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ABSTRACT 

 

Governments around the world serve as custodians of taxpayer contributions and play a critical role 

in utilizing these contributions for delivering essential services to the public. However, deep budget 

cuts, increased regulatory pressures and satisfying the needs of multiple stakeholders (e.g., citizens, 

policymakers, contractor firms) present a challenging environment for government agencies to 

fulfill their objectives. Despite significant investments of taxpayer contributions in the execution 

of government technology programs and contracts, the challenges associated with their effective 

execution has received little attention in the existing operations management literature. Focusing 

on this context, this dissertation has the following objectives (i) empirically investigate the 

challenges that are associated with executing government technology initiatives, and (ii) generate 

actionable insights that different stakeholders (e.g., federal agencies, contractor firms) can use to 

address some of these challenges. Towards addressing these objectives, the first dissertation study 

examines the performance of U.S. federal government technology programs and uncovers the 

drivers of baseline changes in their execution. The second dissertation study focuses on the 

performance of research and development (R&D) contracts awarded through the set-aside policy, 

a legislative provision that promotes the participation of small businesses in the U.S. federal 

government’s procurement process. The third dissertation study also focuses on the set-aside policy 

and investigates whether preferentially awarding contracts through this policy disincentivizes the 

growth of small businesses that execute R&D contracts for the federal government. Taken together, 

the three dissertation studies make a systematic attempt towards understanding the challenges that 

are associated with executing government technology initiatives and offer theoretically grounded 

empirical insights for effectively utilizing taxpayer investments in these initiatives.    
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Chapter 1 . Introduction 
 

1.1. Overarching Motivation for the Dissertation 

With deep budget cuts and increased regulatory pressures, governments around the world are being 

forced to do more with less resources (Stiglitz and Rosengard 2015). Such challenges, however, 

present a wealth of untapped research possibilities for operations management (OM) scholars 

(Cachon et al. 2020, Lee and Tang 2018, Tang 2016). For example, how can OM scholars help 

government agencies to improve operational decision-making that enable efficient utilization of 

taxpayer contributions? What can government agencies and contractor firms learn from OM 

research to create greater value for the society? This dissertation is motivated by such real-world 

challenges that require government agencies to align their activities with the needs of multiple 

stakeholders (e.g., contractor firms, policymakers, citizens), while utilizing taxpayer contributions 

effectively for delivering essential goods and services.  

Given the critical role played by government agencies in fulfilling public needs, there has 

been a growing interest towards conducting academic research that can help the government to do 

well and deliver greater value to the society. For example, within the management literature, studies 

have identified the performance drivers of U.S. federal government contracts (e.g., Calvo et al. 

2019, Bruce et al. 2019, Mishra et al. 2016), and examined the impact of information technology 

adoption on government efficacy (e.g., Pang et al. 2016, Pang et al. 2014). However, it is 

worthwhile to note that despite significant investments of taxpayer contributions in the execution 

of government technology programs and R&D contracts,1 the challenges associated with their 

effective management has received little attention in the existing OM literature. Furthermore, the 

execution of these programs and contracts is characterized by greater rigidity due to political 

pressures, adherence to regulatory mandates and most importantly, a need for fulfilling public needs 

effectively. Recognizing such challenges, this dissertation examines government spending on 

technology initiatives by leveraging detailed execution-level data on government technology 

programs and research and development (R&D) contracts. More specifically, this dissertation has 

two objectives (a) highlight the idiosyncratic challenges associated with the execution of 

government technology programs and R&D contracts, and (b) identify mechanisms to improve 

program and contract performance.    

The first study of this dissertation investigates the drivers of baseline changes in the execution of 

U.S. federal government (hereafter, federal government) technology programs. The second study 

                                                           
1 For example, on an average, in the past five years the U.S. federal government has spent ~$75 billion in the 

execution of technology programs and has awarded ~$150 billion as R&D contracts. Source: 

www.itdashboard.gov; www.usaspending.gov. (Accessed April 2021)   

http://www.itdashboard.gov/
http://www.usaspending.gov/
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focuses on the performance of R&D contracts and identifies practices that the federal government 

can adopt for improving the performance of R&D contracts that are preferentially awarded to small 

businesses through the set-aside policy. The third study evaluates the firm-level implications of the 

set-aside policy, particularly whether the policy increases incentives for federal contractor firms to 

avoid growth and remain small. Together, this dissertation attempts to generate actionable insights 

that has the potential to help government agencies to effectively manage their spending on 

technology programs and R&D contracts. 

 

Figure 1.1. An Integrated View of the Constituent Studies in my Dissertation 

 

 

 

 

 

 

 

 

 

 

 

 

1.2. Baseline Changes in Federal Technology Programs 

As noted in §1.1, the U.S. federal government makes significant investments in technology 

programs—i.e., enterprise-wide technology initiatives comprising multiple application 

development and maintenance projects—to deliver essential services to the public. The execution 

of each program is monitored against a baseline—an aggregate plan representing the program’s 

estimated budget, schedule and scope. With increasing bipartisan scrutiny on federal spending in 

technology programs and continuing debate in the media about the effectiveness of their execution, 

in this study I investigate the drivers of baseline changes in the execution of federal government 

technology programs. In addition, I study how does the scope of a federal technology program 

interacts with execution factors, namely, program granularity, program management competency 

and execution methodology to affect the number of baseline changes? 

The analysis results, based on detailed execution-level data on 234 federal technology 

programs, finds that an increase in the scope of a federal technology program is positively 
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associated with an increase in the number of baseline changes in the program. More importantly, 

an examination of the execution factors indicates that increasing levels of program granularity and 

program management competency attenuate the positive relationship between program scope and 

the number of baseline changes. Interestingly, while the execution methodology does not have a 

moderating effect; the use of agile methodology is directly associated with an increase in the 

number of baseline changes compared to the use of plan-driven methodology. These results 

question the increasing push by federal agencies and contractor firms towards using agile 

methodology for executing federal technology programs. Additional econometric analysis shows 

that a reduction in the number of baseline changes in programs with higher scope has the potential 

to substantially reduce federal spending in the execution of technology programs. 

Findings from this study advance the literature on technology program management by 

developing a nuanced understanding of the execution factors that influence costly baseline changes 

in federal technology programs. From a policy standpoint, this study highlights the role of baseline 

changes as a valuable in-process metric for federal managers to monitor the execution of 

technology programs and identify programs that have greater potential to experience cost overrun.  

