

continuous version of this variable is broken apart as a quintile variable following the 

same rationale for skillset connectivity.  

The third hypothesis above states that coordinative skillsets should have greater 

value to the organization, generating a higher return, as the number of unique skillsets 

in the workplace increases. This is operationalized first with a single variable counting 

up the unique number of skillsets in each bureau year, and in other model specifications 

with a 10-level decile variable based on all bureau-years. This second specification 

relaxes the monotonicity assumption implied with a single parametric variable.   

2.4.2.3 Control variables 

Several variables are included to control for other time-varying employment 

features: the number of occupations each person has held up to and including the focal 

year, the number of bureaus the person has worked in, and the number of occupational 

groups the person has worked in. The first two variables are proxies for communication-

based social capital that emerges as people work in more contexts; prior research has 

demonstrated that moving through roles in an organization exposes employees to 

greater opportunities to establish social connections (Kleinbaum 2012), leaving them 

with networks containing more structural holes. The third measure is important for 
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capturing the coherence of jobs an individual has worked in (i.e., category spanning), 

which may influence manager perceptions of competency (Leung 2014). For example, 

economists and workforce analysts are both in the social science occupational group, 

suggesting their jobs are inherently related. However, a biologist who moves into 

workforce analysis would span two occupational groups (natural/biological and social 

sciences), raising questions about the coherence of their experience, which may weigh 

down their likelihood of promotion.  

A count variable of the number of years each employee has been in the civil 

service is important to capture the duration effect that drives some portion of salary 

growth and seniority. A dummy variable indicates whether or not the person moved 

geographic locations in a given year, which is an uncommon but important source of 

potential salary/grade change. Another dummy variable indicates whether or not the 

employee is in a formally indicated supervisory role in any year; this is indicated 

separately from occupational title (i.e., there are no employees coded as solely 

‘managers’ or an equivalent term). Finally, a count variable controls for the number of 

individuals in the same bureau-year that possess an identical skillset as the focal 

employee (regardless of duration in a given occupation). 

Individual-specific fixed effects are included in all models, as well as bureau and 

occupational group fixed-effects in robustness checks. Person fixed-effects are important 
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in accounting for time-invariant individual characteristics that may influence career 

dynamics, such as race/ethnicity, gender, or sociability, for which there is no information 

in this dataset. 

2.4.3 Analytical Approach  

Model estimation is conducted by ordinary least squares (OLS) panel regression, 

with models predicting salary and grade in the subsequent year as a function of the 

above variables. OLS is used because the outcome variables are sufficiently normally 

distributed with limited heaviness in the tails of the distributions. All models include 

robust standard errors clustered by individual to account for the non-independence of 

individuals’ records; listwise deletion is used to address missingness.  

In an extension of the primary analysis, generalized least-squares (GLS) random 

effects modeling is used to simultaneously estimate within- and between-person effects 

of the focal independent variables. This estimation approach, sometimes known as a 

hybrid random-effects model, utilizes mean-centering to capture individual fixed effects 

within a random-effect modeling framework (Allison 2009; Firebaugh, Warner, and 

Massoglia 2013; Schleifer and Chaves 2014; Townsend et al. 2013; Vaisey and Miles 

2014). The equation for this model is given below: 

 
!"# = 	& +	()"#*"+(-"# − -/") +	(12#)22+-/" +	3" +	4"#   (1) 
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The dependent variable (!"#), in this case the salary of individual i at time t, is 

regressed on a constant (&), a set of variables that change over time within individuals 

(-"# − -/")	and their effects (()"#*"+), the same set of variables’ means, which vary 

between individuals (-/") and their effects ((12#)22+), and unobserved time-invariant 

person-specific error (3") and idiosyncratic error (4"#). While random-effects models 

assume the unobserved time-invariant error term (3") is uncorrelated with observed 

independent variables, this hybrid approach measures within-individual change over 

time using mean centering (i.e., [-"# − -/"]). This “controls for all time-invariant 

predictors,” effectively calculating a fixed-effects model within the random-effects 

framework (Allison 2009:24–25). Clustered standard errors are again included to account 

for the non-independence of repeated individual observations (i.e., within-panel error 

correlation).29 

Finally, a conditional fixed-effects logistic regression model is used to regress 

supervisory status on the primary independent and control variables. This method 

reduces the sample size dramatically, because only individuals who experience a change 

in supervisory status over the observation period have some within-person change to be 

modeled (the vast majority of civil servants never become formal supervisors). 

                                                   
29 This strategy is only used to estimate changes in salary. A binary outcome model could be estimated for 
changes in grade level or promotion to supervisory status, but the hybrid approach has been shown to 
produce biased estimates in non-linear specification. For a discussion on the merits of the hybrid approach, 
see the discussin here: http://statisticalhorizons.com/problems-with-the-hybrid-method ( 
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However, this conditional logit model is preferable to random-effects or generalized 

estimating equations (GEE) approaches because it controls for all time-invariant 

predictors (Allison 2009:32–37), such as race and gender, which are likely to influence 

supervisory promotions.  

2.5 Empirical Results  

2.5.1 Predicting Grade 

The first set of models estimated predict grade-level change for employees in the 

following fiscal year as a function of the variables discussed above. The results are 

presented in Table 4. Model 1 establishes a baseline for each control variable. Model 2 

includes the first key predictor variable—skillset connectivity—broken out by quintiles. 

Model 3 adds quintile variables for skillset redundancy.  

Coefficients on the control variables are stable across all models. First, becoming 

a supervisor has an effect of roughly half-a-grade increase. Similarly, as employees 

remain in the civil service longer, their grade level rises. Employees who moved 

geographically in the focal fiscal year see a predicted decrease in future grade. The 

number of bureaus and number of occupations worked in both exhibit positive effects 

for employees’ salary grades. This coheres with Kleinbaum’s (2012) finding that as 

employees move throughout an organization, they accrue higher social capital, which 

should lead to positive pecuniary benefits. Relatedly, the coefficient for the number of 
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occupational groups worked in is negative. This comports with Leung’s (2014) argument 

that moving across unrelated disciplines, rather than through multiple roles in a 

coherent trajectory within a single domain, can have a negative impact on evaluations of 

an employee, in this case, reducing their promotion likelihood. 

Models 2 and 3 add additional variables testing the hypotheses discussed above. 

In each additional model, the coefficients on being more skill-connected increase at 

every quintile (all coefficients relative to the 1st connectivity quintile). Employees at the 

highest level of connectedness (i.e., the 5th quintile) experience an average predicted 

increase of .2 in the following year’s grade level. To put the .2 increase in context, being 

in the highest connectedness quintile is worth approximately 40% of the increase in pay 

expected for becoming a supervisor (.2/.5). The coefficients are significant (p < .001) and 

increase uniformly in Models 2 and 3, strongly supporting Hypothesis 1. 

Turning to Model 3, the negative and significant coefficient on Skillset 

Redundancy indicates a lower predicted grade in the following period. However, the 

size of the coefficient does not substantially change at higher levels of redundancy, 

relative to the 1st quintile. At the two lowest levels of connectivity and redundancy, the 

coefficients are relatively similar in magnitude; at the 4th and 5th quintiles, the positive 

benefit of becoming more connected meaningfully outweighs the negative effect of 

being more redundant. Although these variables do not necessarily entail a tradeoff (i.e., 
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it is possible to experience a change in one without a change in the other), it is useful to 

consider the tradeoff to understand which dynamic may exert a greater influence on 

personnel careers. 

The sample of individuals and records is held constant across all models, 

enabling comparability of model fit statistics. While within-R2 does not change 

substantially, the Akaike information criterion (AIC) improves markedly across each 

model, indicating improved model fit by adding both skillset connectivity and 

redundancy measures (James et al. 2013:210–13); the Bayesian information criterion 

(BIC; not reported) also improves across all models. 
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Table 6: OLS Panel Regression Predicting Grade in Time +1 
 

Model 1 Model 2 Model 3 
Supervisory Dummy 0.511*** 0.508*** 0.509***  

(0.005) (0.005) (0.005) 
Years of Service 0.088*** 0.088*** 0.088***  

(0.000) (0.000) (0.000) 
Move Indicator -0.598*** -0.597*** -0.597***  

(0.002) (0.002) (0.002) 
Num. Bureaus Worked In 0.283*** 0.291*** 0.291***  

(0.004) (0.004) (0.004) 
Num. Occupational Groups Worked In -0.317*** -0.324*** -0.325***  

(0.009) (0.009) (0.009) 
Num. Occupations Held 0.988*** 0.925*** 0.916***  

(0.006) (0.006) (0.006) 
Personnel w/ Skillset 0.000*** 0.000*** 0.000***  

(0.000) (0.000) (0.000) 
Skillset Connectivity 

   

   2nd Quintile 
 

0.040*** 0.040***   
(0.004) (0.003) 

   3rd Quintile 
 

0.063*** 0.061***   
(0.005) (0.004) 

   4th Quintile 
 

0.132*** 0.128***   
(0.006) (0.006) 

   5th Quintile 
 

0.215*** 0.198***   
(0.007) (0.007) 

Skillset Redundancy 
   

   2nd Quintile 
  

-0.049***    
(0.003) 

   3rd Quintile 
  

-0.048***    
(0.003) 

   4th Quintile 
  

-0.060***    
(0.003) 

   5th Quintile 
  

-0.057***    
(0.003) 

Individual Fixed-Effects Yes Yes Yes 
Constant 8.349*** 8.343*** 8.404***  

(0.009) (0.010) (0.010 
Observations 2,738,016 2,738,016 2,738,016 
Within-R2 0.552 0.553 0.553 
AIC 6,338,298.32 6,333,001.54 6,332,001.67 
Note. Robust standard errors in parentheses. Quintile variables relative to 1st Quintile. 
*** p < .001 
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The third hypothesis predicts the positive benefit of increasing skillset 

connectivity will be greater in organizations with higher need for coordinative abilities. 

Greater demand for coordination is operationalized by the number of distinct skillsets 

present in the workplace. Two models are estimated to test Hypothesis 3: the first 

interacts each skillset connectivity quintile with a count variable of the number of 

unique skillsets in the focal employee’s bureau-year. The marginal predicted effect of an 

increasingly connected skillset is plotted in Figure 7 over a range of values for the 

number of skillsets present in the bureau year; the effects of all other variables are held 

at their mean values. Figure 7 illustrates two points: the effect of an increasingly 

connected skillset is positive, and this positive benefit is dramatically increased in 

bureau-years with the highest number of distinct skillsets. Figure 7 thus presents 

evidence in support of both Hypothesis 1 and 3. 

The value of an increasingly connected skillset is assumed to be linearly constant 

in the specification used to generate Figure 7. However, this assumption can be explored 

further by breaking the number of skillsets apart into discrete categories and then 

interacting those categories with the quintile variables measuring skillset connectivity. 

Figure 7 presents the result of such an estimation, replicating Figure 7 but instead using 

ten decile indicators for the number of skillsets in the bureau-year.  
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Figure 7: Marginal Predicted Effect of Skillset Connectivity on Grade by Number of 
Skillsets in Bureau 

 

Figure 7 illustrates that the positive effect of increased skillset connectivity is not 

equal across organizational environments. On the left side of Figure 7, employees with 

increasingly connected skillsets who work in the least complex organizational 

environments (i.e., those with the fewest number of distinct skillsets) see negligible 

returns to greater connectivity in terms of next year’s predicted grade. At the 4th-10th 

deciles, however, going from the 1st to two highest quintiles of connectivity is associated 

with a marked change in later grade level.  
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Figure 8: Marginal Predicted Effect of Skillset Connectivity on Grade by Number of 
Skillsets in Bureau as Deciles 

 

2.5.2 Predicting Salary 

Taken collectively, Table 4 and Figures 7 and 8 consistently demonstrate support 

for the hypothesizes generated above. This results section reports similar analyses using 

civil servants’ inflation-adjusted salary in the following year, rather than grade level, as 

the outcome of interest. Table 5 presents three models, corresponding in order to Models 

1, 2, and 3 above. The control variables report a similar pattern of results as in Table 4.  

Model 5 adds skillset connectivity to the control variables. In line with 

Hypothesis 1, increasingly connected skillsets are associated with increasingly higher 
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salary levels, with all coefficients significant at p < .001. This pattern remains consistent 

in Model 6, which adds variables for redundancy.  

Model 6 diverges from Model 3 above, and thus from Hypothesis 2, by showing 

positive effects for the highest levels of skillset redundancy relative to the lowest level. 

The magnitude of these coefficients is modest compared to the positive effects of 

increasing skillset redundancy but is nonetheless noteworthy in terms of diverging from 

Hypothesis 2.  

Figures 9 and 10 test Hypothesis 3 using salary in the following year as the 

outcome. As in Figures 7 and 8, these two figures are generated by interacting a 

parametric (Figure 9) and non-parametric (Figure 10) specification of bureau-year 

complexity with the levels of skillset connectivity. Figure 9 largely replicates the pattern 

in Figure 7, though the 4th and 5th quintiles are not as notably divergent from the 2nd and 

3rd quintiles in more complex bureau-years (i.e., the right-hand side of the graph).  

Figure 10 is qualitatively similar to Figure 8 as well, illustrating that the pay-

related benefits of an increasingly connected skillset are largely concentrated in 

organizational environments with the most unique skillsets to coordinate between. 

Unlike the grade outcome predicted in Figure 8, Figure 10 shows that salary benefits are 

distinctly better in the highest quintile of skillset connectivity; Figure 8 suggests that 

both the 4th and 5th quintiles see similar benefits, with the lines frequently overlapping.  
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Table 7: OLS Panel Regression Predicting Salary in Time +1 

 Model 4 Model 5 Model 6 
Supervisory Dummy 6402.288*** 6384.694*** 6383.624*** 

 (54.346) (54.286) (54.282)    
Years of Service 1852.759*** 1853.923*** 1853.929*** 

 (4.284) (4.275) (4.276)    
Move Indicator -2520.337*** -2506.491*** -2508.132*** 

 (15.831) (15.794) (15.781)    
Num. Bureaus Worked In 2215.293*** 2263.871*** 2261.665*** 

 (41.905) (41.819) (41.821)    
Num. Occupational Groups Worked In 371.322*** 317.618*** 318.478*** 

 (72.073) (71.951) (71.944)    
Num. Occupations Held 2531.708*** 2117.746*** 2131.886*** 

 (48.476) (52.275) (52.618)    
Personnel w/ Skillset 0.242*** 0.249*** 0.248*** 

 (0.010) (0.010) (0.010)    
Skillset Connectivity    
   2nd Quintile  321.306*** 323.603*** 

  (29.146) (28.970)    
   3rd Quintile  863.740*** 879.930*** 

  (37.426) (37.028)    
   4th Quintile  1117.140*** 1164.747*** 

  (46.788) (46.060)    
   5th Quintile  1520.017*** 1553.861*** 

  (59.408) (58.507)    
Skillset Redundancy    
   2nd Quintile   -109.095*** 

   (25.586)    
   3rd Quintile   23.519    

   (25.583)    
   4th Quintile   97.575*** 

   (25.399)    
   5th Quintile   67.699**  

   (25.643) 
Individual Fixed-Effects Yes Yes Yes 
Constant 45290.645*** 45088.353*** 45035.545*** 

 (75.510) (77.150) (81.626)    
Observations 2,737,392 2,737,392 2,737,392 
Within-R2 0.758 0.758 0.758    
AIC 55,735,224.59  55,731,112.54 55,730,928.03  
Note. Robust standard errors in parentheses. Quintile variables relative to 1st Quintile. 
** p < .01, *** p < .001 
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Figure 9: Marginal Predicted Effect of Skillset Connectivity on Salary by Number of 
Skillsets in Bureau 

 

Figure 10: Marginal Predicted Effect of Skillset Connectivity on Salary by Number of 
Skillsets in Bureau as Deciles 
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2.5.3 Distinguishing Within- and Between-Person Effects 

Table 8 reports two random-effects models predicting salary as a function of both 

within- and between-person variables. All variables are treated as continuous in this 

specification. Model 8 adds within- and between-person variables for Grade (coefficients 

omitted) to Model 7’s variables. Not surprisingly, including Grade substantially 

increases the between-person explained variance. 

Several informative results are presented in Table 6. First, greater within-person 

skillset connectivity is positive and significant in both models, supporting Hypothesis 1. 

In Model 7, greater skillset connectivity between individuals is associated with higher 

pay, but this effect becomes nonsignificant after controlling for grade-level differences in 

Model 8. This is due in part to the results reported in Table 4, wherein employees who 

experience an increase in their skillset connectivity are more likely to be promoted to 

higher grade levels, which is the main driver of between-person salary differences. 

Turning to Hypothesis 2, increasing within-person skillset redundancy is negative in 

Model 7 but statistically insignificant, while positive between individuals. In Model 8, 

both variables are positive and statistically significant, against Hypothesis 2.  

The picture that emerges from these analyses is that increased skillset 

connectivity moderately improves pay for employees within the salary differences 

allowed in a single grade category. The more substantial effect, however, is in the 
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greater likelihood of promotion up the grade ladder for increasingly connected civil 

servants. 

 

Table 8: GLS Panel Regression Predicting Salary in Time +1 
 

Model 7 Model 8  
Within- 
Person 

Between- 
Person 

Within- 
Person 

Between- 
Person 

Supervisory Status 6619.980*** 34277.183*** 4158.554*** 6446.472***  
(62.105) (220.638) (54.770) (115.967) 

Years of Service -1862.450*** 641.843*** -1435.340*** -75.446***  
(4.587) (12.906) (4.099) (5.350) 

Move Indicator -2480.991*** -27873.903*** 1224.211*** -3362.851***  
(17.771) (331.099) (17.110) (141.466) 

Num. Bureaus  2428.080*** 1493.715*** 965.772*** -1022.998*** 
    Worked In (48.335) (92.991) (41.001) (39.545) 
Num. Occupational  343.562*** 5349.015*** 1844.186*** 1275.360*** 
    Groups Worked In (77.774) (147.182) (64.967) (59.316) 
Num. Occupations  1960.563*** -11791.528*** -1583.174*** -430.410*** 
    Held (59.069) (91.613) (49.841) (40.502) 
Personnel w/ Skillset 0.550*** -1.099*** 0.168*** -0.295***  

(0.014) (0.012) (0.012) (0.006) 
Skillset Connectivity 438.320*** 1288.996*** 273.009*** 17.757  

(14.400) (53.337) (11.948) (21.895) 
Skillset Redundancy -23.553 337.255*** 126.488*** 51.196*  

(13.592) (55.146) (11.512) (22.867) 
Grade Variables     
Included No Yes 

Individual Random-    
Effects Yes Yes 

Within-R2 0.755 0.824 
Between-R2 0.253 0.873 
Note. Robust standard errors in parentheses. 2,194,876 person-year observations in both 
models. 
* p < .05, ** p < .01, *** p < .001 
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2.5.4 Robustness Checks 

2.5.4.1 Employer and occupational area  

In addition to individual-specific time-invariant features that may affect 

promotion, which are accounted for in the models presented in Tables 6 and 7 by 

including individual fixed effects, other contextual features may influence promotion 

beyond the time-varying variables included. To address this concern, Models 3 and 6 are 

re-estimated with indicator variables for the bureau of employment and the 

occupational group that each person works in. Bureau variables control for time-

invariant organizational features, such as Executive Branch authority, while 

occupational-group variables roughly approximate for industry effects (e.g., people in 

the medical field may face different labor market opportunities than social scientists). 

Models with these control variables included are presented in Table 9.  

Model 9 is substantively identical to Model 3, indicating that skillset connectivity 

and redundancy exert similar pressures on hierarchical promotion dynamics across 

occupational families and bureaus. Model 10 presents similar results for skillset 

connectivity as in Model 6. However, skillset redundancy changes sign on three 

coefficients (to the hypothesized negative direction), while failing to achieve statistical 

significance on two of four coefficients.  
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Table 9: Robustness Checks - Bureau and Occupational Group Fixed-Effects 

 Model 9 Model 10 
 (Grade in Time +1) (Salary in Time +1) 

Skillset Connectivity   
   2nd Quintile 0.032*** 280.717*** 

 (0.003) (28.467)    
   3rd Quintile 0.058*** 876.192*** 

 (0.004) (36.508)    
   4th Quintile 0.107*** 1253.604*** 

 (0.005) (45.273)    
   5th Quintile 0.189*** 1715.140*** 

 (0.007) (57.241)    
Skillset Redundancy   
   2nd Quintile -0.052*** -152.817*** 

 (0.003) (24.977)    
   3rd Quintile -0.050*** -82.690*** 

 (0.003) (24.918)    
   4th Quintile -0.056*** -9.075    

 (0.003) (24.753)    
   5th Quintile -0.048*** 14.685    

 (0.003) (25.042)    
Individual Fixed-Effects Yes Yes 
Bureau Fixed-Effects Yes Yes 
Occupational Group Fixed-Effects Yes Yes 
Constant 8.190*** 45375.232*** 

 (0.070) (643.239)    
Observations 2,738,016 2,737,392    
Within-R2 0.567 0.764    
Note. Robust standard errors in parentheses. Both models include all control 
variables: Supervisory Status, Years of Service, Move Indicator, Num. Bureaus 
Worked In, Num. Occupational Groups Worked In, Num. Occupations Held, 
and Personnel w/ Skillset.  

*** p < .001 
 

2.5.4.2 Human capital accumulation 

Another potential source of concern relates to the mis-identification of the skill-

based advantage as a meaningful predictor of promotion. It could be argued that, as 

individuals accumulate more skills that enable them to better coordinate in the 

workplace, there are simultaneously accumulating more human capital, which itself 
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may be rewarded. This feature is partially controlled for by including the number of 

occupations held but is better accounted for when considering the number of skills 

accumulated. As such, Models 3 and 6 are again re-estimated, now including a count of 

the number of skills accumulated (i.e., the total number of verbs connected to other 

verbs based on their skillset in each person-year). Table 10 presents the results. 

Again, results are materially changed in predicted Grade (Model 11), while 

skillset connectivity remains stable in predicting Salary (Model 12). Skillset redundancy 

is partially consistent. In both models, increasing the cumulative number of skills is 

associated with positive change in both grade and salary in the following time period, in 

keeping with standard human capital literature (i.e., having more skills is beneficial in 

its own right). The magnitude of these effects are quite small in comparison to skillset 

connectivity and redundancy.  
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Table 10: Robustness Checks - Human Capital Accumulation 
 

Model 11 Model 12  
(Grade in Time +1) (Salary in Time +1) 

Skillset Connectivity 
  

   2nd Quintile 0.038*** 321.661***  
(0.003) (28.967) 

   3rd Quintile 0.056*** 871.988***  
(0.004) (36.974) 

   4th Quintile 0.112*** 1141.332***  
(0.006) (46.012) 

   5th Quintile 0.169*** 1511.296***  
(0.007) (58.750) 

Skillset Redundancy 
  

   2nd Quintile -0.047*** -106.911***  
(0.003) (25.573) 

   3rd Quintile -0.048*** 23.904  
(0.003) (25.580) 

   4th Quintile -0.059*** 100.155***  
(0.003) (25.369) 

   5th Quintile -0.055*** 70.968**  
(0.003) (25.604) 

Cumulative Number of Skills 0.016*** 24.015**  
(0.001) (7.543) 

Individual Fixed-Effects Yes Yes 
Constant 8.381*** 45001.713***  

(0.010) (81.972) 
Observations 2738016 2737392 
Within-R2 0.553 0.758 
Note. Robust standard errors in parentheses. Both models include all control variables: 
Supervisory Status, Years of Service, Move Indicator, Num. Bureaus Worked In, Num. 
Occupational Groups Worked In, Num. Occupations Held, and Personnel w/ Skillset. 
** p < .01, *** p < .001 

 

2.5.4.3 Alternative skill identification approach 

Finally, two related concerns may be raised about the identification strategy 

employed. First, by relying solely on verbs, the method may miss important contextual 

information contained in other parts of speech, especially nouns. This is somewhat 

contrary to the theory laid out by Deming (2017) and others who focus on highly general 
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skills that are applicable across occupations; de Vaan et al. (2015) are agnostic on the 

issue of domain knowledge versus generalized skills (perhaps because their study 

draws on a very circumscribed scenario, and most participants can be assumed to share 

at least some common knowledge). 

A second, related concern stemming from the identification strategy above may 

argue that not all verbs are equally important to an occupation. This is partially 

addressed by dropping the most common verbs from all occupations, but this is 

admittedly a rough threshold.  

In order to address both of these concerns, I repeat the identification method 

outlined above using a different algorithm to identify skills in occupational descriptions. 

After cleaning the text to remove stop-words, I calculate a term frequency-inverse 

document frequency (TF-IDF) score for each word remaining in every occupational 

description. The intuition behind TF-IDF is that words occurring frequently in a single 

document are important, and thus receive a high value, but this importance is then 

discounted by the frequency of the same word in other documents in the same corpus 

(Salton and Buckley 1988). Words that occur frequently in a single description but rarely 

in the entire set of descriptions thus have the highest values. 
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Figure 11: Marginal Predicted Effect of Skillset Connectivity on Salary by Number of 
Skillsets in Bureau as Deciles, TF-IDF Specification 

 

Based on these word-specific scores, there are (at least) two ways to proceed. 

Either words with scores above some threshold may be retained, which leads to 

different levels of terms in each occupation, or some top-N number of words may be 

retained for each occupation. I follow the latter option, retaining the three terms with the 

highest TF-IDF scores for every occupation. Skillset connectivity and redundancy scores 

are then recalculated based on these terms rather than verbs identified by NLP. I re-

estimate Models 3 and 6 using these variables, including interactions with the decile 

bureau-complexity measure. Figure 11 presents the results of using the TF-IDF 

identification strategy to re-estimate salary in the following year broken out by the non-
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parametric organizational complexity measure (results for grade are similar and omitted 

for brevity). Substantively, the results are very similar to Figure 10, although the effect of 

being in the highest connectivity quintile is more U-shaped. Skillset redundancy is 

negative at the 2nd – 4th quintiles, while the 5th quintile is indistinguishable from the 1st, 

suggesting another U-shaped effect.  

These results generally support the hypotheses above, as movement into the 

highest levels of skillset connectivity results in the largest predicted salary change (with 

other variables held at their mean effects), supporting Hypothesis 1. This benefit is 

especially pronounced in organizations with the most unique skillsets, supporting 

Hypothesis 3. Greater levels of skillset redundancy are negative, as expected by 

Hypothesis 2, but not the highest level, in keeping with Model 6.  

Taken holistically, the similarity in results between the verb-based and TF-IDF-

based identification strategies support the same conclusion: increased connectivity 

between coworkers with distinct skillsets exerts a positive effect on downstream income, 

especially in the most complex organizational environments.  

2.6 Discussion  

This paper views knowledge transfer inside organizations as a fundamental 

coordination problem that must be overcome to achieve organizational goals. Task 

specialization necessitates that some personnel have the capability to translate 



 

 

99 

information between employees who share little work-related knowledge in common. 

This coordination problem has been theorized for decades in organizational theory 

(Okhuysen and Bechky 2009; Thompson 1967), going back to at least Herbert Simon’s 

foundational scholarship (1957). More recently, organizational sociologists have found 

that teams with greater overlap in their constituent members’ skillsets, especially in the 

presence of diverse experiences among those members, see the greatest commercial and 

cultural success (de Vaan et al. 2015).  

Despite the long history of theorizing coordination and communication, few 

scholars have empirically assessed the impact of coordinative capabilities for the 

personnel who actually inhabit formal organizations. This project is just beginning, with 

early work emerging in economic theory (Gibbons and Waldman 2006; Lazear 2009) and 

empirical personnel economics (Deming 2017; Weinberger 2014). This paper contributes 

to the ongoing effort to better understand how skillsets are rewarded, beginning with 

the hypothesis that those best positioned to coordinate among employees in the 

workplace will see the greatest pecuniary rewards. 

The analysis here demonstrates this is indeed the case among General Schedule 

federal civil servants. These government employees worked in hundreds of occupations 

and represent thousands of unique skillsets across multiple decades of employment in 

several hundred organizational units. Civil servants with coordinative skillsets—those 
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most able to facilitate knowledge-based communication in the workplace—were 

compensated at higher levels downstream, even after controlling for numerous personal 

and organizational factors. The positive benefit of coordinative skillsets is greater in 

environments with increased knowledge complexity among personnel, further 

reinforcing the argument that contextual features matter for understanding who gets 

ahead in the workplace.  

Skillset redundancy, hypothesize to have a negative effect, instead appears to 

have a mixed relationship depending on how employment success is measured. As 

skillset redundancy increases, later salary increases but grade level does not. Why? 

There are likely two competing processes taking place here, which correspond to two 

different types of social capital (Burt 2000). 

First, as redundancy increases, connectivity between co-workers is increasing. 

This means that, although the focal individual becomes less influential in coordination 

processes, because they are not strictly necessary, the group as a whole has reduced 

costs of communication. This parallels the social capital concept of network closure. As 

the group becomes more inter-connected, research suggests that overall information 

flow within the group is improved, though any individual’s ability to control that flow is 

diminished. If compensation is partially determined by group-level performance, as is 
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often the case in knowledge-based work with teams, an individual may experience 

higher pay despite less control over coordinative processes.  

However, this does not necessarily imply greater success in moving up the 

organizational hierarchy (i.e., grade-level promotion). Grade is determined in part by 

the ability to carry out work with decreasing supervision (as grade level increases). 

Increased redundancy may lead to reduced coordination costs for the whole group, 

yielding a pay increase, but the ability of any individual employee to contribute to the 

group is inherently diminished, reducing the ability to stand out as uniquely capable, 

which is necessary to achieve promotion to higher grade levels. Thus, skillset 

redundancy has positive individual and collective effects, but only within-grade, as 

reflected in the positive coefficients on skillset redundancy in Table 6, Model 8, which 

includes grade-level fixed-effects. 

2.6.1 Limitations and Future Research 

A limitation of this study—and an impetus for future research—stems from the 

use of fixed-effects models. This approach removes any individual time-invariant 

predictors that are important in mobility, such as race/ethnicity and gender. Individual 

fixed-effects were used because the data lack information on employees’ ascribed 

characteristics. However, there is ample reason to suspect that coordinative skillsets may 

have differential value based on these characteristics. For example, there is a long 
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literature on gendered differences in social networks in organizations (Ibarra 1992; 

Ridgeway and Smith-Lovin 1999). Communication through networks is foundational to 

the mechanism here, and it is reasonable to assume that gender is an important factor in 

how people move through the federal civil service. Furthermore, recent research has 

shown that the gender of an employee influences later personnel who hold the same role 

(Doering and Thébaud 2017), suggesting there may be persistent categorical effects 

which cannot be accounted for when fixed-effects models are used. These and related 

topics cannot be adequately addressed given the limitations of the current data, but 

future research will need to disentangle the gendered and racialized dynamics at play, 

which likely influence perceptions of authority and experienced employment mobility. 

Another future avenue, not addressed fully in this paper, is the route that 

employees take in building up their skillsets. This is partially accounted for by the 

number of bureaus, occupations, and occupational groups that each person works in, 

but this simple operationalization does not unpack potentially large differences in the 

typicality of the routes taken by employees. For example, Kleinbaum’s (2012) study of a 

single firm found positive benefits to atypical careers, whereas Leung’s (Leung 2014) 

study of online labor markets finds that working in roles without a coherent trajectory 

has a negative effect on later employment. These competing explanations stem in part 

from different measurement approaches, but they reflect a larger theoretical debate: how 
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much deviation from a standard career trajectory is good for social capital and skillset 

development? The evidence suggests there can be too much of a good thing, in which 

careers that look too-dissimilar are penalized. However, this has not been fully explored, 

especially not within the context of internal labor markets, where the debate is often 

framed around specialization versus generalization, rather than fit or deviation from 

peers. Future work will need to consider how these important mechanisms play out 

alongside skillset connectivity.  

Finally, the analysis here is inevitably limited in its generalizability. The federal 

civil service is unique in many ways, such as its rigid adherence to formal ILM 

mechanisms. However, millions of jobs in the United States and other OECD countries 

remain located in large, complex organizations. The mechanism of skillset-based 

coordination need to be examined in less-formal contexts, but this should not overly 

detract from the results’ applicability to many contemporary employment domains. 

The results presented speak to a number of organizations beyond federal and 

state governments. Specifically, large organizations with skilled, diversely-trained 

workforces where employees work collaboratively are likely to experience many of the 

same dynamics. The video game and academic research sectors are both examples in the 

literature cited, where skillset connectivity has been linked to organizational 

performance. More broadly, innovation-focused organizations with large workforces are 
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likely to experience similar dynamics; Miles et al. (2009) call these “I-form” 

organizations. I-form organizations “must have, or be able to develop, the capability to 

continually create, share, and apply knowledge” (Miles et al. 2009:61). These internal 

needs are related to the ability of organizations to absorb and make use of external 

knowledge (Cohen and Levinthal 1990). The promotion dynamics in such organizations 

are an important component of intragenerational mobility, especially as knowledge-

based organizations achieve primacy over traditional manufacturing firms in the 

modern economy. These dynamics may become even more important as large firms 

subsume smaller employers, as is currently happening at an increasing race in the latest 

wave of merges and acquisitions: 2017 saw more merges and acquisitions in the US than 

any year since 1985.30  

Coordination is and remains a challenging problem, which must be overcome as 

specialization increases and novel ideas become “harder to find.”  Bloom et al. (2017) 

argue the US economy has only maintained high rates of innovative achievement, upon 

which economic growth depends, because of tremendous increases in scientific effort 

that offset declines in productivity. One key element in the productive use of knowledge 

is the efficient coordination of people who know different things. The analysis presented 

here suggests that the government is already rewarding those people with the skillsets 

                                                   
30 According to the Institute for Mergers, Acquisitions and Alliances; see: https://imaa-institute.org/m-and-a-
us-united-states/ (last accessed August 28, 2018).  
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that bring communicative capacity, but it does not speak to numerous other large, 

hierarchical organizations, which will require their own in-depth analyses. As firms 

merge or diversify internally, the need for cross-functional communication, and thus for 

appropriately-skilled coordinators, will only grow. This presents an important 

opportunity for economic mobility among workers with relevant skillsets, and 

conversely, a lack of opportunity for groups that are shut out of career paths that 

generate coordinative skillsets. 

An explicit goal of this paper was to decompose oft-cited aggregate patterns into 

their constituent, individual-level and context-dependent elements, thereby uncovering 

mechanisms that drive employment mobility (Kalleberg and Mouw 2018; Rosenfeld 

1992). Robust evidence suggests that “who you know” matters for getting ahead at work 

(Burt 2000; Kleinbaum 2012). The strategy herein was to identify skills closely linked to 

the employment context. The results show that what you know and how it connects to 

what your coworkers know are both important elements in promotion. Future research 

will build on these advances to consider the routes taken to achieve coordinative 

skillsets, the barriers to accessing skills necessary for mobility in labor markets, and the 

generalizability of these mechanisms across labor environments and individual 

characteristics.   
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3. Bureaucratic Expertise, Contract Form, and 
Innovation in Public-Private R&D 

How can public-sector actors engage in value-creating arrangements with 

private-sector entities?31 Strategic management scholars have illuminated a range of 

benefits that can arise from collaboration between private firms, and numerous solutions 

for overcoming the challenges of managing such collaboration. In principle, public-

private contracting should be amenable to many of the same solutions. However, in 

practice, contracting that involves the public sector is characterized by strong rigidity 

(Moszoro, Spiller, and Stolorz 2016), due both to political pressure from third parties 

(Kivleniece and Quelin 2012; Spiller and Moszoro 2014) and more general bureaucratic 

structures (Moe 1990). Consequently, although theories prevalent in strategic 

management can inform public-private contracting, the distinct characteristics of the 

public sector – which preclude the use of several creative contracting mechanisms 

implicated in such theories – highlight the need for nuanced extension rather than 

wholesale application of these approaches. 

This paper extends contracting theory to the public-private sphere in a specific 

setting: public contracting for private innovation. Government entities frequently 

                                                   
31 This chapter published as: Bruce JR, de Figueiredo JM, Silverman BS. “Public contracting for private 
innovation: Government capabilities, decision rights, and performance outcomes.” Strategic Management 
Journal. DOI: 10.1002/smj.2973 
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encourage the development of specific innovations that are deemed necessary to achieve 

public aims. For example, in 2016 the US federal government funded $148 billion in 

R&D (Hourihan and Parkes 2015), at least $30 billion of which was devoted to contracts 

for private innovation regarding specific goals such as preclinical trials for new 

pharmaceutical drugs, studies of chemical toxicity in water, and the development of 

systems on the Mars rover missions.32 

Contracting for innovation faces a central problem: when a client organization 

pays a research firm to pursue a specific project, there is a risk that the research firm will 

divert the payment to pursue its own interests. If the research project fails, it is difficult 

for the client organization to distinguish between research-firm malfeasance and bad 

luck. This problem is exacerbated as the uncertainty surrounding the project increases. 