 

1.3. Set-Aside Policy and Performance of R&D Contracts 

To encourage small businesses to participate in public procurement, the U.S. federal government 

has established the set-aside policy which mandates government agencies to award at least 23% of 

their contracting dollars to small businesses each year. Notwithstanding the policy’s welfare intent, 

this practice of awarding contracts by restricting competition to small businesses may reduce the 

federal government’s ability to select a highly qualified contractor firm, thereby impacting contract 

performance negatively. In this study, I examine performance differences across federal R&D 

contracts that are awarded as a part of the set-aside policy (vs. through open competition). In 

addition, I examine the role of nature of contractor firm experience across federal agencies (same-

agency experience vs. different-agency experience) and the timing of awarding an R&D contract 

(early vs. late in federal fiscal year) in influencing the performance of set-aside R&D contracts.  

Using detailed execution-level data on 30,902 federal R&D contracts, the analysis results 

indicate that despite restricting competition to small businesses, set-aside R&D contracts perform 

better compared to R&D contracts awarded through open competition. Furthermore, although set-

aside R&D contracts perform better when they are awarded to more experienced contractor firms, 

the benefits of experience arise primarily from a contractor firm’s experience across different 

agencies compared to the firm’s experience with the same agency. Finally, the results indicate that 
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set-aside R&D contracts awarded early in the federal fiscal year perform better when compared to 

similar contracts awarded later in the fiscal year.  

Taken together, these findings represent an important step towards highlighting the 

challenges that are associated with implementing the set-aside policy in federal procurement. From 

a policy standpoint, these findings highlight the importance of considering the underlying 

dimensions of a contractor firm’s experience and the timing of awarding a set-aside R&D contract, 

as such efforts can translate into improved contract execution and effective utilization of taxpayer 

contributions. 

 

1.4. Firm-Level Implications of the Set-Aside Policy  

As noted in §1.3, the set-aside policy encourages the participation of small businesses in the federal 

procurement process. To determine whether a contractor firm is eligible to receive contracts 

through the set-aside policy, the small business administration (SBA) has established size 

standards. These size standards are based on the number of employees or the average annual 

revenues of a contractor firm and classifies contractor firms as “small” or “large”, with only small 

businesses being eligible to receive federal contracts through the set-aside policy. While the set-

aside policy may help small businesses to grow by providing them with increased business 

opportunities, the binary size standard for determining a contractor firm’s eligibility to receive set-

aside contracts may also disincentivize growth. To resolve this tension, I examine whether the set-

aside policy disincentivizes small businesses to outgrow the size standard. As the set-aside policy 

also encourages the participation of women-owned and minority-owned small businesses in federal 

procurement, the second question in this study focuses on whether heterogeneity in small business 

ownership (namely, women-owned, minority-owned and other small businesses) impacts the 

likelihood to outgrow the size standard.   

Using accelerated failure time (AFT) models and data on 18,564 unique federal contractor 

firms, the analysis results indicate that ceteris paribus, an increase in the cumulative proportion of 

set-aside contracts executed by small contractor firms is associated with a reduced likelihood to 

outgrow the size standard. This result suggest that the set-aside policy may not help contractor 

firms to outgrow the size standard as by doing so, firms stand to lose the benefits of the set-aside 

policy. Furthermore, the analysis results find that among small businesses contracting with the 

federal government, women-owned (minority-owned) small businesses have a lower likelihood to 

outgrow the size standard in comparison to men-owned (non-minority-owned) small businesses.  

Taken together, these findings suggest that the binary size standard for determining a 

contractor firm’s eligibility to receive set-aside contracts may disincentivize them to outgrow the 
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size standard. These findings also echo increasing calls for supporting small businesses that have 

recently outgrown the size standard. Given the lower likelihood for women-owned and minority-

owned small businesses to outgrow the size standard, such efforts may be particularly useful in 

encouraging these small business types to outgrow the size standard.  

The remainder of this dissertation is structured as follows. Chapters 2, 3 and 4 provide 

further details on the constituent studies of this dissertation, and Chapter 5 discusses the key 

theoretical contributions and policy implications for the technology management and procurement 

practices of the U.S. federal government.   
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Chapter 2 . Baseline Changes in Federal Technology Programs 
 

2.1. Introduction 

“With so many talented OM researchers who work so hard, are we achieving our potential? 

...To what extent is company practice or public policy being influenced and improved by OM 

research?” (Tang 2016, p.179) 

 

“When problems mounted and the project fell behind schedule, state officials moved the 

deadline back. They called it a “rebaseline.” The project has been rebaselined at least five 

times.” (Ball 2015) 
  

  

Governments around the world face a growing challenge of doing more with fewer resources 

(Stiglitz and Rosengard 2015). In the United States and across much of the European Union, the 

topic of managing government spending has been a source of much recent debate in political and 

media circles (Pang et al. 2016, McKinsey 2017).2 In the U.S., one aspect of government spending 

that has received bipartisan congressional scrutiny is federal spending on technology programs—

i.e., enterprise-wide technology initiatives comprising interrelated application development and 

maintenance projects carried out by the federal government to improve operations and deliver 

essential services to the public (Gregory et al. 2015, Office of Personnel Management 2012). 

Examples of federal technology programs include the myUSCIS platform, which enables users to 

access information about immigration services, and the Veteran Benefits Management System, 

which allows military veterans to file disability claims electronically.  

 The execution of every federal technology program is monitored against a “baseline”—an 

aggregate plan representing a program’s original budget, schedule and scope that is approved by 

the stakeholders in the program prior to its execution (Office of Personnel Management 2012, 

Kerzner 2013). Thus, a program’s baseline is a standard against which its execution is measured 

and monitored. Although minor adjustments in a program’s scope, budget or schedule can be 

accommodated within its existing baseline, a baseline change (or a rebaseline) represents a major 

realignment in a program’s existing schedule, budget and technical or business-related goals 

(Office of Personnel Management 2012, Edwards and Kaeding 2015). A central criticism of federal 

technology programs is that such programs are often rebaselined multiple times during execution, 

resulting in significant additional spending than what was originally planned (Yaraghi 2015). A 

Government Accountability Office report (GAO 2008) finds that baseline changes are quite 

common across federal technology programs, with more than 50% of such programs being 

rebaselined at least once and more than 25% being rebaselined twice or more. Expressing concern 

                                                           
2  The U.S. spends more money on federal technology programs than any other country; expenditures 

consistently exceeded U.S. $70 billion annually over the last five years (https://itdashboard.gov/. Accessed: 

March 27, 2020).  

https://itdashboard.gov/
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over frequent baseline changes and significant additional spending in federal technology programs, 

U.S. Senator Tom Coburn notes (Senate Hearing 110-409, p. 4), “Well, rebaselined is another way 

of saying we do not want everybody to know what the real cost was, or we do not want everybody 

to know that we were inadequately prepared when we started out...”  