Organizational economists offer several prescriptions to overcome this problem. 

However, virtually all of the proposed solutions depend on substantial flexibility in 

contract design: judicious allocation of property rights (Aghion and Tirole 1994), menus 

of fixed fees and royalty payments (Hegde 2014), appropriate investments in equity 

(Oxley 1997), or sophisticated contractual provisions to deal with a range of 

contingencies that might arise (Reuer and Ariño 2007). These solutions are often 

precluded by the rigidities of public-sector contracting, such as the need for 

                                                   
32 Similarly, in 2012 the United Kingdom allocated £1.6B (18%) of its £8.7B government R&D budget to 
private firms (National Audit Office 2013). 
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standardized contracts, the desire to prevent officeholders from self-dealing, the 

requirement for procedural adherence and transparency by agencies and civil servants, 

the presence of public sector unions, and the attempt to insulate the bureaucracy from 

the political pressures of third parties (Moszoro et al. 2016). Given these constraints, how 

can public-private contracts for innovation overcome contractual hazards in order to 

create value?  

We invoke and extend a solution that stems from recent analyses of 

privatization: government retention of specific decision rights even while the private 

actor retains residual control rights. Specifically, Hart et al.’s (1997) influential model of 

privatization predicts that privatized services, for which the private provider owns 

residual control rights including decision rights, will have lower costs but also lower 

quality than publicly-provided services. Yet Williamson (1999) proposes that 

overlapping decision-making authority between the private entity and public bureau 

may ameliorate quality degradation. Empirically, Cabral et al. (2010, 2013) find that 

privatized prisons in Brazil exhibit quality equivalent to that of publicly run 

counterparts, attributing this to the presence at each private prison of a government 

supervisor, or ‘warden,’ whose job is to review and occasionally overrule decisions 

about those aspects of operations that could adversely affect quality. This preserves 

quality as long as the government warden is motivated to make good decisions. 
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We extend this logic to make three predictions about public contracting for 

private innovation. As contracting hazards increase due to project uncertainty, the 

government agency is more likely to include an information exchange and decision-

rights mechanism in the contract. However, this mechanism will only be implemented if 

the government agency has employees with the requisite subject-matter expertise to 

make effective and appropriate project decisions. Finally, conditional on project 

uncertainty and government expertise, agreements with such decision rights will be 

more successful at generating patented innovations (which is an explicit goal of such 

projects) because of more effective monitoring of private-sector R&D efforts by the 

government. 

We test these predictions using a sample of more than 4,000 R&D contracts 

between US federal agencies and private firms. Similar to many countries, US law 

generally restricts these contracts to take one of two forms: a ‘grant,’ which affords the 

government no in-process decision rights, and a ‘cooperative agreement,’ in which 

government employees have substantial in-process decision rights. Using novel data on 

the technical expertise of government agency personnel located in geographic proximity 

to the private firm’s R&D site, we find support for our theoretical predictions. Notably, 

1) earlier-stage projects (which are likely to entail greater uncertainty) are more likely to 

be governed by cooperative agreements than by grants, 2) agencies rely on cooperative 
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agreements more readily when they have relevant technical capabilities near the R&D 

site, 3) cooperative agreements perform better than grants in terms of patents generated 

and the citations to these patents, and 4) although cooperative agreements perform 

better than grants overall, those projects that were governed by grants would not have 

been as productive as current cooperative agreements had they been organized as 

cooperative agreements. We then consider a number of alternative theoretical 

explanations, econometric specifications, and data measurements, and find the results 

are robust to these approaches.  

This study makes three contributions to the theoretical literature. First, whereas 

most analyses of privatized services have focused on the in-house vs. privatization 

decision, we extend the logic to consider variations in privatized governance based on 

different characteristics of projects. Second, whereas recent literature on hybrid 

governance highlights the condition that the government monitor must be willing to 

monitor effectively, we propose that, for projects that rely on highly idiosyncratic 

knowledge, the monitor must be both willing and able – i.e., must have the requisite skills 

to monitor and make good decisions. Third, this focus on requisite skills extends the 

literature on government capabilities: whereas prior research on value creation in 

public-private collaboration has tended to emphasize a government entity’s capabilities 

in contracting (e.g., Klein et al. 2013), we extend this to consider how a government 
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entity’s technological capabilities influence the organization of privatized services.33 

Through these contributions, we further flesh out the implications of Moszoro et al.’s 

(2016) insights about rigidity in public-private contracting. 

The paper also makes an empirical contribution. We develop measures of 

government innovative capabilities, based upon the specific technical expertise of 

government scientists, engineers, doctors, and researchers as measured by 9.5 million 

person-year observations of government personnel data. We then geo-locate those 

capabilities throughout the United States, essentially creating a map of government 

capabilities along 59 expertise dimensions. To the best of our knowledge, this is the first 

time that government capabilities have been measured in such a microanalytic way. We 

explore in the conclusion some ways this measure can be used to further inform the 

innovation and strategic management literatures. 

The paper proceeds as follows. In section 2, we analyze the public-sector 

challenge of contracting effectively for R&D, ultimately generating predictions 

regarding the use of government decision rights in contracts for innovation. Section 3 

provides institutional detail on the US empirical setting. Section 4 introduces our data, 

model, and empirical strategy. Section 5 presents empirical results, and section 6 offers a 

brief discussion and conclusion. 

                                                   
33 Relatedly, Decarolis et al. (2018) examine public-private procurement contracting but focus on the 
competencies of private firms rather than the public sector. 
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3.1 Contracting for Research – The Private-Private vs. Public-
Private Context 

3.1.1 The private-private context 

The market for technology suffers from several well-documented defects (Arora 

and Gambardella 2010). The R&D process is commonly characterized by several features 

that create contractual hazards, including uncertainty, noncontractible effort, tacit 

knowledge, and appropriability concerns. Organizational economics theories generally 

agree that contracting difficulties rise monotonically with these characteristics. Given 

such difficulties, scholars have devoted substantial attention to explicating contractual 

mechanisms that private entities can use to efficiently govern R&D transactions. 

 Consider an example in which a pharmaceutical firm seeks to contract with a 

biotechnology firm for R&D into a new drug. The client firm pays the research firm to 

conduct a set of specified research tasks. But it is nearly impossible for the client firm to 

observe the effort that the research firm’s employees actually devote to the tasks. R&D is 

an uncertain endeavor, so if the research firm does not generate the desired innovation, 

it is difficult to tell whether this was the result of insufficient effort or bad luck. Even 

when the innovation is developed, if transfer to the client firm requires the provision of 

attendant tacit knowledge, then it is difficult to monitor whether the researchers are 

making a good-faith effort to provide this knowledge (Hegde 2014), especially if either 

firm has latent concerns that proprietary knowledge outside the scope of the contract 
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will ‘leak’ to the other party during the course of the endeavor (Oxley and Wada 2009).  

Given these challenges, how might the firms successfully govern their exchange? 

One prescription is to judiciously assign property rights so as to elicit noncontractible 

effort as effectively as is feasible (Aghion and Tirole 1994; Grossman and Hart 1986). 

Lerner and Merges (1998) test this empirically by exploring the pattern of property-

rights assignment in R&D contracts between pharmaceutical companies and 

biotechnology firms. They find modest evidence that these contracts do indeed assign 

more property rights to the biotech firm when projects are earlier-stage (and hence are 

more uncertain and require more noncontractible effort from the biotech firm). Lerner 

and Malmendier (2010) consider termination options that distribute rights to R&D 

results when projects characterized by unobservable effort also generate observable 

milestones, finding that such termination options also appear more frequently in 

contracts for earlier-stage projects than in contracts for later-stage projects.34  

An alternative prescription is to implement a combination of fixed fees and 

royalty payments to align the firms’ incentives. Since royalties depend on successful 

commercialization of an innovation, they can provide a strong incentive to the research 

firm to both conduct the requisite R&D and devote effort to transferring the results to 

                                                   
34 A unilateral termination option for the client firm encourages the research firm to devote appropriate 
effort to the project, while a termination fee set at an appropriate level discourages the client firm from 
strategically terminating the project. This option can align incentives between client firm and research firm. 
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the client firm (Xiao and Xu 2012). Although reliance on royalties shifts risk to the 

research firm, which in many models is more risk-averse than the client firm, the 

benefits of incentive alignment outweigh the attendant costs for sufficiently high levels 

of uncertainty and noncontractible effort. In a study of biomedical invention, Hegde 

(2014) finds systematic patterns of complex royalty payments between commercializing 

firms and inventors that are consistent with theoretical predictions. 

A third prescription is to judiciously use equity investments to align incentives, 

direct effort, and protect knowledge (Pisano 1990; Teece 1986). While non-equity 

arrangements such as licensing contracts will suffice for high-appropriability or low-

tacit-knowledge research in the presence of low uncertainty, equity joint ventures will be 

used to govern research agreements with higher levels of contractual hazards (Oxley 

and Wada 2009). Shared ownership of the collaborative venture implies shared 

ownership of the attendant profits, thus aligning the firms’ incentives regarding success 

of the venture. Equity arrangements also provide formal monitoring and, in particular, 

decision-making authority over the research effort (Reuer, Ariño, and Mellewigt 2006). 

These predictions have been borne out in specific industry settings (Sampson 2004a) and 

multi-industry studies (e.g., Oxley 1997). Going beyond the governance-choice decision, 

Sampson (2004b) also finds that R&D alliances that are organized according to 

transaction-cost precepts generate more patented innovations than those that are 
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organized inappropriately. 

Finally, complex contractual provisions may be employed to coordinate and 

control effort in the face of uncertainty. Contractual features such as contingency 

payments can elicit effort and align incentives in contractual relationships, while 

provisions that specify responses to potential contingencies can restrict opportunistic 

behavior (Argyres, Bercovitz, and Mayer 2007; Reuer and Ariño 2007). Contractual 

clauses that thus effectively address hazards can dramatically increase contractual 

effectiveness (Anderson and Dekker 2005) and facilitate resolution of disagreements 

(Lumineau and Malhotra 2011). Alternatively, judicious assignment of decision rights 

and monitoring provisions can dramatically influence the effectiveness of incentives and 

the performance of the project (Arruñada, Garicano, and Vázquez 2001; Athey and 

Roberts 2001; Reuer and Devarakonda 2016). 

In general, then, contracting between private firms is frequently facilitated by a 

range of governance mechanisms including judicious allocation of property rights, 

complex royalty schemes, equity holdings, and/or sophisticated contingent contracts 

with attendant decision rights. These mechanisms support a substantial market for 

technology both within and across nations (Arora and Gambardella 2010). 

3.1.2 The public-private context 

At first glance, one might expect that the above prescriptions are 
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straightforwardly applicable to public-private contracting. However, in many countries, 

strict rules and processes constrain the form of public contracts for innovation. In the 

US, as in several other OECD countries, government entities are prohibited from owning 

property rights in the resulting innovations, paying royalties to the contracted firms, or 

taking equity in these firms. Strict contracting policies also hinder attempts to craft 

project-specific contractual provisions.35 Thus, the most common levers available to 

private-private contracts for research are unavailable in public-private research 

contracts. These constraints reflect the stylized fact that public-sector contracts tend to be 

far more rigid than their private-sector counterparts (Moszoro et al. 2016). This enduring 

feature of public bureaucracy (Boyne 2002) is often attributed to a desire to restrict 

public agents’ ability to engage in self-dealing (Lan and Rainey 1992); or, alternatively, 

to concerns about political pressure from third parties (Spiller and Moszoro 2014). This 

then leads to processes in government which are procedurally onerous and 

substantively transparent, often leading to inefficiency in the government by design 

(Moe 1989). Because of these substantial procedural requirements and limited resources 

for government contracting, the government tends to favor standardized, rather than 

customized, contracts for many purposes, limiting the ability of the government to 

employ specialized terms (Miller 1955). 

                                                   
35 For example, similar to the US, Canada’s federal contracts for R&D take the form of either grants or 
‘contributions,’ which are largely analogous to US cooperative agreements. 
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This rigidity is manifest in Hart et al.’s (1997) incomplete-contract model of 

privatization. In this model, a government actor chooses between delivering a service 

through in-house provision or through a contract with a private provider. The service 

requires investment in an asset and then operation using that asset. Of particular 

relevance, property rights over the asset cannot be divided, but rest entirely with either 

the government or the firm, and payment to the firm is limited to a fixed fee that can be 

renegotiated upward if the quality of the service is increased. Given these blunt levers, 

the private firm has a strong incentive to lower the cost of provision, even at the expense 

of quality, while an in-house provider has little incentive to improve either cost or 

quality.36 Consequently, Hart et al. predict that privatized services will have lower costs 

but also lower quality than their publicly-provided counterparts. Levin and Tadelis 

(2010) find that municipalities are less likely to outsource services for which quality is 

important yet noncontractible, concluding that this is consistent with the Hart et al. 

(1997) model. This provides a pessimistic assessment of the feasibility of public-private 

contracting for innovation, given its reliance on noncontractible effort.  

Yet Cabral et al. (2010, 2013), building on Williamson’s (1999) rejoinder to Hart et 

al. (1997), find that privatized prisons in two Brazilian states exhibit quality that is equal 

                                                   
36 The private firm reaps the entire benefit from cost reduction, but only incurs a fraction of the benefit to 
quality improvement because it must bargain with the government ex post for fee increases associated with 
improved quality. The private firm thus ‘overinvests’ in cost reduction, yielding a socially suboptimal level 
of quality. 
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to or better than that of their publicly run counterparts, even while enjoying lower costs. 

They propose that the key quality-protection mechanism is the appointment to each 

private prison of a government ‘warden’ whose job is to monitor prison operation and 

ensure that it adheres to specified minimum quality standards. As long as the warden 

remains committed to her task – i.e., she is not bribed by the private firm – then this 

‘hybrid’ form of private operation and public supervision appears to solve the problem 

of quality deterioration.37  

To the extent that public contracting for innovation is characterized by the 

constraints embodied in the Hart et al. (1997) model, perhaps the sole available lever is 

the prospect of government supervision of the research project, analogous to the 

government prison warden. Yet one difference stands out in the innovation setting. 

Cabral et al. (2010, 2013) implicitly assume that the government warden understands the 

causal mechanisms linking cost-reduction and quality shading – in essence, she knows 

which actions by the private agent are good and which are bad. However, evidence 

indicates that an organization’s possession of relevant technological capability helps it 

appraise the value of external research (Cassiman and Veugelers 2006): ‘[t]he ability to 

                                                   
37 Although the Brazilian prison setting only allows comparison of public to private-hybrid prisons, it 
should be the case that a purely private prison would have lower costs than the private-hybrid prison. Some 
of this would be due to quality-shading efforts that are socially destructive. But some should be due to 
lower effort to invest in cost-reduction by the private-hybrid, given that the warden may sometimes 
erroneously negate a valid cost-reduction scheme.  
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evaluate…outside knowledge is largely a function of the level of prior related 

knowledge’ (Cohen and Levinthal 1990:128).  

Indeed, precisely for this reason, an organization’s technological capability in a 

particular sphere can influence its competence at contracting in that sphere. Mayer and 

Salomon (2006) study an IT firm’s decisions to complete client projects with in-house or 

outsourced teams, finding evidence that strong technological capability in, for example, 

mainframe technology allows the firm to outsource on mainframe-related projects in the 

face of contractual hazards. They conclude that the firm is better able to manage an 

external contract when it has technological capabilities that enable it to anticipate 

problems and monitor outcomes. Building on this idea, Argyres and Mayer (2007) 

propose that the technological (i.e., engineering) expertise of a firm’s employees is 

particularly relevant to establishing effective interfirm communication flows in research 

contracts. Thus, in the context of public contracting for innovation, the government 

supervisor must have the requisite technological expertise to know which actions are 

good and bad – in other words, if the supervisor is willing but not able to make good 

decisions, then public supervision is a hindrance.38 

                                                   
38 There have been recent calls to incorporate capabilities-related insights more centrally in research on 
public-private interactions (e.g., Klein et al. 2013; Quelin et al. 2017), as well as explicit efforts to introduce 
contracting capabilities to such research (e.g., Cabral 2017). This study’s emphasis on government’s 
technological capabilities expands the range of public capabilities that are considered relevant to public-
private contracting. 
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In sum, extending the predictions concerning decision rights and monitoring 

above, we expect to find two patterns in contract choice: research projects that are more 

uncertain in outcome are more likely to be governed by contracts that afford greater 

public supervision (i.e., cooperative agreements), as are research projects for which the 

available public personnel have relevant expertise. We further expect research projects 

governed according to the above precepts will outperform those that are not in terms of 

innovative output. 

3.2 Government Contracting for Research: Institutional Details 

The US federal government is composed of 381 agencies, which in turn are 

composed of 874 bureaus. Although formally overseen by the Executive Branch of the 

government, agencies pursue their own research and development agendas, each 

determined by a variety of different considerations. To meet their required objectives, 

bureaus often determine that specific research endeavors would require expertise 

beyond that available within the federal government.39 In such cases, the bureau 

contracts with outside entities for the requisite research effort.  

The process begins when a bureau’s program office issues a call for research 

proposals, or CFP (see Appendix A for a detailed description of the CFP process). The 

                                                   
39 McKenna (2006: 103-105) describes the government’s strategic decision, at the beginning of the US space 
program, to rely on external expertise rather than try to employ all necessary experts within NASA. 
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CFP outlines the motivation for the research project, the statutory authority for the 

agency to conduct the research, a list of requirements, milestones, expectations, and 

objectives of the project, a list of eligibility requirements for the private contractor, and a 

description of how the project will be managed. The CFP may specify that the research 

will be conducted through a grant, a cooperative agreement, or either. As Appendix A 

describes, the CFP process is virtually identical across the two types of contract. In both 

cases, all property rights resulting from the contracted research are owned by the 

contracted entity while the US government receives a royalty-free license. This precludes 

the judicious allocation of property rights and the use of royalty schemes to elicit effort.40 

However, for the purposes of this study, there are three key differences between the 

governance forms.  