 Despite the prevalence of baseline changes in federal technology programs, empirical research 

examining the execution of such programs (or public sector technology programs) remains limited 

in the operations management (OM) and broader management literature (Calvo et al. 2019, Pang 

et al. 2016). As public and private sector organizations increasingly invest in enterprise-wide 

technology programs comprising multiple interrelated projects, a focus on program management is 

critical because programs go beyond the delivery of tactical and focused outcomes (that is expected 

of projects) and contribute to the long-term objectives of an organization (Kerzner 2013). To that 

end, prior studies have emphasized the need for a greater focus on the execution challenges and 

performance implications at the program level rather than at the project level (Gregory et al. 2015, 

Jiang et al. 2014). Our study represents a concerted effort in this direction and is also an attempt to 

respond to calls in the OM literature for research on public sector operations (Lee and Tang 2018, 

Tang 2016, Joglekar et al. 2016, Privett and Erhun 2011).  

 We focus on baseline changes in the execution of federal technology programs and attempt to 

uncover the drivers of such changes. We define a federal technology program as a collection of 

interrelated projects, wherein each project represents a temporary endeavor that is undertaken to 

accomplish a unique product or service with a defined start and end point and specific objectives.3 

Thus, while an individual project involves tactical or focused outcomes, a set of interrelated 

projects contribute to the overall strategic objectives of a program. In other words, projects help in 

scoping out a program by defining the work that needs to be completed (Wheelwright and Clark 

1992). Although greater scope of a program may increase the number of baseline changes  (e.g., 

Moy 2016, Kwak and Anbari 2012), an important question relates to understanding how the scope 

of a program interacts with execution factors to affect the number of baseline changes in the 

program. We focus on three execution factors in a federal technology program: the granularity of 

the program, which represents the progressive componentization of the program into smaller units 

of work or activities beyond the project level, as shown in Figure 2.1; the program management 

competency, as represented by the experience and qualification of the managers in program and 

project management domains; and the execution methodology, as represented by the set of methods, 

techniques or established guidelines that are used in program execution. We study three types of 

                                                           
3 https://itdashboard.gov/drupal/frequently-asked-questions. Accessed: March 27, 2020. 
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execution methodology: namely, plan-driven, agile, and hybrid methodology (Ramasubbu et al. 

2015, Harris et al. 2009).  
  

Figure 2.1. Structure of a Federal Technology Program 

 

 The empirical analysis is conducted using detailed archival data on 240 federal technology 

programs spanning 24 federal agencies. Data are taken from the federal IT Dashboard, a publicly 

accessible online platform that tracks the performance of such programs. We estimate a negative 

binomial regression model specification that accounts for unobserved differences across various 

federal agencies and controls for a number of program-specific characteristics to test the 

hypothesized relationships examining the moderating effects of program execution factors on the 

relationship between program scope and the number of baseline changes in the programs.  

 Our results provide empirical support for the contention that an increase in the scope of a 

federal technology program is positively associated with the number of baseline changes in the 

program. More importantly, an examination of the execution factors indicates that increasing levels 

of program granularity and program management competency attenuate the positive relationship 

between program scope and the number of baseline changes. Interestingly, we find that the 

execution methodology does not have a moderating effect; instead, we find that the use of agile 

methodology is directly associated with an increase in the number of baseline changes compared 

to the use of plan-driven methodology. These results question the increasing push by federal 

agencies and contracting firms in recent years towards employing agile methodology for executing 

federal technology programs (Miller and Ward 2016, Moczar 2013). Finally, we carried out 

additional econometric analysis to highlight the effects of baseline changes on cost overruns in 

federal technology programs and use this analysis to estimate the savings in taxpayer contributions 

that can occur by reducing baseline changes in programs of greater scope through an increase in 

program granularity and program management competency levels.  

 Although we attempted to reduce endogeneity concerns in our analysis ex ante through careful 

operationalization of the dependent and independent variables and appropriate model specification, 

such concerns may still arise from unobserved factors. Therefore, we checked the sensitivity of our 
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results through additional analysis. First, we assessed the extent to which our results may be driven 

by unobserved factors by following a method proposed by Altonji et al. (2005), and used in recent 

studies (e.g., Dey et al. 2015). This analysis indicated that unobserved heterogeneity is less likely 

to bias the results. Notwithstanding this evidence, we conducted a two-step residual inclusion 

(2SRI) estimation and a treatment effects model estimation to account for potential endogeneity 

concerns associated with the key independent variables. These additional specifications further 

support the robustness of our main results.  

 Taken together, our study findings make the following contributions towards advancing the 

OM literature and practice. First, by focusing on the management of public sector technology 

programs, a critical yet understudied research context, our study is an important step toward 

highlighting the performance issues that are prevalent in such programs and the opportunities that 

lie therein for OM scholars to influence public policy through research (Lee and Tang 2018, Tang 

2016). Second, although the limited number of studies on public sector initiatives that exist in the 

business literature have primarily evaluated such initiatives using end-of-process performance 

metrics like schedule and cost overruns (e.g., Calvo et al. 2019, Coviello et al. 2017, Mishra et al. 

2016), the present study departs from this trend by highlighting the role of an in-process 

performance metric, namely, number of baseline changes, for monitoring the execution of federal 

technology programs. A key benefit of this metric is that it serves as a valuable signal for federal 

agencies and program managers to identify technology programs that are experiencing significant 

deviations from their original baseline during their execution and enables them to work proactively 

toward reducing baseline changes. The third contribution of our study lies in empirically 

demonstrating the role of program granularity and program management competency as critical 

execution level factors that can be adjusted upwards to reduce the number of baseline changes in 

programs with high scope. Finally, our study highlights the substantive financial implications of 

studying baseline changes in federal technology programs by demonstrating the savings in taxpayer 

contributions that can be achieved in programs of higher scope through an increase in the levels of 

program granularity and program management competency. Our findings, thus, circle back to the 

broader debate in political and media circles on government spending on federal technology 

programs, providing insights on how such spending can be managed in programs of higher scope 

through the use of specific execution factors examined in this study. 

 

2.2. Literature Review 

The theoretical arguments in our study build upon interrelated streams of research across OM and 

the information systems domains: (i) research on technology project management (e.g., Crama et 
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al. 2018, Narayanan et al. 2011, Kwon et al. 2010, Mihm et al. 2003), and (ii) an emerging body of 

work on public sector initiatives (e.g., Calvo et al. 2019, Mishra et al. 2016, Pang et al. 2016). We 

review these two streams of research, identify specific gaps, and discuss how our study attempts to 

address these gaps.   

 

2.2.1. Technology Project Management 

The focus on actionable mechanisms to improve the performance of technology projects has been 

a topic of long–standing interest for OM scholars (Kwon et al. 2010, Mihm 2010, Clark and 

Fujimoto 1991). These studies look at how factors such as the planning and sequencing of activities 

(e.g., Narayanan et al. 2011, Terwiesch and Loch 1999), contract payment structures (e.g., Kwon 

et al. 2010), team coordination (e.g., Mihm et al. 2003), and incentive structures (Mihm 2010, 

Carrillo and Gaimon 2004) among others affect the performance of individual technology projects. 

Our paper builds on these OM studies on project management by examining how a set of execution-

level factors influences the performance of a collection of technology projects that constitute a 

technology program. Specifically, we identify the role of three factors that are relevant to the 

execution of federal technology programs: componentization of programs into activities (e.g., 

Baldwin and Clark 2000, Wheelwright and Clark 1992), competency levels of managers (e.g., 

Mithas and Krishnan 2008) and the execution methodology employed (e.g., MacCormack et al. 

2001). 

 The existing OM literature on managing a collection of projects has investigated issues such as 

choosing an appropriate mix of projects (Chao and Kavadias 2008), identifying the sequence in 

which these projects are to be carried out (Wheelwright and Clark 1992) and allocating limited 

organizational resources among the projects (Chao et al. 2009). Except for a recent study by Crama 

et al. (2018) on how formalized help-seeking influences the performance of a collection of projects, 

the extant OM literature offers limited guidance on the effective execution of technology programs 

that are composed of multiple interrelated projects. In particular, given the structure of programs, 

while the effective execution of individual projects is often a necessary condition for programs to 

succeed, success at the program level requires managers to account for the interdependencies 

among a collection of projects within a program and constantly balance the short-term tactical 

objectives of individual projects with the long-term strategic objectives of a program. In this study, 

we account for the multi-project structure of technology programs by using measures that aggregate 

execution level factors from the project to the program level. Our emphasis on studying programs 

(as a collection of multiple interrelated projects) thus extends a tradition of work by OM scholars 

who have emphasized the need for greater focus on aggregate-level planning and execution of a 
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collection of projects (Clark and Fujimoto 1991, Crama et al. 2018).  

 Finally, our study also builds upon an emerging stream of research in the information systems 

domain that has highlighted the essential role of program management in carrying out complex, 

enterprise-wide technology deployments and called for greater research on this domain (Gregory 

et al. 2015, Jiang et al. 2014). Specifically, as Jiang et al. (2014, p. 82) note, “existing literature on 

program management is sparse and still in the definition and exploratory stages” and that (Gregory 

et al. 2015, p. 77) “more research on IT programs in general and IT transformation programs in 

particular could thus contribute to a better understanding of the complexities and mechanisms 

involved in ensuring successful deployment of IT resources in organizations.” Our study represents 

a concerted effort in this direction.  

 

2.2.2. Performance of Public Sector Initiatives  

This study is also related to a stream of academic research across OM and information systems 

disciplines that examines the performance of public sector initiatives (e.g., Calvo et al. 2019, 

Coviello et al. 2017, Mishra et al. 2016, Pang et al. 2016). However, many of these studies have 

focused on examining the drivers of traditional end-of-process performance metrics such as 

schedule and cost overruns. For example, Calvo et al. (2019) examined the effects of regulatory 

oversight on schedule and cost overruns in public sector construction projects, whereas Mishra et 

al. (2016) examined the effects of project risk and process maturity on similar end-of-process 

performance metrics. Relatedly, Pang et al. (2016) linked the information technology budgets of 

chief information officers (CIOs) at the state government level to a reduction in overall state 

expenditures as a performance measure.  

 We differentiate our study from the aforementioned by conceptualizing and investigating the 

drivers of an in–process performance metric, the number of baseline changes that arise during the 

execution of federal technology programs. Given that a program’s baseline is an aggregate plan 

capturing the program’s initial planned budget, schedule and scope that is agreed upon by all the 

stakeholders, a baseline change during execution indicates a scenario wherein the program’s 

execution has deviated significantly from its expected budget, schedule, and scope goals, rendering 

the existing baseline ineffective. Further, the process of proposing and approving a baseline change 

in federal technology programs is both effort intensive and time consuming, requiring significant 

attention from contractor firms and agency personnel (associated with the program) to negotiate 

and agree upon the revised baseline, and reconcile the revised baseline with execution level details. 

Therefore, by representing the number of baseline changes as an in-process metric for evaluating 

federal technology programs, our study informs federal agencies and program managers on how to 
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continuously monitor the execution of these programs and calibrate the appropriate factors to 

reduce baseline changes. Finally, such a focus also distinguishes our study from prior research on 

information systems development (e.g., Dibbern et al. 2008, Gopal et al. 2003) that has studied 

execution challenges such as requirements volatility or scope creep but characterized them as 

exogenous in nature. In conceptualizing baseline changes as an in-process metric, we explicitly 

recognize it as an endogenous measure in our study that is likely to be influenced by factors in the 

program’s execution environment. 

 In summary, by examining the execution of U.S. federal government technology programs, we 

contribute to a growing body of research that seeks to influence public policy through academic 

research (e.g., Calvo et al. 2019, Mishra et al. 2016, Pang et al. 2016). Furthermore, we extend the 

boundaries of program and project management studies in the OM and information systems 

literature by: (i) identifying mechanisms to improve the execution of federal technology programs 

that are composed of multiple interrelated projects, and (ii) studying the drivers of an in-process 

performance metric, the number of baseline changes, that arise during the execution of these 

programs.    

 

2.3. Hypotheses Development 

2.3.1. Program Scope and the Number of Baseline Changes 

As noted earlier, a federal technology program can be construed as a set of coordinated and related 

projects that are carried out by the federal government to implement strategic objectives. Each 

project within a program represents a temporary endeavor that is undertaken to accomplish a subset 

of the program’s strategic objectives (Gregory et al. 2015). Projects, therefore, fundamentally 

define the scope of the work that needs to be done in a federal technology program.  

 A key challenge associated with planning and executing a collection of related projects is that 

individual managers have to constantly balance the short-term project-level objectives with the 

long-term program-level objectives that are strategic in nature (Gregory et al. 2015, Clark and 

Fujimoto 1991). Particularly, in estimating the baseline of programs with large scope, managers 

may experience the limits of their bounded rationality (Baldwin and Clark 2000, Simon 1979), that 

would restrict their ability to: process the assumptions and constraints associated with each project 

in a program, account for interdependencies across different projects in a program, and integrate 

potentially conflicting estimates of budget and schedule for individual projects from contractor 

firms. This may result in significant inaccuracies in estimating a program’s initial baseline, 

necessitating baseline changes during its execution. A greater number of projects may also 

compound the uncertainties associated with coordinating resources (e.g., managerial and 
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technological resources) and integrating deliverables across multiple projects in a program, which 

in turn, can further increase the likelihood of baseline changes during program execution.  