The first difference is the degree of cooperative effort between the government 

agency and private firm. As stipulated in the Federal Grant and Cooperative Agreement 

Act of 1977 (FGCAA) and the Code for Federal Regulation (CFR), grants do not provide 

for ‘substantial involvement’ between government employees and the firm, whereas 

cooperative agreements do.41 This is reinforced by each agency’s own guidance 

                                                   
40 Some federal procurement agreements also involve R&D effort by the private vendor. In these 
agreements, called ‘contracts,’ the federal government funds the vendor’s R&D as ‘work for hire’ and 
receives ownership of any resulting patents. We exclude these from this study for two reasons: they are not 
designed to support significant R&D; and their different (although still rigid) allocation of property rights 
would conflate the incentives affecting contract performance.  
41 See ‘Implementation of the Federal Grants and Cooperative Agreements Act of 1977, Office of 
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documents. For example, Section 3 of the NASA Grant and Cooperative Agreement 

Manual (2016: 3) notes that unlike a grant, a cooperative agreement should be used if 

‘substantial involvement is expected between the executive agency and the…other 

recipient when carrying out the activity contemplated in the agreement.’42 

The second difference relates to the disparate pattern of decision rights assigned 

to private firm and government. Grants typically allow the recipient firm’s principal 

investigator to make virtually all key decisions during the research project, subject to 

compliance with federal regulations. In cooperative agreements, decision rights are 

more evenly distributed between government and firm personnel. Daily decisions are 

often jointly determined by both parties. For example, in a cooperative agreement 

between the National Cancer Institute (NCI) and GlobeImmune, Inc. to develop yeast-

based tarmogens for cancer immuno-therapy, the NCI and GlobeImmune each had its 

own Principal Investigator. This role, as specified in the agreement, was to be ‘person(s) 

designated by the Parties who will be responsible for the scientific conduct of the 

Research Plan.’43  

                                                   
Management Budget, August 18, 1978, Federal Register 43(161): 36860-36865. ‘Substantial involvement’ does 
not have a formal regulatory definition, but it is described variously as entailing direction and redirection of 
the technical aspects of the project as a whole; sharing responsibility with the firm for the management, 
control, direction, and performance of the project. 
42 NASA Grant and Cooperative Agreement Manual, Revised September 16, 2016.  
43 ‘Preclinical and Clinical Development of GlobeImmune, Inc’s Proprietary Yeast-Based Tarmogens 
Expressing Tumor-Associated Antigens for Cancer Immunotherapy,’ between the National Cancer Institute, 
NIH, and GlobeImmune, Inc., signed 05/08/2008.  
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Cooperative agreements also often provide the government with the right to 

terminate a project before its official completion should the government’s principal 

decision-maker on the project determine that its progress is not satisfactory. Indeed, the 

Department of Energy’s Model Cooperative Agreement in Energy Efficiency and 

Renewable Energy contains not only regular review meetings for the government, but 

also contains a section that grants the government ‘Go/No Go Decisions’ and decision-

making authority at key milestones in the project.44 In contrast, although the government 

can in principle decide to withhold subsequent funding payments from an in-process 

grant, this tactic is cumbersome to implement and rarely employed. 

 The third substantive difference between grants and cooperative agreements 

stems from the decision-rights difference, and relates to the degree of information that 

passes between the private firm and the government. Although a grant is awarded to a 

recipient firm through a rigorous review process, during the project the recipient is only 

required to provide the agency with periodic (often annual) reports of progress made on 

the grant’s objectives. After the project is completed, the recipient has a finite amount of 

time (usually 90 days) to file a final report of accomplishments. 

In cooperative agreements, the private firm is expected to provide information to 

the government on a much more frequent basis. Given that decisions regarding project 

                                                   
44 ‘Model Cooperative Agreement,’ Contractual Term 7D. US Department of Energy, Energy Efficiency and 
Renewable Energy Program, 02/19/2013. 
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tasks are sometimes made as frequently as daily, information must flow almost 

continuously to support informed government decision-making. In those cases where 

government and private firm scientists work closely together, this can occur informally 

through the collaborative effort. In cases where this collaboration does not occur 

consistently, agreements stipulate formal obligations to provide for communication. 

Thus, in contrast to research grants where researchers provide information to the 

government at specified, infrequent intervals, cooperative agreements stipulate more 

rapid communication and flow of information.  

For example, a cooperative agreement between the Department of Energy and 

Mascoma Corporation, for a project to demonstrate feasibility of biorefining technology 

using plant biomass, specified that ‘in order to adequately monitor project progress and 

provide technical direction to the Recipient, DOE must [attend Mascoma Corporation] 

meetings, reviews and tests.’ Presumably to protect against malfeasance, the cooperative 

agreement further noted, ‘[Mascoma Corporation] shall notify the DOE Project Officer of 

meetings, reviews, and tests in sufficient time to permit DOE participation and provide 

all appropriate documentation for DOE review.’45 

Overall, then, research grants and cooperative agreements represent discrete 

structural alternatives for R&D contracting between the US federal government and 

                                                   
45 ‘Demonstration of Biorefinery Application,’ between the Mascoma Corporation and the Department of 
Energy, signed 09/30/2008. 
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private firms. Grants largely reflect canonical arms-length contracting, with little 

interaction during the research project except for intermittent progress reports and with 

the research firm retaining almost complete discretion over its allocation of effort. 

Cooperative agreements reflect contracting of the type prescribed above to effectively 

manage contractual hazards, with the government holding substantial monitoring 

authority and discretion over effort allocation and with the requisite information flow 

and interaction between the parties.  

3.3 Data, Measures, and Empirical Strategy 

3.3.1 Data Sources 

To empirically test the predictions in this study, we employ data on the 

characteristics of US federal government research grants and cooperative agreements, 

characteristics of the government bureau soliciting the project (notably the degree of 

relevant expertise in the local bureau offices), characteristics of the firm performing the 

project, and measures of innovative outcomes. We obtain this data from three sources.  

The first dataset contains information on the characteristics of agreements from 

USASpending.gov. We downloaded all government grants and cooperative agreements 

(termed ‘assistance’ in the USASpending.gov nomenclature) executed between fiscal 

years 2000 and 2011. Each record contains information on the governance mechanism 

(grant or cooperative agreement), the firm that received the funding, the principal 
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location in which the organization would perform the research (e.g., Cincinnati, Ohio), 

the agency or bureau of the government that made the award (e.g., National Institute of 

Standards and Technology), the title and short description of the project, and other 

details.46 Of particular relevance, project descriptions list a set of activities necessary for 

the research project. We use records for only those organizations categorized as 

businesses in the government agreement records.47 We also remove cases where the 

funding agency was part of the Department of Defense or military due to data 

limitations. 

We employ a second dataset of granted US patents, provided by 

PatentsView.org, to measure patent generation. We downloaded all US patents with a 

‘government interest’ indicated in the patent application. Per US regulations, patents 

that have any affiliation with a government unit – including any funding from that unit 

– must include a government-interest statement that acknowledges this affiliation. 

Government-interest statements refer to affiliated grants and cooperative agreements by 

their unique ‘funding identification numbers.’ We then conduct an exact match against 

the data in the USASpending database using the funding identification numbers 

                                                   
46 A codebook for the federal assistance dataset is available at https://goo.gl/TW7QHY (last accessed 
February 17, 2017). To fill in some missing project descriptions, we searched the Federal Procurement Data 
System (FPDS) and National Institutes of Health RePORTER system for federal award IDs matched to 
government-supported patents. 
47 To avoid any university affiliates misclassified as businesses, we also exclude records where the word 
‘university’ appears in the organization name. 
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included in patent applications, thus identifying all patents that stipulated an affiliation 

with any of the contracts in the sample. We ultimately identified 1,544 patents. Of the 

4,074 contracts in our sample, 508 (12.47%) led to at least one patent; 56 of these 

agreements supported five patents or more. Separately, to create control variables as 

discussed below, we use the PatentsView data to construct counts of aggregate 

patenting per year by each of the 383 private firms involved in any of the sample 

contracts.  

To identify the level of relevant expertise available in specific government 

bureau offices, we rely on a third and relatively novel database from the US Office of 

Personnel Management’s (OPM) Central Personnel Data Files (CPDF). These records 

contain annual, individual-level information on nearly all US civil servants during the 

sample period (using anonymous identifier codes), including information on work 

location, job title and occupation, and research-related job functions.48 The CPDF allows 

us to measure the precise number of government employees in each office of each 

federal bureau who perform specific jobs. The CPDF categorizes over 800 occupations 

into 59 occupational groups/families, as detailed in OPM’s Handbook of Occupational 

Groups and Families.49 For example, the ‘Medical, Hospital, Dental, and Pubic Health 

                                                   
48 This dataset excludes the military, US Post Office, and ‘sensitive’ agencies (colloquially known as ‘three-
letter agencies’) and occupations (such as US Marshals). More than 70 percent of US federal employees work 
outside the greater-DC metro area. 
49 Available at: https://www.opm.gov/fedclass/GShbkocc.pdf (last accessed February 14, 2017) 
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Group’ includes physician assistants, nurses, nurse assistants, and doctors of dentistry, 

medicine, and osteopathy, among other related job titles. From these data, we compute 

the number of personnel in each of the 59 occupational categories at every known 

federal work location in the US, geocoding each employee’s latitude and longitude. This 

occupation-location data is further disaggregated to the bureau level (e.g., the NIH is a 

bureau of the Department of Health and Human Services). Thus, we are able to identify 

how many of the NIH’s employees in a particular location are in the Medical, Hospital, 

Dental, and Public Health Group occupational category. 

Further, for each government employee who is involved in research-related 

activities, broadly defined, the CPDF also includes a ‘functional research’ category, 

where the set of categories includes research, development, testing and evaluation, 

construction, production, installation, data collection, project management, and 

teaching. These classifications are created by the National Science Foundation for OPM 

to describe the work that comprises the majority of each research employee’s time. The 

‘research’ function, for example, emphasizes early-stage research – ‘systematic, critical, 

intensive investigation directed toward the development of new or fuller scientific 

knowledge of the subject studied’ – whereas the ‘testing and evaluation’ function 

emphasizes later stage ‘testing of equipment, materials, devices, components, systems 

and methodologies under controlled conditions and the systematic evaluation of test 
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data to determine the degree of compliance of the test item with predetermined criteria 

and requirements.50 We are thus able to identify how many of the NIH’s Medical, 

Hospital, Dental, and Public Health Group personnel in any location are dedicated to 

early-stage research, how many dedicated to development, and so on. 

With data from these three sources – USASpending, PatentsView, and the CPDF 

database – we construct our variables. 

3.3.2 Variables  

Our first two predictions relate to the choice of governance for a research 

contract. The dependent variable for testing these predictions is Coop Agreementj, which 

is a binary indicator set equal to one if contract j was a cooperative agreement and zero 

if a grant. Our third prediction relates to the innovative performance of research 

contracts. We employ five dependent variables to test this prediction. Generates Patentj is 

a binary indicator set equal to one if contract j generated at least one patent and zero 

otherwise. NumPatentsj is a count of patents generated by contract j. Citation-Weighted 

Patentsj is the sum of the patents generated by contract j and the subsequent citations to 

those patents. Citations/Patentj is constructed as Citation-Weighted Patents/NumPatents. 

Citations/Patent/Yearj is constructed as Citation-Weighted Patents/NumPatents divided by 

                                                   
50 Office of Personnel Management (November 14, 2014). The Guide to Data Standards, Update 16, A159-
A167. 
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the number of years since contract j was signed. 

3.3.2.1 Governance  

The main independent variables of interest predicting the choice of governance 

are Early-Stage Personnelj, which proxies for high-uncertainty projects, and Personnel 

Expertise Ratioj, which measures the ability of government personnel to provide effective 

oversight on a project. For ease of explication, we discuss these in reverse order. 

Personnel Expertise Ratioj is defined as the proportion of occupational categories 

required to conduct contract j that are available among geographically proximate client 

bureau personnel. We measure this using a three-step procedure. First, for each of the 59 

occupational categories identified in the CPDF handbook, we create a list of distinct 

terms in the constituent job titles.51 Next, we search for these terms in contract j’s project 

description. If a term from an occupational category is found in the project description, 

then contract j is coded as requiring the skills of that category. Thus, each contract is 

characterized as drawing on a subset of the 59 occupational skill sets, with the median 

contract requiring skills from eight occupational categories, the mean contract requiring 

skills from 12.8 occupational categories, and the standard deviation across all contracts 

at 15.8. Finally, for each contract j, we calculate the proportion of requisite categories for 

                                                   
51 For example, the term list for the ‘Medical, Hospital, Dental and Public Health Group’ includes terms 
such as health, scienc*, medic*, physician, autopsy*, dietitian, nutritionist, diagnost*, radiolog*. 
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which the sponsoring government bureau had at least one employee within a 100-mile 

radius of the principal research location during the year that the contract was signed.52 

For example, if a project description signed in 2005 contained terms that occurred in 

occupational categories x, y, and z, and the sponsoring government bureau had at least 

one employee working in each of categories x and y that year within 100 miles of the 

research location, then the Personnel Expertise Ratio for that contract would be 0.67. We 

predicted that contracts are more likely to include monitoring/decision-rights provisions 

when the government has personnel who are sufficiently expert to fulfill these duties 

effectively; consequently, we expect the coefficient on Personnel Expertise Ratio to be 

positive. 

As noted above, we expect cooperative agreements will be favored for more 

uncertain projects. We test this by using the functional research categories in the CPDF 

data to proxy for the early-stage nature of a contract. Imagine that contract j’s project 

description contains words that occur only in occupational category x and contract k’s 

project description contains words that occur only in occupational category y. If the 

government employees in occupational category x are clustered in the research function, 

while employees in occupational category y are clustered in the development function, 

                                                   
52 We use a 100-mile radius for our core estimations because this roughly corresponds to the maximum 
distance that one can drive twice in one workday (outbound and return) and still have time for a half-day 
meeting. We replicate all estimations with alternative radii of 200, 300, 400, and 500 miles.  
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then contract j is likely to cover a more early-stage research project than contract k.  

Given this, Early-Stage Personnelj is defined as the proportion of a bureau’s 

geographically proximate employees in contract j’s requisite occupational categories 

who are assigned to a research function. We measure this in a three-step process. We 

start with the list of relevant occupational categories for contract j and identify client 

bureau personnel in those categories within 100 miles of the location of work. We then 

calculate the percent of these relevant employees who are also categorized in the 

research function. We predicted that contracts are more likely to include 

monitoring/decision-rights provisions when the project entails early-stage effort; 

consequently, we expect the coefficient on Early-Stage Personnel to be positive.53 

3.3.2.2 Performance 

The main independent variable of interest in the innovative performance of 

research contracts is the contractual form: Coop Agreement, defined above. We predicted 

that, conditional on government personnel assigning contracts according to project 

uncertainty and presence of relevant skills, cooperative agreements should outperform 

grants. Therefore, we expect the coefficient on Coop Agreement to be positive. 

                                                   
53 We make two assumptions regarding the Early Stage Personnel variable.  First, we assume that missing 
phrase matches between project descriptions and occupations are not correlated with project uncertainty.  
Second, we assume that project uncertainty is correlated with identifiable words in the project description 
and that the distribution of government research scientists in the government reflects the degree of research 
in a project with that same phrase description. 
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3.3.2.3 Control variables  

We include several additional variables to control for various project, firm, 

bureau, and time-based characteristics. It is possible that projects with larger budgets or 

more firm co-funding are more likely to fall under a particular governance form or 

generate patents. We therefore include Federal Fundingj, defined as the dollar amount 

contributed by the government to support contract j, as well as Firm/Total Fundingj, 

defined as the amount contributed by the firm divided by total funding for contract j. 

Larger or higher-patenting firms might be more likely to generate a patent from the 

contracted research and/or be differentially likely to operate under a particular 

contractual form. To address this, we include Large Firmj, which equals one if the firm is 

categorized by the government as a ‘large for-profit enterprise’ in the research contract 

document and zero if it is coded as a ‘small business enterprise.’ We also include Prior 

Patentsj, defined as the number of patent applications filed by the focal firm in the year 

preceding the signing of contract j. Given the skew in Federal Funding, Firm/Total 

Funding, and Prior Patents, we standardize each variable and use the z-scores rather than 

using the raw values.  

A bureau’s choice of contractual form, and the performance of its contract, might 

be affected by the degree to which its local office is managing several concurrent 

contracts. For a cooperative agreement in particular, this could affect performance if 
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government researchers with relevant expertise are unable to devote as much attention 

and effort to contract j’s research project as would be optimal. We include Coops Within 

100 Milesj and Coops/Personnel Ratioj, defined respectively as the number of in-process 

cooperative agreements within a 100-mile radius of contract j’s principal research 

location and the ratio of these agreements to research personnel in the local bureau. 

Note that the Coops/Personnel Ratio variable obliquely proxies for the feasibility of 

coordination between government researchers and the focal firm; if the government 

researchers are stretched too thin, then they will not be able to effectively monitor or 

make decisions regarding contract j’s research project. Contracts undertaken in different 

years might have different forms and outcomes due to temporal pressures on personnel; 

to address this we include fiscal-year fixed effects. Finally, for roughly 31 percent of 

contracts, the project description does not yield a link to any occupational categories, 

which precludes identifying employees with relevant skills. In these instances, we set 

Personnel Expertise Ratio equal to 0. To separate these from the qualitatively different 

instances in which contract j is linked to occupational categories and the bureau has no 

relevant local personnel, we also include No Expertisej, a binary variable set to one if 

contract j’s project description is not linked to any occupational categories and to zero 

otherwise.54  

                                                   
54 We further address the issue of missing values in the Data section of Appendix A.  
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Table 11 provides summary statistics for our sample. As noted above, 12.5 

percent of our sample contracts generate at least one patent. Almost one-quarter of the 

contracts are cooperative agreements. Slightly more than one-quarter of the contracts 

involve a large firm. The average number of concurrent cooperative agreements 

managed by the local relevant bureau is nearly six, which equates to nearly 0.5 

agreements per local research employee. The average cooperative agreement is five 

times as likely to generate a patent as the average grant, and is more likely to entail 

early-stage effort. The average cooperative agreement is also more likely to be 

performed by a large, high-patenting organization in conjunction with a bureau that has 

relevant local expertise. Correlation matrices for the sample are provided in Table A1 of 

Appendix A. 



 

 

Table 11: Descriptive statistics for variables used in primary analysis 

 
 All contracts  

(N=4,074) 
Cooperative agreements  

only (N=916) 
Grants only 
(N=3,158) 

Variable Mean S.D. Min. Max. Mean S.D. Min. Max. Mean S.D. Min. Max. 
             
Generates Patent 0.125 0.330 0 1 0.326 0.469 0 1 0.066 0.249 0 1 
Num. Patents Generated 0.322 1.963 0 59 1.096 3.964 0 59 0.097 0.439 0 6 
Citation-Weighted Patents 1.815 23.513 0 1082 7.480 49.073 0 1082 0.172 1.817 0 61 
Citations/Patent 0.496 3.607 0 100.333 1.793 7.050 0 100.333 0.120 1.323 0 61 
Citations/Patent/Year 0.045 0.252 0 6.271 0.146 0.475 0 6.271 0.015 0.112 0 3.813 
Coop Agreement 0.225 0.418 0 1 1 0 1 1 0 0 0 0 
Personnel Expertise Ratio 0.059 0.159 0 1 0.117 0.217 0 1 0.042 0.134 0 1 
Early Stage Personnel 0.009 0.070 0 1 0.013 0.078 0 1 0.008 0.068 0 1 
Federal Fundinga  0 1 -2.331 31.400 0.214 1.342 -0.609 21.336 -0.062 0.871 -2.331 31.400 
Firm/Total Fundinga  0 1 -0.354 4.101 0.870 1.546 -0.354 4.101 -0.252 0.561 -0.354 4.101 
Large Firm  0.268 0.443 0 1 0.750 0.433 0 1 0.128 0.334 0 1 
Prior Year Patentsa 0 1 -0.316 16.323 0.483 1.392 -0.316 16.323 -0.140 0.801 -0.316 16.323 
Coops/Personnel Ratio 0.459 1.839 0 25 1.093 2.917 0 24 0.275 1.322 0 25 
Coops within 100 Miles 5.703 10.553 0 68 12.503 14.771 0 65 3.730 7.945 0 68 
No Expertise  0.312 0.463 0 1 0.084 0.278 0 1 0.378 0.485 0 1 
Note. All variables calibrated to 100-mile distance.  
a z-score standardized 
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3.3.3 Empirical Strategy 

To appropriately estimate the models we employ a two-stage econometric 

technique that first estimates the probability of selecting into a grant or cooperative 

agreement governance mode and then estimates the effect of this cooperative agreement 

‘treatment’ on patenting, using information from the selection model to correct for the 

non-random nature of the treatment model. The first stage provides a test for our 

governance predictions while the second stage provides a test for our performance 

predictions. 

This estimation approach requires an instrumental variable for contract form in 

the first-stage selection model. Our instrument is Personnel Expertise Ratio. As described 

above, when there are more government research personnel with relevant expertise in 

the geographic area of a research location, the government bureau is better able to 

accurately evaluate progress in the research project; allocating decision and monitoring 

rights to the government will provide governance benefits. Therefore, cooperative 

agreements will be positively correlated with the number of geographically proximate 

government personnel with relevant technical expertise. At the same time, the presence 

of local government research personnel with expertise per se is unlikely to be correlated 

with patenting, to the extent that firm and government scientists are effectively 

substitutes in production. We address the robustness of this assumption in the 
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Robustness Checks section of Appendix A. 

One complication in our setting is that both selection and treatment models have 

dichotomous dependent variables. Consequently, several conventional two-stage 

approaches are inappropriate because they are only robust in linear settings (Chesher 

2010; Wooldridge 2010). Our preferred method is the inverse probability weighting 

regression adjustment method (IPWRA). Although not commonly used in the strategy 

literature, it is a mainstay in public policy scholarship (e.g., Angrist 1998; Angrist and 

Pischke 2009). Appendix A provides a more detailed explanation of the IPWRA method, 

along with an assessment of its strengths and weaknesses. In short, this method is 

appropriate when a researcher wants to estimate treatment effects from observational 

data combining regression adjustment with inverse probability weighting. It is also 

appropriate when the choice of treatment is endogenous (e.g., whether to use a 

cooperative agreement or grant agreement) and there is a dichotomous variable in the 

second stage outcome equation (e.g., whether an agreement yields a patent). Finally, it is 

attractive because it allows both the treatment and control groups to have their own set 

of second-stage coefficients, recognizing that those in each group may be differentially 

affected by the covariates. (This is somewhat analogous to interacting the treatment with 

each independent variable in the second stage.)  

We believe that the IPWRA approach is the most relevant and most accurate 
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statistical approach for this research question and this data set. Nevertheless, we re-

estimate the models using alternative approaches that are more common in the strategy 

literature, including the single stage (‘naïve’) probit, the two-stage least squares linear 

probability model, the bivariate probit, the instrumental variables probit, and the full-

information-maximum-likelihood (FIML) approach with joint normality in the error 

terms. 55 The results of these robustness checks are reported in Appendix A. Virtually all 

results using these methods are qualitatively identical to the results discussed in the next 

section. 

3.4 Empirical Results 

The central results of this paper are reported in Table 12. Model 1 presents the 

first stage IPWRA results that emanate from the governance predictions in the theory. 

Models 2A and 2B present the second stage IPWRA results that arise from the contract 

performance predictions of the theory. The first stage of this model includes all 

exogenous predictors as well as the instrument, Personnel Expertise Ratio, which predicts 

selection into a cooperative agreement rather than a grant. The two second stage models 

incorporate the inverse of the predicted probability of selection from the first stage as a 

weight in the estimation as well as regression adjustment. 

                                                   
55 All of these estimation approaches are appropriate conditional on the government funding a project. If one 
instead assumes that the government decides among grant, cooperative agreement, and not funding the 
project at all, then a multi-level treatment model would be appropriate. However, we cannot observe non-
funded CFPs. 
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Table 12: Two-stage IPWRA probit estimation of patent generation 

 

 

 

 First-stage 
model 

Second-stage models 
 Model 1 Model 2A 

(subsample: 
Coops) 

Model 2B 
(subsample: 

Grants) 
Personnel Expertise Ratio (IV) 0.651   
 (0.000)   
Coop Agreement  0.278 0.083 

  (0.000) (0.000) 
Early Stage Personnel 1.007 -3.660 0.700 

 (0.000) (0.090) (0.069) 
Federal Funding 0.038 0.046 0.061 

 (0.276) (0.325) (0.084) 
Firm/Total Funding 0.286 0.077 0.148 

 (0.000) (0.092) (0.033) 
Prior Year Patents 0.005 -0.171 -0.025 

 (0.849) (0.003) (0.704) 
Coops/Personnel Ratio -0.003 -0.090 -0.079 

 (0.839) (0.049) (0.100) 
Coops within 100 Miles 0.018 0.005 0.005 

 (0.000) (0.461) (0.414) 
Large Firm 1.270 0.239 0.304 

 (0.000) (0.121) (0.046) 
No Expertise -0.663 0.057 -0.152 

 (0.000) (0.840) (0.318) 
Fiscal Year Fixed Effects YES YES YES 
Note. N = 4,074 in Model 1, 916 in Model 2A, and 3,158 in Model 2B. P-values based on 
heteroskedasticity-robust standard errors are reported in parentheses. Models specified 
using 100-mile distance variables. Coefficients on Coop Agreement in Models 2A & 2B are 
interpreted as marginal effects; i.e., conditional on being a cooperative agreement or grant, 
respectively. 
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We begin with the first-stage results in Model 1, for which the dependent 

variable is Coop Agreement. Of particular importance, the coefficient on Personnel 

Expertise Ratio is positive (p = 0.000) and of substantial magnitude. Research contracts are 

more likely to be organized as cooperative agreements when the sponsoring bureau has 

relevant skills in its geographically proximate offices. The marginal effect of a bureau 

having personnel in all relevant areas for a project leads to an 11 percent increase in the 

likelihood of a contract being organized as a cooperative agreement rather than as a 

grant. In addition to being useful for our instrument, this is also consistent with the 

theoretical prediction that public-private contracts will be more likely to entail ongoing 

public supervision when the public client possesses sufficient technical expertise to 

effectively exert its supervisory responsibilities.  

Consistent with our prediction, the coefficient on Early-Stage Personnel in the first 

stage is positive (p = 0.000), indicating that earlier-stage projects are more likely to be 

governed by cooperative agreements. If all the personnel with expertise in areas relevant 

to a project’s required expertise work in early-stage research positions, an agreement is 

16 percent more likely to be organized cooperatively than if none of them does. Early-

stage projects, which are typically considered to be more uncertain and hence entail 

more unobservable effort, are thus associated with high-monitoring, high-client-

decision-rights governance.  
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As for the control variables, contracts involving larger firms are more likely to be 

organized as cooperative agreements. The amount of federal funding is not associated 

with governance form, but the proportion of firm funding to total funding is positively 

associated with cooperative agreements. Finally, projects that do not identify any areas 

of expertise were roughly 11 percent less likely to be organized as cooperative 

agreements, suggesting the government may prefer arms-length financial support for 

narrowly-defined projects. 

We now turn to the second-stage results, for which the dependent variable is 

Generates Patent. Model 2A presents the estimated coefficients for contracts that were 

governed as cooperative agreements, while Model 2B presents these for contracts that 

were governed as grants. Both second-stage models rely on the results from the first 

stage. We have converted the coefficient on the treatment variable, Coop Agreement, to a 

marginal effect. Thus, the coefficient on Coop Agreement in Model 2A reflects the 

marginal effect of being a cooperative agreement vs. being governed by a grant, for 

those contracts that were actually governed by cooperative agreement (i.e., the “average 

treatment effect on the treated”), while its counterpart in Model 2B reflects the effect of 

being a cooperative agreement vs. a grant, for those contracts that were actually 

governed by grant (i.e., the “average treatment effect on the untreated”). The coefficient 

in Model 2A is 0.278, indicating that the average cooperative agreement in our sample 
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was nearly 28 percent more likely to generate a patent than it would have been if it were 

organized as a grant, holding all other variables at the mean. In contrast, the coefficient 

in Model 2B is 0.083, indicating that the average grant in our sample would have been 

eight percent more likely to generate a patent had it been organized as a cooperative 

agreement. Put differently, consistent with our prediction, cooperative agreements are 

associated with higher innovative output than are grants, controlling for the other 

independent variables; this effect is more pronounced for contracts that actually were 

organized as cooperative agreements than for contracts that actually were organized as 

grants. 

In model 2A, several other variables influence the likelihood that a cooperative 

agreement generates a patent. Of particular note, Coops/Personnel Ratio is negatively 

related to Generates Patent; this is consistent with the notion that as a bureau’s scientific 

personnel gets stretched thinly, they are less able to engage in smooth coordination of 

effort with firm personnel, thus lowering research productivity. No coefficients on the 

control variables are significant at conventional thresholds except for the coefficient on 

Prior Year Patents.  

Turning to Model 2B, which focuses on contracts that were organized as grants, 

the coefficients on Large Firm and Firm/Total Funding are both positive (p = 0.033 and p = 

0.046, respectively). This indicates that larger organizations are more likely to generate 
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patents and, consistent with incentive theory, firms that have ‘skin in the game’ are also 

more likely to generate patents.  

Taken together, the above results suggest that the presence or absence of relevant 

expertise influences the governance of research contracts, such that cooperative 

agreements are substantially more likely when the sponsoring government bureau has 

relevant skills in geographically proximate offices. In addition, early-stage projects are 

more likely to be governed as cooperative agreements. In turn, cooperative agreements 

are more likely than grants to generate patents. Had the average cooperative agreement 

been governed as a grant, it would have had a 28 percent lower probability of 

generating a patent. That said, those projects organized as grants would not have 

enjoyed a comparable increase in probability of patent generation since they are 

qualitatively different than the projects organized as cooperative agreements. Had the 

average grant been governed as a cooperative agreement, it would have had an eight 

percent higher probability (from a lower initial baseline) of generating a patent. 56  

                                                   
56 This raises a question: If the average grant would enjoy a positive (albeit small) increase in probability of 
patent generation if it were organized as a cooperative agreement, then why isn’t it governed by a 
cooperative agreement? The negative coefficient on Coops/Personnel ratio implies that each cooperative 
agreement imposes a negative externality on other geographically proximate cooperative agreements due to 
a congestion effect. Hence, for a wide range of values, the modest bump in research productivity from 
converting a focal grant to cooperative agreement will be offset by the declining productivity of nearby 
cooperative agreements. See Appendix A for a further discussion of this point. 
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3.4.1 Extensions 

The above estimation focuses on a binary measure of innovative performance—

whether or not a research contract generates at least one patent. It is possible that other 

measures of innovative output will indicate different impacts of contract structure. As 

noted above, we constructed alternative measures of innovative output, notably Num 

Patents, Citation-Weighted Patents, Citations/Patent, and Citations/Patent/Year. Table 13 

presents results for IPWRA estimation of models with these four dependent variables, 

using linear specifications in the second-stage. The Table only shows the second-stage 

results because the first-stage results are identical to those of the IPWRA estimation in 

Table 12’s Model 1, by definition.   

For each measure of innovative output, the coefficient on Coop Agreement is 

uniformly positive (p = 0.000 in all models). In all four cases, this coefficient is 

substantially higher for contracts that actually were governed by cooperative 

agreements than for contracts that were governed by grants; the coefficient ranges from 

roughly five times larger to as much as 15 times larger. (The largest differences occur 

because cooperative agreements simultaneously generate more patents and more 

citations/patent, affecting Models 3–8.) This consistent pattern of coefficient sign and 

magnitude matches the core results above. Because of the extreme skewness of the 

dependent variables used in Table 13, we include in Appendix A the coefficients on the 
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second-stage Coop Agreement variable for identical models using logged dependent 

variables (addressed as item seven in the robustness checks below and Table A8 in 

Appendix A). The results for all eight models retain their sign (p = 0.000 in all models). 

3.4.2 Robustness checks 

There are several concerns that may arise from the specification and estimation 

strategies we employ. They include: 1) sensitivity of results to the IPWRA approach or to 

the chosen geographic radius for Personnel Expertise Ratio; 2) omitted variable bias 

related to temporal variance, e.g., changes to the federal budget because of the American 

Recovery and Reinvestment Act of 2009 (ARRA, a.k.a. the federal ‘stimulus package’); 3) 

unobserved heterogeneity at the bureau level and/or firm level; 4) the empirical 

appropriateness of the instrumental variable; 5) skewness of patenting and citation rates; 

6) the possibility that the performance results reflect more effective coordination 

between government and private sector scientists when they work on cooperative 

agreements; and 7) unobserved heterogeneity in project quality assigned to grants and 

cooperative agreements. We address in detail each of these concerns in online 

appendices to the paper; the first six concerns are addressed in the Robustness Checks 

section of Appendix A, and the final concern is addressed in Appendix A. To summarize 

briefly: Across numerous estimation methods and a wide range of geographic radii, the 

results illustrated in Table 12 remain materially unchanged. Results also remain largely 
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the same when a dummy variable to identify ARRA contracts is included, when bureau 

and firm effects are included, and when logged patenting and citations are used as 

dependent variables. Additional tests support the empirical validity of the instrument. 

Finally, after controlling for endogeneity in contract choice to the best of our ability, the 

results remain qualitatively unchanged. 

3.5 Discussion and Conclusion 

Governments throughout the world spend tens of billions of dollars annually on 

contractually sourced research. Yet the challenge of public contracting for private 

innovation, although of substantial importance, is not well understood. In this paper, we 

shed light on this topic. Conventional prescriptions from the ‘contracting for innovation’ 

literature do not apply straightforwardly to government contracting because of 

restrictions that preclude the judicious use of property rights, equity investment, royalty 

payments, or complex contractual provisions to align parties’ incentives in the face of 

unobservable effort. Put differently, public contracting for private innovation is an 

excellent setting in which to examine one particular mechanism to induce effort: 

allocation of decision rights. 

We predict that public retention of decision rights is more likely to be used in the 

face of high project uncertainty and when the available government personnel have 

project-relevant technical expertise. We also predict that the use of monitoring and 
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decision rights will positively influence the likelihood that a project results in a patented 

innovation. We then test these predictions with data on US federal government contracts 

for innovation by private firms, which are generally constrained to take one of two 

forms: grants, in which the government retains virtually no decision rights, and 

cooperative agreements, in which the government retains ongoing decision rights and 

attendant monitoring rights. 

We find empirical support for the above predictions: cooperative agreements are 

more likely to be used for early-stage projects than for later-stage projects, and 

cooperative agreements are more likely to be used when local government personnel 

have relevant technical expertise. Similarly, after accounting for endogeneity in 

governance choice due to project uncertainty and personnel expertise, we find 

cooperative agreements are indeed associated with higher innovative output than are 

grants. We interpret these results as evidence consistent with the idea that a principal 

chooses to govern more-uncertain projects, where the problem of noncontractible effort 

is higher, by retaining more decision rights and enforcing greater monitoring over the 

project. However, when the principal lacks the relevant know-how to properly evaluate 

project progress, it is preferable to leave decisions in the hands of the agent. 

These results contribute to our understanding of value creation involving public 

organizations. Specifically, as public actors strive to generate valuable innovations to 
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serve government needs or more broadly enhance social welfare, this study’s insights 

may help these actors overcome the constraints of contractual rigidities. More generally, 

these results contribute to the literature on public contracting (Moszoro et al. 2016) and 

to the debate over management of noncontractible quality for a privatized service (Hart 

et al. 1997; Williamson 1999), notably for ‘hybrid’ public management (Ménard 2004; 

Rangan, Samii, and Van Wassenhove 2006). Whereas prior literature has identified the 

importance of incentives for the government overseer of a hybrid (Cabral et al. 2010, 

2013), this study highlights the importance of that overseer’s ability to evaluate the effort 

of the private provider.  