 Finally, as program scope increases, so too does the likelihood that contractor firms will receive 

only a smaller subset of the overall program information (Kwak and Anbari 2012). This results in 

individual project estimates that may not account for the challenges involved in addressing holistic 

program objectives and in integrating deliverables across different projects (Loch et al. 2006, Ford 

and Sterman 2003). For instance, in their multi-year case study of a large technology program 

implementation in a major commercial bank, Gregory et al. (2015) documented evidence of 

constant tradeoffs faced by individual project managers in balancing short-term project-level 

objectives with program-level objectives that are longer term and more distant in nature. 

Collectively, these arguments suggest that programs with large scope have a greater likelihood of 

experiencing baseline changes during their execution.  

 

2.3.2. Moderating Effect of Program Granularity 

Activities represent the organization of a federal technology program broken into smaller units of 

work, with several activities constituting the individual projects in a program. The progressive 

componentization of a technology program into multiple activities is a critical design and program 

management decision (Gregory et al. 2015, Baldwin and Clark 2000, Wheelwright and Clark 1992). 

Typically, it is at the activity level that work in a federal technology program is outsourced to 

contractor firms (Clark and Littrell 2002). Consistent with prior literature (e.g., Subramanyam et 

al. 2012, Rai et al. 2009), we define program granularity as the extent to which a program is 

componentized into activities. 

 On the one hand, increasing levels of program granularity can create a better understanding of 

program scope in terms of technological and infrastructural needs. This enhanced understanding of 

program scope ensures that the short-term tactical goals of individual projects are more effectively 

aligned, thereby helping a program to achieve its long-term strategic objectives within the estimated 

baseline. Increasing levels of program granularity also help to identify in advance the specific 

problems that may arise during execution of programs with larger scope at a more granular level. 

That is, the bounded rationality associated with estimating the baselines for programs of larger 

scope (which involves processing a larger amount of information) may be reduced through 

increasing levels of program granularity (which involves processing a smaller amount of 

information). Furthermore, through task partitioning and division of labor, modifications to specific 

activities that often arise during program execution are quickly addressed (Subramanyam et al. 

2012, Gokpinar et al. 2010), with limited spillover effects on the overall baseline. Finally, an 
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increased level of granularity also reduces the potential for a “snowball” effect (Terwiesch and 

Loch 1999), such that estimation errors or execution challenges due to hidden design parameters 

or uncertainty in one activity will have limited effects on similar errors or challenges in another 

activity. Given these benefits, we anticipate that increasing levels of granularity will weaken the 

positive association between program scope and the number of baseline changes.  

 On the other hand, with an increase in program scope, increasing granularity can significantly 

intensify the amount of information exchange and coordination necessary for executing and 

integrating activities (Subramanyam et al. 2012). For example, federal employees and contractor 

firms carrying out these activities must communicate regularly to understand the factors influencing 

each other’s decisions and to track these decisions. As program scope increases, higher needs for 

information processing and coordination across multiple activities can increase the likelihood of 

integration glitches and rework (Mishra and Sinha 2016), thereby inducing a change in the 

program’s baseline. Additionally, with an increase in program scope, a greater number of activities 

may amplify the extent to which the actual efforts required to integrate the activities are neglected 

(Staats et al. 2012), giving rise to changes in the program’s baseline during its execution. That is, 

for programs with greater scope, the benefits of granularity can be dwarfed by an increased need 

for co-ordination and integration across a greater number of activities. Given these opposing 

arguments on the role of program granularity, we propose the following hypotheses: 

HYPOTHESIS 1a: Program granularity moderates the positive association between program 

scope and the number of baseline changes in a federal technology program such that the 

strength of this association decreases as program granularity increases.  

 

HYPOTHESIS 1b: Program granularity moderates the positive association between program 

scope and the number of baseline changes in a federal technology program such that the 

strength of this association increases as program granularity increases. 
 

2.3.3. Moderating Effect of Program Management Competency  

Existing research has conceptualized competency as the combination of technical knowledge and 

practical knowledge in a domain (e.g., Mithas and Krishnan 2008, Orlikowski 2002). Technical 

knowledge in a domain refers to an understanding of a usable body of theoretical concepts, tools 

and techniques that are required to perform a particular job in that domain. Such knowledge can be 

acquired through formal training, continuous education and/or efforts to acquire professional 

certifications (Gallivan et al. 2005, Carrillo and Gaimon 2004). Practical knowledge, on the other 

hand, is developed through everyday practice and experiential learning in the domain (Langer et 

al. 2014, Huckman and Pisano 2006). Such knowledge refers to an understanding of how technical 

knowledge can be suitably applied to perform a particular job as per the demands of the 
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organizational context (Ferdows 2006). Consistent with prior research, we refer to program 

management competency in a federal technology program as the combination of technical and 

practical knowledge accrued by program managers.  

 We propose that higher levels of competency can enable managers to overcome some of the 

bounded rationality and cognitive biases associated with executing programs of larger scope. The 

successful execution of a technology program requires an understanding of the linkages between 

constituent projects, which define a program’s scope, and how each project contributes to the 

overall program objectives. This understanding is contingent on the ability of managers to integrate 

technical and practical knowledge across multiple projects (Gregory et al. 2015, Langer et al. 2014). 

A higher level of program management competency, which combines these two forms of 

knowledge, enables a deeper understanding of the interdependencies between projects and how 

they relate to overarching program objectives. Such an understanding not only helps in the accurate 

estimation of the program’s baseline, but also in its execution with reference to this baseline. 

Furthermore, given that managers experience the limits of their bounded rationality in federal 

technology programs of larger scope, they are more likely to search for solutions in the vicinity of 

problems or in existing approaches (Mussweiler and Strack 2001). In such a scenario, increasing 

levels of technical and practical knowledge broaden the set of existing approaches that a manager 

uses in estimating a program’s baseline. In sum, these arguments suggest that the benefits of 

program management competency are likely to be significant in federal technology programs with 

larger scope, enabling an improvement in the accuracy with which a program’s baseline is 

estimated, but also in executing the program within the estimated baseline. We, therefore, propose 

the following hypothesis: 

 

HYPOTHESIS 2: Program management competency moderates the positive association 

between program scope and the number of baseline changes in a federal technology program 

such that the strength of this association decreases as program management competency 

increases. 
 