At the broadest level, recent research on contractual governance has assessed the 

distinct roles of coordination mechanisms vs. control mechanisms (Malhotra and 

Lumineau 2011; Oxley and Wada 2009; Ryall and Sampson 2009). For example, 

Lumineau and Malhotra (2011) distinguish between contractual clauses that emphasize 

control and those that emphasize coordination, and find that coordination-related 

clauses are associated with smoother functioning of contracts in the face of interfirm 

friction. In a review of this literature, Lumineau (2017:1561) concludes that ‘a strong 

controlling focus may raise a constant policing…of the partner’s performance…. Such a 

‘carrot-and-stick’ approach with a strict oversight may create rigidity and over-

monitoring.’ Our study indicates that the relationship between rigidity and reliance on 
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control mechanisms may also flow in the opposite direction: in institutional contexts that 

impose contractual rigidity, control mechanisms may be more feasible than coordination 

mechanisms. 

This study also makes two empirical contributions. First, manipulating a new 

data set in a novel way, we develop a measure of government personnel skills at a far 

more microanalytic level than has been done in the past. We can thus measure the 

precise level of skills or capabilities, across 59 occupational categories and 19 functional 

areas, possessed by the personnel of a given US government bureau at a precise 

geographic level such as an office location, town, or any geographic radius. To the best 

of our knowledge, no other measure of government capabilities exists at such a level of 

granularity. More generally, although the capabilities literature focuses theoretically on 

capabilities with specific uses, data constraints have tended to restrict empirical 

measurement of capabilities to features such as patenting productivity (e.g., Tortoriello 

2015) or prior experience in a particular industry (e.g., Klepper and Simons 2000). We 

anticipate that our measure of government capabilities can be useful in future 

innovation and capabilities-based research. For example, our measures could be used in 

determining how firm performance and innovation is affected by co-location with 

government scientists and facilities; understanding how government funding of specific 

innovation classes affects entrepreneurship and economic development; and how 
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relative firm performance is affected by innovation partnerships with the government. 

Second, we bring to the attention of strategic management scholars the IPWRA 

method, a method used quite often in the public economics and program evaluation 

literature. We demonstrate how this method can be usefully employed in the strategic 

management literature when other more traditional econometric approaches are 

inappropriate—in particular where there are control and treatment groups and the 

treatment groups are endogenously selected into the treatment. This occurs, for 

example, in many situations where the firms’ strategic choices are dichotomous and 

endogenous and the researcher wishes to infer predictions about the firms’ performance. 

There are limitations to this study. First, we have excluded from our analysis 

pure outsourcing arrangements, in which the government rather than the firm owns the 

property rights to the innovation. It would be interesting to explore whether and how 

our theories and empirical methods might apply to these very common arrangements. 

Second, our paper measures innovative output as patents. One could imagine a situation 

where the government might value other outputs, such as jobs, regional economic 

development, or a variety of political criteria. Those aspects of a potential government 

utility function are outside the scope of this paper. Third, we take contractual form as 

endogenously determined by the government, but without the influence of firms who 

did not win. To the extent that non-winning applicants for innovation contracts with the 
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government influence contract form, our analysis will not capture that influence. Finally, 

while our theoretical framework aspires to be universal, the empirical work is particular 

to the institutional details and structure of government contracting for innovation in the 

United States. We believe that exploring applications of the theory to other countries 

would be a fruitful avenue for research. 

There exist a number of further unexplored questions in this vein. Does 

government funding enable a firm to deepen its current expertise, or to broaden its 

technological portfolio and capabilities? How do the human-capital capabilities of the 

government affect the effectiveness of private sector research beyond patents? These 

questions are part of a vibrant avenue for future research on value creation and 

appropriation at the nexus of the government and private-firm R&D. 
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Conclusions 
This dissertation analyzes the processes of skill attainment and employment 

mobility in the US civil service, as well as organization performance consequences for 

federally funded R&D. Chapter 1 introduces an empirical distinction between atypical 

careers and career breadth (i.e., generalization), finding that generalists often see greater 

career success than specialists. There is a benefit to having an atypical career as well, 

though this benefit is markedly reduced if a civil servant’s career path is so atypical as to 

make classification impossible. Chapter 1 concludes by suggesting that occupational 

overlap may play a role in generalist success. 

Chapter 2 picks up this argument and explicitly theorizes the mechanism of skills 

as connective elements between individuals, which enable more-connected individuals 

to engage in greater coordinative activity. This coordinative activity is theorized to be 

core to federal bureaus’ mission, and thus, individuals with more-connective skillsets 

are hypothesized to see positive returns to their connectivity. This hypothesis is 

supported, and civil servants in bureaus with a higher number of unique skillsets 

experience greater positive benefits.  

Chapter 3 expands the analytical frame from individuals’ careers to consider 

organizational performance by analyzing the link between government scientific 

expertise and federal R&D contract form. Chapter 3 finds that, when the government 
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has proximate personnel with relevant skills, they are more likely to use a cooperative 

agreement, rather than grant, to fund private-sector R&D. After controlling for the 

endogeneity of contract form, Chapter 3 also finds that cooperative agreements are more 

likely to result in a patented innovation connected to the R&D contract.  
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Appendix A 
PART I: THE GRANT MAKING PROCESS 

The public contracting process for innovation operates similarly for grants and 

for cooperative agreements. The process unfolds as each government agency strives to 

accomplish its research agenda, which itself is driven by the agency’s strategic plans, 

input from scientific review boards, legislative mandates, and/or current exigencies. An 

agency is allocated funds from Congress. Some of these funds are earmarked for specific 

research areas; the bulk are to be allocated at the agency’s discretion. Given its agenda, 

the agency identifies a particular research project of interest and posts a Request or Call 

for Proposals (CFP) to the public. The CFP usually specifies the nature of the research, 

the desired deliverables, the general process for oversight, and the anticipated 

maximum amount of the grant/cooperative agreement. Firms (and other organizations) 

then submit proposals; coincidentally, the funding amount specified in almost all 

submitted proposals is exactly the anticipated maximum amount in the CFP. The 

proposals are then evaluated by agency personnel according to the criteria specified in 

the CFP, which includes metrics on the ability of the proposed researchers to 

successfully meet the objectives of the CFP. Agency personnel can choose to award a 

single project (to a single applicant), or multiple projects (to multiple applicants) that 

work along different paths towards the same goals. In both grants and cooperative 
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agreements, the proposal must specify the researchers, equipment, and facilities to be 

used. Although there can be some modest “revise and resubmit” interaction around 

these proposals, they normally do not entail extended negotiation/lobbying between 

firm and agency.  

Although there is little room for negotiation between firm and agency once a 

CFP is released, it is possible that firms lobby the agency to encourage CFPs in certain 

broad areas of research. (That said, the firm would still need to be awarded the proposal 

in a competitive process.) Also, although these projects are intended to support an 

agency’s overall research agenda, it is possible that agency researchers favor CFPs in 

certain fields because this allows them to pursue their favored research. For the 

purposes of our study, the main question is: would such distortions affect the 

governance or performance of research projects in a way that conflates our results? 

For example, if innovative firms are influential and also prefer cooperative 

agreements, then we might find that cooperative agreements yield more patenting than 

grants simply because “better” firms are lobbying the agency for projects that will be 

governed as cooperative agreements. We offer partial assurance here. Theoretically, if a 

firm is influential enough to affect the subject matter of a CFP, one might expect that it is 

also influential enough to affect the governance choice. Which governance form would a 

firm prefer – the grant, in which it has great freedom to operate, or a cooperative 



 

 

157 

agreement, in which it operates under the eye of government personnel? Most 

theoretical lenses suggest that the firm would prefer the lower-monitoring grant form. 

This would bias against the results that we find. Empirically, in a robustness check that 

includes firm random effects, we find that cooperative agreements still outperform 

grants at a level comparable to that of the main results. Although neither of these is 

dispositive, it suggests that firm influence/preferences are not driving our results. 

Alternatively, if agency personnel prefer to govern research contracts as 

cooperative agreements when the projects involve high-status firms or high-upside 

projects, then again we might find that cooperative agreement generate more patents 

because “better” projects are set up as cooperative agreements. As noted above, our 

robustness test with firm random effects suggests that our main results are not driven by 

better firms. As for better projects, two questions arise. Are better projects routed to 

cooperative agreements? Why doesn’t the agency permit all research to be governed by 

cooperative agreements and credit claim over all innovation it then funds?  

There are a number of reasons why this is an unlikely outcome, and that grants 

and cooperative agreements are sorted appropriately based on government research 

contribution. First, legislation specifies that cooperative agreements must have a 

“substantial” contribution by the government agency. The contribution of the 

government in research must be specified in writing in the proposal. This, in turn, 
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requires researchers who are qualified to conduct the research, researchers who the 

government may not have. Thus, there are ex ante gates, before the research begins, to 

ensure that substantial government cooperation is featured in the research. Second, 

although there is no clear criteria in the legislation or regulations specifying how 

“substantial” involvement is measured, government officials who merely claim 

collaboration when such collaboration is lacking, risk running afoul of the law and 

becoming subject to severe penalties. Auditing of researcher time certification, 

whistleblowing, and inspector general investigations are all mechanisms by which such 

illegal behavior would be discovered. Third, in a career concerns model, government 

officials are generally risk averse and extremely concerned about downside outcomes. If 

a research project unravels and receives substantial negative press, the researchers in the 

agency who are supposed to be (but are not really) engaged in the purported 

collaborative agreement, will be found equally culpable of research failures as the 

researchers who were engaged in the project, subjecting them to lower probabilities of 

promotion. The latter two critiques might be remedied if the researchers had time to 

engage in each research project in a significant way. However, researchers encounter 

time constraints to their involvement, as noted in the paper. In fact, in Table 12, we 

control for the time effects by including a measure of the number of collaborative 

agreements to the number of personnel. Overall, it is unlikely that government 
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researchers would have the incentive to classify projects as cooperative agreements 

without their substantial contribution to the direction and content of the work.  

 

PART II: DATA, METHODS, AND ROBUSTNESS CHECKS 

This appendix provides additional details about the data and methods used in 

this study. It then provides additional details about a series of robustness checks 

designed to further test our predictions and to test alternative explanations. It is divided 

into three sections: Data, Methods, and Robustness Checks. We stress that our preferred 

statistical approach appears in the paper. The results presented within are designed to 

test alternative statistical approaches. 

 

Data 

Correlation matrices 

The correlation matrices for our sample appear in Table A1. 

Missing Project Descriptions 

As discussed in the text, 31.2% of funding agreements (i.e., 1,271 of 4,074) lack a 

match with any of the 59 knowledge areas identified using OPM job titles. There are two 

reasons this may be the case: (1) either there was text in the description field of a 

project’s record that did not include any of the keywords used to identify subject matter 
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expertise (24% of missing cases), or (2) a description was entirely missing (76% of 

missing cases). When we initially downloaded the agreement data from 

USASpending.gov, a considerable number of project descriptions were missing. To 

address this, we searched the Federal Procurement Data System (FPDS; www.fpds.gov) 

ATOM feed, a searchable Application Programming Interface (API) for government 

spending records, for project descriptions based on the federal award ID number 

included in the agreement records. We also searched the NIH RePORTER system 

(https://projectreporter.nih.gov/), a similar system for several other agencies. While this 

improved our data coverage, roughly 900 contracts continue to omit descriptions.  

In the analyses presented in the paper, we control for the lack of match to any of 

the 59 areas of expertise by including the dummy variable No Expertise (coded 1 for no 

match found), but this does not discriminate between the two sources of non-matching 

discussed above. To ensure that the type of non-matching does not materially affect the 

outcomes reported, we re-estimated all models under two alternative specification: (1) 

including a second dummy variable to indicate whether or not any text was included in 

the project description field from USA spending; and (2) after dropping all cases without 

text in the description field. Under both specifications, substantive results remain 

consistent with those reported in the main paper: for example, the coefficient on 

Personnel Expertise Ratio in the first-stage = 0.618 and 0.617 in the respective models (p < 
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0.001), and the marginal effect of Cooperative Agreement in the second stage for 

contracts that are organized as cooperative agreements = 0.189 and 0.184, respectively (p 

< 0.001). 

 

Methods 

Explanation of inverse probability weighted regression with adjustment 

(IPWRA)  

Here we outline the general approach to IPWRA.57 Consider each agreement that 

is chosen for treatment, ! ∈ {0,1}. The potential outcome of the treatment is denoted as yt. 

As researchers, we are interested in three parameters: the mean potential outcome, () =

+(-)); the average treatment effect, /) = +(-) − -1); and the average treatment effect on 

the treated 2) = +(-) − -1|! = 1).58 To derive these values, we need to implement 

estimating equations for the treatment equation and outcome equation. Estimating 

equations solve systems of equations to compute the estimates of these parameter 

values, based on the functional forms for the probit. In particular, if 4(5, !, 6)) is the 

conditional mean for the outcome y conditional of covariates x and treat level t, then 

+(7|5, !) = 	4(5, !, 6)) where 6) are the paremeters of the condition mean model given 

                                                   
57 A more detailed discussion of the conceptual and mathematical underpinnings can be found in Greene (2012), 
Cameron and Trivedi (2009), Imbens and Wooldridge (2009), and Angrist and Krueger (2001). 
58 The no-treatment level is zero. 
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the treatment model given the treatment t=1. For both of these equations, we use probit 

models where the functional form for outcome model.59 

The estimators are derived through the estimating equations for the treatment 

model and outcome model using quasi-maximum likelihood approaches. There are two 

general approaches to solving these models. The first is regression adjustment methods. 

Regression adjustment estimators estimate the effect parameters using the means of the 

observation-level predictions of the condition means on the outcome. The second 

method, using inverse probability weighting, develops estimators to determine the effect 

parameters using the means of the observed outcomes weighted by their inverse 

probability of being treated. We incorporate both methods using the inverse probability 

weighting with regression adjustment used by Cattaneo (2010) and Cattaneo et al. 

(2013).  

These types of treatment models have additional attractive properties for our 

purposes. First, they allow for different models predicting the treatment and outcome. 

Second, they are econometrically identifiable from both functional form and 

instruments. In our case, we have an instrument which is predictive of the choice of 

agreement form, but uncorrelated (except through agreement form) with the probability 

of obtaining a patent. However, because identification can come from functional form 

                                                   
59 See the 2104 Stata Manual, available at: https://www.stata.com/manuals14/r.pdf  
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only, an instrument (of any quality) is unnecessary for identification. Third, these 

models are “double robust.” This means that even if one of the treatment or outcome 

models is not fully specified, the estimates are still consistent. Fourth, they allow for 

different estimates of the variables of interest in the treated and non-treated group. This 

would seem to be important as projects which are selected into cooperative agreements 

may have different characteristics than those that are chosen for grant agreements. The 

effect of each of the variables in the treatment equation may be different in each 

circumstance. 

 

Robustness Checks 

Alternatives to the IPWRA method  

We argued above that the IPWRA method possesses numerous qualities that 

make it the most appropriate statistical method for our research question and data. 

Nevertheless, to demonstrate that the results are not an artifact of this statistical 

approach, we present results using alternative econometric methods. Each model we 

discuss is successively closer to the type of estimation procedure our data require. 

However, each entails tradeoffs that make them second-best alternatives. 

We begin by considering single-stage, “naïve” probit models, both with and 

without year fixed-effects, present in Table A2. In both models, Cooperative Agreement is 
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positive as expected (p = 0.000). These models are straightforward, but risk being 

misidentified due to endogeneity between the treatment (agreement form) and outcome 

(patenting) variables. To alleviate concerns over endogeneity, we next turn to alternative 

two-stage estimation methods, more analogous to the IPWRA method we employ in the 

paper. These results are presented in Table A3. 

The first two-stage candidate is two-stage least squares (2SLS) with instruments. 

This estimation procedure linearizes the probability function in both the first stage and 

second stage. However, when applied to binary outcome data, this method produces 

increasingly incorrect parameter estimates as the probability mass moves away from the 

center of the probability distribution (Wooldridge 2002). In our setting, the mean for the 

patent-creation probability distribution is 0.13, indicating that the probability mass is 

beginning to get into the tails of the probability distribution. Nevertheless, in Table A3, 

Model 1, we provide estimates for the both stages of a two stage least squares (2SLS) 

linear probability model (LPM) estimation. The coefficient on Coop Agreement becomes 

indistinguishable from zero. In the first-stage, the coefficient on Personnel Expertise Ratio 

remains positive and significant (p = 0.001). We note that the mean for cooperative 

agreement is 0.23, substantially closer to the center of the probability distribution.  

A second approach is to use a two-stage probit model with instrumental 

variables. This method cannot derive unbiased or consistent point estimation of 
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coefficients except under a set of very restrictive assumptions (Chesher 2010). One 

solution to this problem is to linearize the first stage of the regression and use 

instrumental-variables probit for the second stage.60 Of course, linearizing the first stage 

is problematic, for the reasons noted above. Nevertheless, Model 2 in Table A3 presents 

the results using this estimation procedure, following the three-step approach outlined 

in Wooldridge (2010) and Adams et al. (2009). The instrument Personnel Expertise Ratio, 

employed in a single-stage probit, is positive and significant (p = 0.000) in predicting 

cooperative agreement adoption. The effect of Coop Agreement on patent generation is 

positive and significant (p = 0.002). 

A third statistical approach is to use bivariate probit estimation. The bivariate 

probit allows for correlation between the first- and second-stage error terms (Greene 

2012). Moreover, similar to the IPWRA model, instruments in the first stage lead to a 

more precisely estimated coefficient in the second stage. Although the bivariate probit 

also has several attractive features, not least of which is that its statistical properties are 

well understood, it does have some limitations. The relevant concern in our setting is 

that it assumes (i.e., forces) the treatment effect to be equal across both the treated and 

untreated groups, providing only one set of second stage coefficients (Lokshin and 

                                                   
60 The converse is infeasible; if one uses a probit estimation in the first stage and then OLS in second stage, 
then the coefficients in the second stage will be incorrect. This is popularly known as the “forbidden 
regression” (Angrist and Pischke, 2009: 109). 
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Sajaia 2011). Model 3 presents results from a bivariate probit estimation. Again, 

Personnel Expertise Ratio is positively related to cooperative agreement selection, and 

again Coop Agreement is positively related to patent generation.  

A final estimation technique for binary choice models with endogenous binary 

regressors with instruments is to use FIML (Lokshin and Sajaia 2011). This technique 

relies on joint normality of the error terms in the treatment and outcome equations. 

Lokshin and Sajaia (2011) show that, with good instruments in the first stage, this 

method produces estimated coefficients that are very close to the true coefficients in 

Monte Carlo simulations. This method also allows for the treatment effects to differ 

across the treated group and untreated group. Model 4 presents results of a FIML 

model, known as a “switch probit.” Again, Personnel Expertise Ratio is positively related 

to cooperative agreement selection, and again Coop Agreement is positively related to 

patent generation. 