2.3.4. Moderating Effect of Execution Methodology  

Building upon prior studies (e.g., Rahmani et al. 2017, Ramasubbu et al. 2015), we refer to 

execution methodology as a set of methods, techniques or established guidelines that are pursued 

by the related projects constituting a federal technology program. The execution methodology in a 

technology program can be broadly classified into three major archetypes: plan-driven, agile, or 

hybrid (Ramesh et al. 2012, Austin and Devin 2009). The plan-driven methodology, often referred 

to as the “waterfall” methodology in practice, refers to a broad family of methods where the 

execution of a project is conducted in the form of highly structured and sequential phases with the 
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output of one phase becoming the input for a subsequent phase. In a plan-driven methodology, 

much of the planning effort occurs upfront in the project with a heavy emphasis placed on 

documenting the requirements and carrying out subsequent phases of execution in sequence—e.g., 

requirements gathering followed by design, development, testing and final release. Projects may 

also pursue variations of the plan-driven methodology such as the “incremental” or “spiral” 

methodology wherein projects continue to be executed in structured and sequential phases with 

additional features being incorporated at the end of each phase.  

 An alternative to the plan-driven methodology is the agile methodology which limits the extent 

of upfront planning effort in a project, and instead, focuses the execution of a project in terms of a 

smaller set of prioritized requirements (Rahmani et al. 2017, Austin and Devin 2009). A key 

distinguishing feature of the agile methodology is that it emphasizes on the early and continuous 

release of working prototypes which allows clients (i.e., the federal government agencies in our 

context) to review and revise the requirements after each release (Kerzner 2013). As a result, while 

an increase in program scope can increase the potential for baseline changes, the use of agile 

methodology can help in developing a better understanding of how project-level requirements and 

objectives contribute to overall program goals. Furthermore, the opportunity to revise requirements 

and immediately address issues in one feature before moving onto another allows for greater client 

buy-in into the program scope and minimizes the likelihood of rework and downstream baseline 

revisions (Maruping et al. 2009).  

 Finally, research in software engineering literature has examined the role of a hybrid 

methodology (or controlled flexibility) that combines elements of both plan-driven and agile 

methodologies (Ramasubbu et al. 2015). This method incorporates the flexibility of the agile 

methodology while maintaining the identifiable structure and sequence of the plan-driven 

methodology. While flexibility enables a quicker response to changes in the program’s baseline, a 

strong management control during uncertain situations ensures that the program is executed within 

the estimated baseline (Harris et al. 2009). Specifically, at higher levels of scope, the plan-driven 

aspect of the hybrid approach sets a tighter boundary for a program’s scope, which reduces the 

likelihood for baseline changes to occur. The agile aspect, by incorporating continuous client 

feedback enables a better understanding of program scope, thereby decreasing the occurrence of 

baseline changes. As the hybrid methodology combines the unique advantages of both plan-driven 

and agile methodologies, we anticipate that the use of this methodology will attenuate the positive 

association between program scope and the number of baseline changes. In sum, given the 

mechanisms through which different types of execution methodology can influence the execution 

of a federal technology program, we posit that, relative to the plan-driven methodology, the use of 



  

17 

 

agile or hybrid methodology is likely to weaken the positive relationship between program scope 

and the number of baseline changes.  

 

HYPOTHESIS 3: Execution methodology moderates the positive association between program 

scope and the number of baseline changes in a federal technology program such that the 

strength of this association decreases when the agile methodology or the hybrid methodology 

is deployed in the program relative to the plan-driven methodology. 

 

2.4. Research Design 

2.4.1. Data Collection 

We collect detailed data on federal technology programs from the federal government’s IT 

Dashboard. The IT Dashboard is an important initiative undertaken by the federal government to 

make its investments in technology programs more transparent and facilitate public monitoring of 

investments. The website was launched in June 2009, a time during which the U.S. economy was 

experiencing a major recession and when there was significant pressure on the federal government 

to manage spending and provide greater transparency on its investments. As this website notes, 

“The IT Dashboard gives the public access to the same tools and analysis that the government uses 

to oversee the performance of Federal IT investments.” The responsibility for evaluating and 

updating program-related data on the federal IT Dashboard rests with the CIOs of federal 

government agencies. This website displays a subset of data derived from three reports, namely: (i) 

the agency IT portfolio report, (ii) the business case report, and (iii) the CIO evaluation report. The 

agency IT portfolio report contains detailed financial information (e.g., the source and amount of 

program funding, total program lifecycle costs etc.) on each federal agency’s portfolio of 

technology programs, and is a subset of OMB Exhibit 53.4 The business case report and the CIO 

evaluation report are program specific and are based on information provided through OMB Exhibit 

300.3 The business case report describes a program’s end objectives and associated operational 

performance metrics, whereas the CIO evaluation report assesses a program’s risk levels and ability 

to accomplish its goals.  

Data obtained from these three sources are organized into multiple subsets pertaining to 

programs, projects, activities, lifecycle costs and so forth on the IT Dashboard and are linked to 

                                                           
4 Exhibit 53 also consists of: (i) agency cloud computing portfolio report that contains details of an 

agency’s investments in cloud computing infrastructure, and (ii) agency IT priority proposal report that 

contains proposals for programs that can demonstrate a favorable return on investment within 18 months. 

Exhibit 300 reports the justification, planning and implementation of every technology program that are 

listed in the agency IT portfolio report. 

(https://obamawhitehouse.archives.gov/sites/default/files/omb/assets/egov_docs/fy14_guidance_on_exhibit

s_53_and_300.pdf. Accessed: June 11, 2020) 
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each other through a unique identifier. We use this unique identifier to collate program-level 

information across the different data subsets and construct the dependent and independent variables 

in our study. For our analysis, we downloaded data from the IT Dashboard in August 2015 on an 

initial sample of 250 technology programs from 24 federal agencies that involved completed 

projects. One program was dropped from our estimation sample because of a missing value on the 

control variable program source, leaving 249 programs. Next, we excluded eight programs for 

which we were unable to retrieve the planned values of scope and granularity, for a total of 241 

programs that had exogenous values for program scope and granularity. One observation was 

identified as influential, with a high value of Cook’s distance, and was subsequently removed from 

the estimation sample, reducing the study sample to 240 programs. On average, a federal 

technology program in our sample consists of 3 projects, with an average duration of 3 years and 

an average budget of $62.64 million. Table A2.1 in the online supplement includes an example 

program from our sample. 

 

2.4.2. Dependent and Independent Variables 

Number of Baseline Changes: A federal technology program’s baseline can be revised during its 

execution as a result of a single major change or a series of incremental changes to the program’s 

scope, objectives, functional requirements, contracting responsibilities and/or funding levels that 

renders the existing baseline ineffective in accurately monitoring the program’s execution. 

Revisions to the baseline are carried out through a rigorous review process requiring the 

involvement and approval of the affected stakeholders—the Chief Information Officer and Program 

Management Office of the federal agency associated with the program, the contractor firms and so 

on (OCIO 2010). Figure 2.2 illustrates the various steps associated with the proposal and approval 

of baseline changes in federal technology programs. We discuss these steps in greater detail in Table 

A2.2 in the online supplement. 

 The Number of Baseline Changes in a federal technology program is measured as a count of 

the baseline changes that occur during the program’s execution. In constructing this measure, we 

exclude baseline changes attributed to external factors that are not under the direct control of federal 

managers and contractor firms, such as: (i) external management decisions (e.g., congressional 

legislation or mandates from the OMB or Internal Review Board), (ii) changes in the source and 

availability of funds for a program (e.g., pending budgetary approvals from Congress, re-allocation 

of budgetary resources among federal agencies by the OMB), and (iii) changes in the federal 

agency’s structure and/or business requirements. Furthermore, to reduce the threat of omitted 

variables that may affect decisions regarding execution methodology and the number of baseline 
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changes in a program, we carefully studied the explanations associated with baseline changes and 

excluded those which hinted at progressive elaboration of program requirements or the use of 

iterative approaches as a reason for baseline changes. The average value for the number of baseline 

changes in our sample is 3.14 with a standard deviation of 3.47. Table A2.3 in the online supplement 

includes examples of baseline changes from our sample. 

Figure 2.2. Process to Propose and Approve Baseline Changes in Federal Technology 

Programs 

 
                 

                  Source: Small Business Administration (2011), Department of Justice (2010) 

 

Program Scope: Each project within a program has a specific objective that accomplishes a subset 

of the program’s strategic objectives (Gregory et al. 2015). All else remaining equal, a greater 

number of projects, therefore, represents a wider set of strategic objectives that the program is 

trying to accomplish. Given that each project within a program focuses on delivering a specific 

output, we measure program scope in terms of the total number of distinct projects that are planned 

to be completed at the start of a program. The average value of program scope in our sample is 3.04 

with a standard deviation of 3.52. To account for the possibility that federal technology programs 

with the same number of planned projects may differ in terms of budget and duration, which may 

create qualitative differences in their scope, we control for these factors in our analysis. In addition, 

https://www.sba.gov/sites/default/files/SOP_90-52.pdf
https://www.justice.gov/jmd/file/705791/download
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in the robustness checks discussed in §5.3, we estimate alternative model specifications of the 

program scope measure to examine the validity of our results.  

 Program Granularity: We measure program granularity as the sum of the number of planned 

activities associated with each project in a program. That is, the greater the number of planned 

activities in a program, the greater its granularity. The average value of program granularity in our 

sample is 15.47 with a standard deviation of 23.13. Although program granularity is a theoretically 

distinct concept from program scope—table A2.1 in the online appendix further illustrates the 

distinction between projects and activities using an example of federal technology program from 

our study sample—the measures associated with these two concepts could be interrelated in 

practice. That is, programs of greater scope may have greater levels of granularity. Therefore, we 

carried out a robustness check in §5.3 using an alternative measure of program granularity that 

partials out the effects of program scope and obtained consistent results. 

 Program Management Competency: Every federal technology program involves a set of 

managers, and each manager is responsible for leading a specific project within the program. 

Program management competency is derived from the working experience of the managers in the 

program and project management domains and their technical knowledge in these domains in the 

form of formal training and certifications. Toward this end, the federal government has established 

the Federal Acquisition Certification for Program and Project Managers (FAC-P/PM) to track the 

experience of and training requirements for managers in federal technology programs. Similarly, 

the Defense Acquisition Workforce Improvement Act (DAWIA) requires managers working for 

defense agencies to have a similar certification that focuses on program management competency. 

Specifically, for a given project within a federal technology program, the federal IT Dashboard 

measures program management competency by using an ordinal scale ranging from 1 to 9 that takes 

into account a manager’s years of experience and certification level in the program and project 

management domains. A rating of 1 represents the highest level of program management 

competency, whereas a rating of 9 represents the lowest level of competency.5 Table A2.4 in the 

online supplement describes the measurement scale in greater detail. For ease of interpretation, we 

have reverse coded this scale. We calculate program management competency in a federal 

technology program by averaging the values across all projects within a program. The average level 

                                                           
5 For example, a rating of 1 on the federal IT Dashboard represents a scenario in which a manager has a 

“FAC-P/PM senior-level or DAWIA level 3 certification with at least 4 years of project management 

experience (within the last ten years) and at least 1 year of experience in federal technology programs,” a 

rating of 4 indicates a manager has “other certification with 4 or more years of project management 

experience in the last five years” and a rating of 9 means a manager has “no certification, but has less than 

2 years of project management experience in the last five years.” 



  

21 

 

of program management competency across programs in our sample is 7 with a standard deviation 

of 2.33.  

 Execution Methodology: As noted earlier, a federal technology program employs one of the 

following methodologies—plan-driven, agile or hybrid, during its execution. In our sample, the 

distribution of execution methodology across programs is as follows: 124 programs (51.7%) 

pursued the plan-driven methodology, 59 programs (24.8%) pursued the agile methodology, and 

the remaining 57 programs (23.5%) pursued the hybrid methodology. We construct two dummy 

variables, Agile and Hybrid, to represent the three different types of execution methodology that 

were employed within federal technology programs.  
 

2.4.3. Control Variables 

Variations in the characteristics of federal technology programs may create considerable 

heterogeneity among programs and can offer alternative explanations for the number of baseline 

changes. To rule out such alternative explanations, we control for several program characteristics 

in our analysis. Table 2.1 describes the dependent, independent and control variables used in our 

study, whereas Table A2.5 in the online supplement includes the descriptive statistics and pairwise 

correlations for all the variables.   