Overall, then, three out of four alternative two-stage empirical methods generate 

results that are qualitatively similar to those of the IPWRA method. Given that the 

method that did not replicate the results is also the least suitable for our data, we 

conclude that the core results of the paper are generally robust to alternative estimation 

procedures. 
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Alternative cutoffs for geographic proximity  

Another potential concern regarding our analysis is that our results may depend 

on the geographic range we consider when identifying relevant, local government 

personnel. Four of our independent variables and our instrumental variable are all 

based on geographic proximity, which necessitates an arbitrary decision regarding what 

distance is “proximate” – a day’s roundtrip by a government scientist (4 hours of 

driving). We rely above on a radius of 100 miles from the focal location of research work 

as the default distance – that is, the personnel counted as potentially relevant to the 

agreement being carried out must work for the sponsoring agency within 100 miles of 

the principal worksite indicated in the agreement. Perhaps 100 miles is an overly 

stringent or optimistic threshold for collaborative work on a contract-research project. 

We therefore re-estimate our primary model, the two-stage IPWRA probit reported in 

Models 2A and 2B of Table 12 (main paper), using variables based on thresholds of 200, 

300, 400, and 500 miles. The coefficients on Coop Agreement are presented in Table A4, 

along with the first-stage coefficients on our instrumental variable in the selection 

model.  

In every model, the coefficient on Coop Agreement remains positive and 

significant (p = 0.000 in all models). The magnitudes of the coefficients remain relatively 

consistent, and close to the increased probabilities of 27% for cooperative agreements 
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and 8% for grants reported above. The coefficient on the instrument, Personnel Expertise 

Ratio, retains similar magnitude throughout all models. In unreported models, we also 

re-estimated the non-instrumented single-stage probit model reported in Model 2 for 

200-, 300-, 400-, and 500-mile specifications. Our core result is robust against geographic 

manipulation in multiple model specification methods. 

Appropriateness of instrumental variable 

Although the IPWRA method does not require a first stage instrument for 

identification of the second stage results, we consider in this section the appropriateness 

of the first stage instrument we do employ. To be a valid instrument, Personnel Expertise 

Ratio must be correlated with the endogenous regressor, Coop Agreement, and orthogonal 

to the error term in the main equation. Table A5, Model 1 reports a single-stage probit 

model predicting patent generation with coefficients converted to marginal effects, 

which is identical to Model 2 in Table A2 except that it includes the instrument as an 

independent variable. The coefficients on all of the variables common to the two models 

are little. Of particular importance, though, is that Personnel Expertise Ratio exhibits no 

direct relationship with Generates Patent. Indeed, the BIC for Table A5, Model 1 is 

slightly larger than the BIC for Table A2, Model 2, showing that including the personnel 

expertise variable worsens model fit rather than improving it. In every two-stage model 
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specification reported in this paper, Personnel Expertise Ratio continues to be a positive 

and significant predictor of Coop Agreement (p < 0.003 in all models). 

As discussed in the main paper, we elected to employ inverse-propensity 

weighted regression adjustment (IPWRA) in our primary analysis to account for 

covariate imbalance. IPWRA is a “doubly robust” estimation method, in that it gives 

“the analyst two chances to ‘get it right’” (Morgan and Winship 2015:234). Furthermore, 

on the chance that agreement type (cooperative versus grant) is endogenous to our main 

outcome variable (patent generation), we include an instrument for selection into the 

cooperative agreement format – a continuous measure of locally available government 

personnel in the relevant bureau with the relevant expertise. Nevertheless, one might 

wonder what if any of our first-stage independent variables are correlated with this 

instrument. Based on the correlations presented in Table A1, three right-hand side 

variables are correlated above 0.3 with our instrument: No Expertise, Coops-to-

Personnel Ratio, and Early Stage Personnel.  

If the instrument (Personnel Expertise Ratio) is not correlated with the errors of 

our final outcome of concern (patent generation), it remains a valid instrument as a 

“conditional instrumental variable” (Morgan and Winship 2015:298–299) in the presence 

of correlation with other first-stage variables. The minimal correlation between the 
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variables and the lack relationship between Personnel Expertise Ratio and Generates Patent 

in Table A5 indicates this assumption seems is valid.61  

However, we can model the data under the assumption of endogenous 

regressors for the instrument in addition to a potentially endogenous treatment variable 

using an extended regression models (ERMs). ERMs allow for multiple, simultaneous 

equations to be estimated accounting for both endogenous treatment assignment and 

endogenous predictors of an instrumental variable (Wooldridge, 2010). We fit a three-

equation model using the same functional setup as Table 12 in the main paper, but 

include an additional equation specifying that Personnel Expertise Ratio be regressed on 

No Expertise, Coops-to-Personnel Ratio, and Early Stage Personnel under the 

assumption of endogeneity; heteroscedasticity-robust standard errors are included as an 

additional precaution. Results are reported in Table A6.  

Functionally, the results do not change. First, the instrument remains positive in 

predicting treatment assignment (p = 0.000). Second, the treatment (cooperative 

agreement form) remains a positive predictor of patent generation (p = 0.000). 

Furthermore, we can estimate that the average treatment effect on the treated (ATET) is 

                                                   
61 If we break the expertise into its 58 component parts, we have an overidentified model with multiple 
instruments.  It might be natural to consider a Sargan-Hansen test in such a case.  However, the Sargan-
Hansen test is only valid for linear models and time series models, which is not what we estimate here.  
Moreover, it would create propensity score based on 58 variables which create too little covariate overlap to 
estimate the scores. 



 

 

171 

a 28.2% increase in the likelihood of patent generation (p < .001), which is slightly larger 

than the effect reported in Table 12 (main paper). Finally, the ERM method also 

evaluates error correlations between dependent variables; important for our concerns is 

that the errors for personnel expertise are uncorrelated with patent generation, further 

supporting our use of this variable as an instrument.  

A final concern about the instrument is that the government labor resides in the 

production function for patents, and this fact might, therefore, weaken the validity of the 

instrument as an excluded first stage variable. The government defines its portion of the 

funding in cooperative agreements including anything “of value” transferred from the 

government to the private entity, including labor from any government personnel. If the 

value of government labor is already included in the dollar value of the agreement, we 

would be controlling for this effect and, thus, allay this concern. However, without the 

actual project budgets, which we do have not access to, we cannot be certain. 

Temporal Variance  

Although there are multiple paths to analyzing the data, we opt for a strategy 

that minimizes variation between observations (via inverse-probability weighting in the 

first stage of our two-stage models) in order to achieve covariate balance between 

cooperative agreements and grants. An alternative is to examine within-firm and/or 

time-period specific changes. We do this in part in our current analyses by including 
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fiscal year fixed effects in all primary analyses. These year fixed effects capture variance 

due to government-wide or economy-wide events due to the time period, such as the 

economic recession and government response in 2008-2009. In the first-stage Model 1 

(Table 12, main paper), the yearly coefficients are indeed negative during FYs 2008-2010, 

suggesting the government was more likely to issue grants over cooperative agreements 

(which was the case throughout, shown by the higher proportion of agreements that 

were grants).  

However, a major initiative of the federal government during this time was to 

stimulate spending via the American Recovery and Reinvestment Act (ARRA). This 

stimulus package was distributed over multiple fiscal years, and so might have effects 

not captured by year dummy variables, in particular in the choice of issuing grants 

rather than cooperative agreements (i.e., the ARRA could be an omitted variable in our 

first-stage, treatment-assignment model). While this should not be a concern if our 

covariate balance estimates are valid or if our instrumental variable is valid, it is possible 

to determine if the ARRA had an effect in our data, as agreement records indicate 

whether or not they were funding via the ARRA specifically. In our sample, 291 

agreements (7.14%) were flagged as stemming from the ARRA. Of those, 210 (72.16%) 

were cooperative agreements, rather than grants. Including a dummy variable (coded 1 

if an agreement was supported by the ARRA) in the first and second stage models does 
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not materially affect any of our results, and is not statistically significant at a = 0.05 in 

predicting agreement form (b = -0.239).  

Bureau-Level Differences  

Another concern that may arise is that governmental units (“bureaus” in our 

discussion, which correspond to the level of government just below agencies; e.g., the 

Centers for Disease Control and Prevention is a bureau of the Health and Human 

Services agency) may influence results in a manner not adequately captured without 

bureau fixed-effects. We are unable to use bureau fixed-effects in our analysis because it 

introduces too much missing data. In the treatment effects setup, models are fit 

separately (but relatedly) to the treatment and control conditions, so if a bureau does not 

have sufficient coverage on all variables in both conditions, we do not observe a 

sufficient number of both treatment and control cases in for each variable in our model 

to accurately estimate a treatment effect under this specification. This is, fundamentally, 

the problem of causal inference caused by missing data in non-experimental studies 

(Rosenbaum and Rubin 1983). 

One method for addressing causal concerns in the presence of missing and 

unbalanced data is entropy balancing (Hainmueller 2012; Hainmueller and Xu 2013). 

Entropy balancing overcomes observational differences in a manner similar to 

propensity score weighting, but with increased flexibility and greater use of information. 
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Important for our concerns, “Since the entropy balancing weights vary smoothly across 

units, they also commonly retain more information in the preprocessed data than other 

approaches” (Hainmueller and Xu, 2013:2), which is indeed the case in our analysis. 

We estimate entropy-balancing weights based on the first-stage covariates 

reported in (main paper) Table 12, with the addition of indicators for each agency. This 

accounts for not only the first-stage variables’ differences across grants and cooperative 

agreements, but also the different likelihood of any bureau to use one form of support 

over the other. We lose 133 cases for which entropy balancing was not possible (N = 

3,941). Rather than estimating a two-stage model, we then estimate a single-stage probit 

including these weights as probability weights. Table A7 reports the results of this 

estimation, including the Personnel Expertise Ratio instrument.  

There are several takeaways from Table A7. First, as in the paper, the coefficient 

for cooperative agreements is positive and significant (p = 0.000), indicating that 

cooperative agreement structure does enhance the likelihood of patent generation for 

those that were cooperative agreements. The difference in predicted outcomes by 

support structure is a 21.5% increase in the marginal likelihood that an agreement 

generates a patent, holding all other variables at their mean value (this effect is 

equivalent to the average treatment effect, computed using Stata’s ‘margins’ command). 

Furthermore, our instrument is not distinguishable from zero in this model, which is 
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equivalent to a second-stage regression in the two-stage least-squares framework. This 

lends further support that it does not have a relationship to the final outcome, a key 

concern in using it as an instrument.  

Skew in patent and citation measures 

 It is well known that patenting and citation rates often are highly skewed. 

Our dependent variable Generates Patent addresses this because it is a binary measure 

of at-least-one-patent. Nevertheless, to explore whether our results for the other 

dependent variables, which are based on patent and citation counts, are driven by skew, 

in Table A8 we re-estimate the basic models using the natural logs of these dependent 

variables. The results are materially unchanged. 

Heterogeneity in Scientist Coordination Across Grants and Cooperative 

Agreements 

As noted above, one alternative explanation for our predicted pattern of results is 

that contract choice and innovative performance are both driven by government 

scientists’ ability to collaborate with firm scientists. Specifically, when government 

personnel with relevant skills are locally available, project tasks can entail greater 

collaboration; since federal policies stipulate that high-collaboration endeavors be 

managed under cooperative-agreement contracts, then if collaboration yields greater 

innovative output, cooperative agreements will be correlated with innovative output as 
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an artifact of collaborative activity. Although we cannot identify the specific degree of 

collaboration that occurs in each research project, Coops-to-Personnel Ratio proxies for the 

feasibility of collaboration by measuring the other demands on government researchers’ 

attention. The positive relationship between Coop Agreement and Generates Patent is 

unaffected by inclusion of this proxy, thus indicating a salutary effect of cooperative-

agreement governance on innovative output beyond mere coordination in a project. 

Firm Differences  

A final concern is that unobserved heterogeneity among firms may correlate with 

performance of the contracts. We are unable to obtain convergence using firm fixed 

effects with either IPWRA or entropy balancing due to sparseness of the data. We thus 

turn to random-effects estimation, as this relaxes the model assumptions and makes 

fuller use of the data. A single-stage random-effects model predicting patent generation 

is presented in Table A9. As in our primary analysis, cooperative agreement increases 

the likelihood of patenting.  

An alternative form of time-varying heterogeneity across firms relates to firm 

experience in contracting with the government. In Table A10 we re-estimate the 

probability that a contract is governed as a cooperative agreement, controlling for the 

number of prior contracts the firm had with the specific agency funding the focal 

contract (Model 1) or any agency (Model 2). We further disaggregate this into prior 
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grants and prior cooperative agreements in Models 3 and 4. Models 1 and 2 indicate that 

contracts are more likely to be organized as grants the greater number of prior contracts 

that a firm has had with the government. Models 3 and 4 show that a firm’s current 

contract mode is likely to be similar to the mode of its prior contracts, suggesting 

perhaps that there is a class of firm that is more likely to be awarded grants and another 

that is more likely to be awarded cooperative agreements, or perhaps that agencies favor 

a modal form that firm has experienced before. Of particular note, the inclusion of these 

variables does not qualitatively change the magnitude of Personnel Expertise Ratio, and 

reduces the magnitude of Early Stage Project by up to one-half in some models. 

 

 



 

 

Table A1: Correlation Matrices 

Panel A: Spearman Correlation Matrix – All Agreements 
Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 
1. Generates Patent 1.000 

          

2. Coop Agreement 0.329 1.000 
         

3. Personnel Expertise Ratio 0.043 0.180 1.000 
        

4. Federal Fundinga  0.179 0.189 -0.035 1.000 
       

5. Firm/Total Fundinga  0.216 0.495 0.085 0.157 1.000 
      

6. Prior Year Patentsa 0.102 0.390 0.121 0.046 0.300 1.000 
     

7. Large Firm  0.277 0.587 0.123 0.131 0.462 0.551 1.000 
    

8. No Expertise  -0.171 -0.265 -0.358 -0.013 -0.137 -0.244 -0.248 1.000 
   

9. Coops/Personnel Ratio 0.074 0.298 0.556 -0.053 0.147 0.184 0.271 -0.242 1.000 
  

10. Early Stage Personnel 0.055 0.164 0.502 0.007 0.083 0.083 0.106 -0.235 0.284 1.000 
 

11. Coops within 100 Miles 0.151 0.416 0.261 -0.021 0.271 0.289 0.346 -0.386 0.606 0.192 1.000 
 

Panel B: Spearman Correlation Matrix – Cooperative Agreements Only 
Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 
1. Generates Patent 1.000 

          

2. Coop Agreement . . 
         

3. Personnel Expertise Ratio -0.102 . 1.000 
        

4. Federal Fundinga  0.229 . -0.132 1.000 
       

5. Firm/Total Fundinga  0.035 . -0.028 0.054 1.000 
      

6. Prior Year Patentsa -0.148 . -0.022 -0.139 0.100 1.000 
     

7. Large Firm  0.133 . -0.082 0.032 0.196 0.320 1.000 
    

8. No Expertise  -0.010 . -0.278 -0.090 -0.046 0.021 -0.061 1.000 
   

9. Coops/Personnel Ratio -0.153 . 0.229 -0.143 -0.077 0.039 0.048 0.039 1.000 
  

10. Early Stage Personnel -0.118 . 0.537 -0.051 -0.049 -0.010 -0.201 -0.153 0.043 1.000 
 

11. Coops within 100 Miles -0.096 . 0.031 -0.105 0.042 0.310 0.111 0.018 0.357 0.110 1.000 
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Panel C: Spearman Correlation Matrix – Grants Only 
Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 
1. Generates Patent 1.000 

          

2. Coop Agreement . .  
         

3. Personnel Expertise Ratio 0.087 . 1.000 
        

4. Federal Fundinga  0.065 . -0.040 1.000 
       

5. Firm/Total Fundinga  0.063 . 0.052 0.013 1.000 
      

6. Prior Year Patentsa 0.033 . 0.091 0.021 0.137 1.000 
     

7. Large Firm  0.096 . 0.109 0.001 0.301 0.426 1.000 
    

8. No Expertise  -0.134 . -0.545 0.072 0.019 -0.189 -0.138 1.000 
   

9. Coops/Personnel Ratio 0.088 . 0.469 -0.095 0.100 0.153 0.145 -0.357 1.000 
  

10. Early Stage Personnel 0.091 . 0.495 -0.002 0.063 0.031 0.129 -0.230 0.185 1.000 
 

11. Coops within 100 Miles 0.130 . 0.300 -0.114 0.137 0.182 0.174 -0.413 0.791 0.190 1.000 
a z-score standardized            
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Table A2: Single-Stage Probit Estimation 

 
Variable Model 1 Model 2 

Cooperative Agreement 0.705** 0.763** 
 (0.075) (0.075)    

Federal Funding 0.069** 0.061*  

 (0.026) (0.026)    

Firm/Total Funding 0.009 0.033    

 (0.026) (0.027)    

Prior Year Patents -0.075* -0.064*  

 (0.031) (0.028)    

Coops/Personnel Ratio -0.051** -0.054** 

 (0.019) (0.019)    

Coops within 100 Miles 0.005 -0.002    

 (0.003) (0.003)    

Early Stage Personnel 0.242 0.375    

 (0.377) (0.378)    

Large Firm 0.445** 0.462** 

 (0.075) (0.077)    

No Expertise -0.472** -0.254** 

 (0.075) (0.095)    

Fiscal Year Fixed Effects NO YES 

Observations 4074 4074 
BIC 2662.019 2602.842 

Pseudo R2 0.159 0.210 

Note. Heteroskedasticity-robust standard errors are reported in parentheses.  

* p < .05, ** p < .01 
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Table A3: Methodological Robustness Checks: Comparison of Two-Stage Estimation 
Procedures 

 First-Stage Models 

Variable Model 1 

2SLS 

Model 2 

2S/3S IV 

Model 3 

Bi-probit 

Model 4  

Switch Probit Personnel Expertise Ratio 0.160** 0.113** 0.673** 0.656** 

  (Instrument) (0.047) (0.029) (0.163)    (0.175)    

Federal Funding 0.016 0.007 0.041    0.034    

 (0.012) (0.006) (0.035)    (0.034)    

Firm/Total Funding 0.089** 0.050** 0.277** 0.289** 

 (0.008) (0.005) (0.030)    (0.032)    

Prior Year Patents -0.002 0.001 0.008    -0.001    

 (0.008) (0.004) (0.025)    (0.025)    

Coops/Personnel Ratio -0.001 -0.001 -0.002    -0.007    

 (0.004) (0.002) (0.014)    (0.014)    

Coops within 100 Miles 0.006** 0.003** 0.017** 0.020** 

 (0.001) (0.001) (0.003)    (0.003)    

Early Stage Personnel 0.186** 0.175** 1.033** 0.792** 

 (0.067) (0.048) (0.266)    (0.256)    

Large Firm 0.362** 0.324** 1.272** 1.280** 

 (0.021) (0.021) (0.068)    (0.066)    

No Expertise -0.128** -0.111** -0.663** -0.634** 

 (0.017) (0.014) (0.088)    (0.083)    

Fiscal Year Fixed Effects YES YES YES NO 

      
 Second-Stage Models 

 Model 1 

2SLS 

Model 2 

2S/3S IV 

Model 3 

Bi-probit 

Model 4A 

Switch Probit 

Coops 

Model 4B 

Switch 

Probit 

Grants 

Coop Agreement -0.118    1.726** 0.240** 0.281** 0.081**  
(0.258)    (0.545) (0.142)a (0.079)b (0.074)b 

Federal Funding 0.026** 0.043 0.069*  0.070   0.059     
(0.010)    (0.029) (0.028)    (0.038)    (0.037)    

Firm/Total Funding 0.035    -0.057 0.095** -0.035    0.057     
(0.025)    (0.060) (0.026)    (0.074)    (0.075)    

Prior Year Patents -0.017** -0.062* -0.060*  -0.055    -0.090     
(0.006)    (0.028) (0.027)    (0.036)    (0.055)    

Coops/Personnel Ratio -0.014** -0.051* -0.053** -0.067** -0.014     
(0.004)    (0.020) (0.018)    (0.029)    (0.026)    

Coops within 100 Miles 0.001    -0.008 0.002    0.001    0.005     
(0.002)    (0.005) (0.003)    (0.006)    (0.005)    

Early Stage Personnel 0.079    0.145 0.541    -2.039  0.772*   
(0.099)    (0.405) (0.364)    (1.101)    (0.373)    

Large Firm 0.213* 0.067 0.745** 0.371    0.201     
(0.096)    (0.255) (0.071)    (0.439)    (0.191)    

No Expertise -0.053    -0.077 -0.391** 0.003    -0.260*   
(0.041)    (0.149) (0.093)    (0.268)    (0.128)    

Year Fixed Effects YES YES YES NO NO 

Observations 4,074 4,074 4,074 4,074 

Note. Heteroskedasticity-robust standard errors are reported in parentheses. 
a t-statistic of difference in predicted probability of patent generation by agreement type 
b t-statistic of difference in estimated treatment effect by agreement type 

* p < .05, ** p < .01 



 

 

Table A4: Two-Stage IPWRA Probit Results, Sensitivity to Different Thresholds for Geographic Proximity 

 (dependent variable: Generates Patent)  
100 Miles 200 Miles 300 Miles 400 Miles 500 Miles            

 
Co-ops Grants Co-ops Grants Co-ops Grants Co-ops Grants Co-ops Grants 

Coop Agreement 0.278** 0.083** 0.269** 0.085** 0.272** 0.083** 0.273** 0.084** 0.264** 0.085** 
  (0.032) (0.006) (0.031) (0.006) (0.029) (0.006) (0.029) (0.006) (0.028) (0.007)            

First-stage Personnel  0.651** 0.471** 0.346** 0.572** 0.639** 
 Expertise Instrument (0.165) (0.137) (0.123) (0.109) (0.109) 
Note. Heteroskedasticity-robust standard errors are reported in parentheses. All independent variables from Table 2 are included in 
estimation, but coefficients are not reported.  
** p < .01 
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Table A5: Single-Stage Probit Estimation of Patent Generation, With Instrument as 
Independent Variable 

 

  
Variable Model 1 

  
Coop Agreement 0.125** 

 (0.012) 
Personnel Expertise Ratio -0.030 
 (0.028) 
Federal Funding 0.010* 

 (0.004) 
Firm/Total Funding 0.005 

 (0.004) 
Prior Year Patents -0.010* 

 (0.005) 
Coops/Personnel Ratio -0.009** 

 (0.003) 
Coops within 100 Miles -0.000 
 (0.001) 
Early Stage Personnel 0.065 
 (0.061) 
Large Firm 0.083** 

 (0.015) 
No Expertise -0.041** 

 (0.013) 
Year Fixed Effects Yes 
N 4,074  
Pseudo R2 0.211  
BIC 2,610 
Note. Heteroskedasticity-robust standard errors are reported in 
parentheses.  
* p < .05, ** p < .01 
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Table A6: Three-Equation Endogenous Treatment Extended Regression Model 
 

      
Model Variable Coefficient Robust SE z-statistic p-value 

Fi
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n 
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Federal Funding 0.050 0.026 1.93 0.054 
Firm/Total Funding -0.018 0.035 -0.51 0.610 
Prior Year Patents -0.061 0.028 -2.19 0.029 
Coops/Personnel Ratio -0.054 0.019 -2.79 0.005 
Coops within 100 Miles -0.005 0.004 -1.54 0.123 
Early Stage Personnel 0.253 0.374 0.68 0.498 
Large Firm 0.241 0.120 2.01 0.045 
No Expertise -0.154 0.103 -1.50 0.134 
Coop Agreement 1.330 0.253 5.26 0.000       
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)  

Personnel Expertise Ratio 0.735 0.233 3.15 0.002 
Federal Funding 0.036 0.035 1.04 0.300 
Firm/Total Funding 0.291 0.033 8.96 0.000 
Prior Year Patents 0.002 0.024 0.08 0.937 
Coops/Personnel Ratio -0.004 0.014 -0.28 0.777 
Coops within 100 Miles 0.019 0.003 5.74 0.000 
Early Stage Personnel 0.940 0.280 3.36 0.001 
Large Firm 1.267 0.068 18.66 0.000 
No Expertise -0.650 0.093 -7.03 0.000       

Pr
ed
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g 
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n
el

 R
at
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IV
 

Early Stage Personnel 0.147 0.049 2.98 0.003 
Coops/Personnel Ratio 0.003 0.001 2.84 0.005 
No Expertise -0.082 0.004 -22.68 0.000 
Constant  0.082 0.004 22.34 0.000 

Note. N = 4,074 
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Table A7: Entropy-Balanced Probit Estimation Predicting Patent Generation 

 
Variable Coefficient Robust SE z-statistic p-value 
Coop Agreement 0.215 0.029 7.39 0.000 
Personnel Expertise Ratio 0.029 0.071 0.41 0.684 
Federal Funding 0.019 0.005 4.11 0.000 
Firm/Total Funding 0.031 0.012 2.63 0.008 
Prior Year Patents -0.023 0.015 -1.52 0.129 
Coops/Personnel Ratio -0.015 0.008 -1.92 0.055 
Coops within 100 Miles 0.002 0.001 1.86 0.063 
Early Stage Personnel 0.177 0.139 1.28 0.202 
Large Firm 0.004 0.045 0.09 0.930 
No Expertise -0.048 0.038 -1.24 0.213 
Note. Year fixed-effects included. N = 3,941 

 
 

 



 

 

Table A8: Second-Stage IPWRA Results of Logged Patent Generation and Quality Outcomes 
 

 
Num. Patents 

Generated 
Citation-Weighted 

Patents 
Citations/Patent Citations//Year 

 

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 

Cooperative Agreement 0.293** 0.079** 0.459** 0.086** 0.352** 0.070** 0.082** 0.017** 

  (0.032) (0.007) (0.044) (0.011) (0.037) (0.008) (0.010) (0.002) 

Note. Heteroskedasticity-robust standard errors are reported in parentheses. Odd-number models report point estimates for 
cooperative agreement analyses; even-number models report point estimates for grant analyses.  
** p < .01 
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Table A9: Single-Stage Probit Predicting Patent Generation with Firm Random-
Effects 

 
Variable Coefficient Robust SE z-statistic p-value 

Coop Agreement 0.192 0.020 9.46 0.000 

Fed. Funding 0.016 0.006 2.56 0.011 

Firm-to-Total Funding 0.001 0.007 0.19 0.851 

Prior Year Patents -0.027 0.012 -2.21 0.027 

Coops-to-Personnel Ratio -0.004 0.005 -0.77 0.440 

Coops within 100 Miles 0.000 0.001 0.16 0.873 

Early Stage Personnel 0.075 0.123 0.61 0.539 

No Expertise -0.067 0.025 -2.67 0.008 

Note. Year fixed-effects included. 4,074 observations/383 groups. Coefficients are 
predicted marginal effects. 
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Table A10: Probit Estimation of Cooperative Agreement = 1 with Prior Agreement 
Counts 

  Model 1 Model 2 Model 3 Model 4 
Personnel Expertise Ratio 0.642** 0.636** 0.496** 0.501** 
 (0.158) (0.159) (0.162) (0.162)    
Fed. Funding 0.037 0.037* 0.040* 0.039*   
 (0.020) (0.020) (0.020) (0.020)    
Firm-to-Total Funding 0.255** 0.254** 0.237** 0.236** 
 (0.027) (0.027) (0.027) (0.027)    
Prior Year Patents 0.006 0.006 -0.026 -0.026    
 (0.025) (0.025) (0.025) (0.025)    
Research Personnel Prop -0.133 -0.137 -0.091 -0.092    
 (0.255) (0.255) (0.256) (0.256)    
Coops-to-Personnel Ratio 0.005 0.006 -0.021 -0.021    
 (0.013) (0.013) (0.013) (0.013)    
Coops within 100 Miles 0.018** 0.018** 0.009** 0.010** 
 (0.003) (0.003) (0.003) (0.003)    
Early Stage Personnel 0.870* 0.853* 0.574 0.562    
 (0.341) (0.341) (0.366) (0.365)    
Major Organization 1.082** 1.075** 1.081** 1.064** 
 (0.073) (0.073) (0.074) (0.074)    
No Expertise -0.457** -0.457** -0.463** -0.461** 
 (0.089) (0.089) (0.091) (0.091)    
Prior 1-Year Agency Contracts -0.013**                   
 (0.002)                   
Prior 1-Year Contracts (Any   -0.013**                  
    Agency)  (0.003)                  
Prior 1-Year Agency Grants   -0.026**                 
   (0.004)                 
Prior 1-Year Agency Coops   0.103**                 
   (0.013)                 
Prior 1-Year Grants (Any     -0.026** 
    Agency)    (0.004)    
Prior 1-Year Coops (Any Agency)    0.100** 
    (0.013)    
Year Fixed Effects Yes Yes Yes Yes 
N = 3,724; only cases from 2001 onward used. Heteroskedasticity-robust standard errors 
are reported in parentheses. Results are substantively unchanged by using a longer time 
window. 
* p < .05, ** p < .01  



 

 

189 

Appendix B 
This appendix extends the findings in Chapter 2 to consider an alternative 

modeling approach: event-history analysis (also known as survival analysis or hazard 

rate models). I use Cox semi-parametric models to predict whether or not federal 

employees receive a raise in a fiscal quarter based on several of the predictor variables 

discussed in Chapter 2.  

Unlike OLS, Cox models do not allow for fixed-effects variables. However, there 

are two strategies that capture important features of the data. First, stratification is used 

to segment the data and estimate hazard models with distinct baseline hazards for each 

group, such as the bureau of employment. Second, a shared frailty term can be included 

in the model to approximate random effects in an OLS framework. This is particularly 

important to account for non-independence when there are multiple records for each 

individual (Allison 2014:70–71) . Formally, such a model looks like the following: 

ℎ"#$%&,() = 	ℎ,-.&exp(%&,(34), if i is in stratum 1, 

ℎ"#$%&,() = 	ℎ,6.&exp(%&,(34), if i is in stratum 2,  

and so on across strata for individuals (i), where .&, the individual random term is 

assumed to have a mean of 1 and variance 7 (Cleves, Gould, and Marchenko 2016:155–

59). The effects of the coefficients, 34, are assumed to be constant across strata but with 

different baseline hazards, and interact multiplicatively with the individual random 
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effects term, meaning the effect varies in magnitude by individual. Strata in the full 

model below are unique combinations of grade, bureau, and cohort, as promotion rates 

vary significantly across these categories.  

A Cox model is used because it (1) does not assume a functional form for time 

and (2) because time-varying variables can be readily incorporated into the analysis 

(Allison 2014:33–38). This second feature is particularly important in the case studied 

here, where movement into more or less connected skillset quintiles is the focal process 

of interest. Time-varying (or time-dependent) covariates are included in the model by 

using the episode splitting method of data construction. Under this specification, the 

software treats each record as a distinct person-period observation, indicated by a start 

and stop variable for each record (Allison 2014:40).  

In the models above, the j term indexes repeated events for individuals i. In this 

case, the repeated outcome is multiple promotion events up the grade ladder (i.e., the 

promotion indicator is 0 unless the current period grade level is greater than the 

immediately prior period grade level). A drawback to using Cox models with shared 

frailty is the dramatically increased compute time. As such, rather than analyze the 

entire GS personnel dataset, I subset the data and create quarterly measures of the 

variables listed in Table 3. The bureaus looked at are: Environmental Protection Agency 

(EPA), Office of Management and Budget (OMB), Bureau of Economics Analysis (BEA), 
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National Institutes of Health (NIH), and Bureau of Labor Statistics (BLS). The records 

are limited in the same manner discussed above (e.g., only GS employees); the final 

sample includes 36,206 individuals in these five bureaus. 

 

 

Figure 12: Survival Plot of Grade-Level Promotion by Skillset Connectivity Strata 

 
Figure 12 presents preliminary analysis by stratifying promotion events by the 

five connectivity quintiles (this plot is unadjusted for any covariates). Notably, 

individuals in the highest connectivity quintile are the fastest to reach promotion, and 

the only group to reach 100% promotion by the end of the observation period. 
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Interestingly, employees in the 2nd quintile are the slowest to be promoted, rather than 

the 1st quintile.  

Table B1 presents the coefficients from a Cox model predicting repeated 

promotion events. The Efron approximation method was used for simultaneous failures. 

As above, higher connectivity levels result in greater hazards of promotion, though this 

effect is not uniformly increasing across all levels. The highest redundancy level is 

negative, as expected, but again, this is not uniform across all levels. 

 
Table B1: Cox Survival Model Predicting Grade-Level Promotion in Five Bureaus 

 b SE c2 Sig. 

Number of Occupations Worked In 0.411 0.008 2944.11 *** 
Number of Occupational Groups Worked In -0.121 0.011 120.38 *** 

Number of Bureaus Worked In -0.463 0.009 2759.91 *** 
Supervisory Dummy 0.389 0.020 396.35 *** 

Skillset Connectivity     
   2nd Quintile 0.117 0.019 39.12 *** 

   3rd Quintile 0.244 0.018 184.97 *** 
   4th Quintile 0.168 0.020 73.37 *** 

   5th Quintile 0.220 0.020 117.21 *** 
Skillset Redundancy     
   2nd Quintile -0.050 0.015 11.57 *** 
   3rd Quintile 0.042 0.016 6.89 *** 

   4th Quintile 0.033 0.016 4.05 *** 
   5th Quintile -0.051 0.017 8.41 *** 

Note. Quintile variables are relative to 1st quintile. 
*** p < .001     

 
One of the shortcomings of this model is that it assumes the effect of each 

covariate is proportional to time. If this assumption is violated, the estimates above give 
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an inaccurate picture of how the covariates influence time to promotion (for a discussion 

of this problem, see: Licht 2011). This assumption can be relaxed and examined by 

including an interaction with time in the model (Box-Steffensmeier, Reiter, and Zorn 

2003), followed by simulating over multiple values of time and the covariate(s) of 

interest to obtain a sense of the uncertainty around the estimates (King, Tomz, and 

Wittenberg 2000; Licht 2011).62  

Following this literature, I re-estimate the model in Table B1, but I alter the 

variable structure so that connectivity and redundancy are treated as continuous 

variables with five values, corresponding to the five quintiles. I then interact each of 

these with the log-transformation of time (i.e., quarters). I estimate a Cox model 

including these terms, as well as the strata, shared frailty, and control covariates listed 

above. I then run 10,000 simulations over the resulting model, including the log-time 

interaction with skillset connectivity, in 5-quarter increments from five to 140 quarters.  

Figure 13 presents the results of this simulation approach. The four lines 

correspond to four quintile values (1st, 2nd, 4th, and 5th) relative to the 3rd quintile. The 

solid lines show the median simulated values; the darkest shading around each line is 

the 95% confidence interval corresponding to each quintile level; the lightest shading 

outlines the minimum and maximum values obtained in the simulations.  

                                                   
62 For a discussion of how this simulation is implemented in R, see the useful vignette for the “simPH” 
package here: https://cran.r-project.org/web/packages/simPH/vignettes/simPH-overview.pdf  
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Figure 13: Simulation Results from Cox Model Predicting Grade-Level Promotion by 
Connectivity Quintile 

 
One clear pattern that emerges in Figure 13 is the difference between the 4th/5th 

quintiles and the 1st/2nd quintiles, relative to the 3rd. The two higher groups are above the 

1.00 line and their 95% confidence intervals never overlap with it; in other words, being 

in the top two connectivity quintiles, relative to the middle quintile, is always positive 

and significantly different from zero. Similarly, the bottom quintiles never overlap with 

the middle, indicating they are always associated with lower promotion outcomes.  
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A second pattern worth noting is the wide variance in minima and maxima 

observed over the simulation rounds (the lightest shading behind each line). This 

suggests there remains a wide array of results, though still general conformation around 

the medians illustrated. A third pattern to note is that the effect of being in the various 

quintiles dissipates as time goes on. This was not an explicit prediction, but is interesting 

to note, as it suggests other factors may become more important the longer personnel are 

at their current grade level (though none of the effects overlap with 1.00, thus remaining 

statistically significant across the simulated timeline).  

A limitation of this final robustness check is its reliance on only five bureaus in 

constructing the quarterly dataset. Future work will expand this simulation exercise to 

include more bureaus. In sum, it supports the conclusions reached in Chapter 2 while 

extending the results to consider how skillset connectivity benefits civil servants over 

time in their current position classifications.   
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