 

2.5. Analysis and Results 

2.5.1. Model Specification and Hypothesis Testing 

The dependent variable, Number of Baseline Changes, is a count variable that exhibits 

overdispersion—that is, its variance is significantly greater than its mean (variance=12.04, 

mean=3.14). Taking this into account, and to control for time-invariant unobserved heterogeneity 

across different federal agencies, we follow Allison and Waterman (2002) in using an unconditional 

negative binomial regression specification with agency fixed effects (included as dummy variables) 

to model the number of baseline changes in federal technology programs (Wooldridge 2010, 

Kennedy 2008). Furthermore, because programs began at different points in time, we include 

program start year dummies to control for any time-specific unobserved heterogeneity, in addition 

to including a host of control variables (as shown in Table 2.2).  
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Table 2.1. Description of Dependent, Independent and Control Variables 

Variable Name Variable Description 

Dependent Variable 

Number of Baseline Changes The total count of baseline changes that occur during program execution 

Independent Variables 

Program Scope The total planned number of projects in a program 

Program Granularity The total planned number of individual activities in a program 

Program Management 

Competency 

Average value of the competency levels of all managers in a program. Table 

A2.3 in the online appendix provides the detailed measurement scale used to 

capture program management competency for each manager in a program. 

Execution Methodology: Agile 
A dummy variable that is coded as ‘1’ if execution methodology was agile and 

‘0’ if execution methodology was plan-driven 

Execution Methodology: 

Hybrid 

A dummy variable that is coded as ‘1’ if execution methodology was hybrid 

and ‘0’ if execution methodology was plan-driven 

Control Variables 

Program Duration 
The difference between the end date of the last completed project and the start 

date of the earliest project within the program 
 

Program Budget The initial planned budget (in $ million) allocated for the program 

Program DME Percentage 

 

The extent of Development, Modernization & Enhancement (DME) work 

compared to Operations & Maintenance (O&M) work in a program. 

Program Type: Major 

 

A technology program is categorized as major by the OMB if it requires special 

attention due to its importance to the mission of a federal agency, has important 

policy implications and is associated with higher costs during execution. We 

created a dummy variable to represent the major programs in our analysis. 

Program Source 

 

Denotes the reason for the existence of a federal technology program: 

 legislative mandate: the program is carried out due to a legislative mandate; 

 audit finding: the program is carried out due to an audit finding; 

 agency plan: program is carried out based on the agency’s strategic plans; 

 presidential priority: program is carried out based on presidential directive, 

presidential memorandum, or executive order; 

 other reasons: program is carried out based on reasons not outlined above 
 

We created four dummy variables: legislative mandate, audit finding, agency 

plan, and presidential priority to represent program source in our analysis 

Number of Contracts  The total planned number of contracts associated with a program   

Number of Contractors The total planned number of distinct contractors associated with a program 

Modular Contracting  

 

The % of contracts in a program employing federal guidelines on modular 

contracting wherein the development, implementation and testing of a workable 

system is carried out in the form of discrete modules. 

  Program Start Year 

 

The year in which a program started. We created seven dummy variables for the 

different start years (on or before 2007, 2008, 2009, 2010, 2011, 2012, 2013, and 

2014-2015). 

Percentage of Fixed Price 

Contracts 
The % of fixed price contracts in each program.  

Average Contractor 

Experience 

 

The ratio of total number of prior contracts executed by contractors in the federal 

technology program to the total number of contractors involved in the program.  
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For federal technology program i within a given agency j, the model specification is as follows:  
   

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝐶ℎ𝑎𝑛𝑔𝑒𝑠𝑖𝑗

= 𝑓(𝛽0 + 𝛽1. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑆𝑐𝑜𝑝𝑒𝑖𝑗 + 𝛽2. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦𝑖𝑗

+ 𝛽3. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑀𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝐶𝑜𝑚𝑝𝑒𝑡𝑒𝑛𝑐𝑦𝑖𝑗

+ 𝛽4. 𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑀𝑒𝑡ℎ𝑜𝑑𝑜𝑙𝑜𝑔𝑦: 𝐴𝑔𝑖𝑙𝑒𝑖𝑗 + 𝛽5. 𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑀𝑒𝑡ℎ𝑜𝑑𝑜𝑙𝑜𝑔𝑦: 𝐻𝑦𝑏𝑟𝑖𝑑𝑖𝑗

+  𝛽6. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑆𝑐𝑜𝑝𝑒𝑖𝑗 × 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝐺𝑟𝑎𝑛𝑢𝑙𝑎𝑟𝑖𝑡𝑦𝑖𝑗 + 𝛽7. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑆𝑐𝑜𝑝𝑒𝑖𝑗

× 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑀𝑎𝑛𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝐶𝑜𝑚𝑝𝑒𝑡𝑒𝑛𝑐𝑦𝑖𝑗 + 𝛽8. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑆𝑐𝑜𝑝𝑒𝑖𝑗

× 𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑀𝑒𝑡ℎ𝑜𝑑𝑜𝑙𝑜𝑔𝑦: 𝐴𝑔𝑖𝑙𝑒𝑖𝑗 + 𝛽9. 𝑃𝑟𝑜𝑔𝑟𝑎𝑚 𝑆𝑐𝑜𝑝𝑒𝑖𝑗

× 𝐸𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑀𝑒𝑡ℎ𝑜𝑑𝑜𝑙𝑜𝑔𝑦: 𝐻𝑦𝑏𝑟𝑖𝑑𝑖𝑗 + 𝛽10. 𝑋𝑖𝑗 + 𝑢𝑗 + 𝜀𝑖𝑗)     (1) 

 In equation (1), 𝑋𝑖𝑗 is a vector of control variables for program i in agency j, 𝑢𝑗 captures time-

invariant unobserved heterogeneity associated with agency j and 𝜀𝑖𝑗 is the idiosyncratic error term. 

The estimation results for this equation are shown in a hierarchical manner in Table 2.2. All models 

report heteroskedasticity-robust standard errors clustered by agency and program start year 

dummies. Column 1 presents the results from the base model, which includes only control 

variables, followed by the addition of independent variables in column 2 and interaction terms in 

columns 3–6. We use column 2 to interpret the main effect of program scope and column 6 to 

interpret the moderation effects of the execution factors. For ease of interpretation and to minimize 

multicollinearity concerns, we center all the continuous independent variables around their mean 

values in our estimation models. The highest Variation Inflation Factor (VIF) associated with the 

independent variables and the moderation effects for all the models in our analysis is well below 

the suggested cut-off value of 10 (Kennedy 2008)—i.e., between 1.61 and 4.66, thereby suggesting 

that multicollinearity is not an issue in our analysis. 

 Focusing on the main effects of program scope, we find that a positive association exists 

between program scope (β=0.028, p<0.05) and the number of baseline changes. This result suggests 

that keeping all other variables constant, a one unit increase in program scope is associated with a 

2.8% increase in the number of baseline changes (eβ–1=e0.028–1=0.028). Regarding the moderation 

effects, from Model 6, we find that an increase in program granularity attenuates (β=–0.001, 

p<0.05) the positive relationship between program scope and the number of baseline changes. That 

is, as program scope increases, increasing levels of program granularity are associated with a lower 

number of baseline changes. Hypothesis 1a is therefore supported, whereas Hypothesis 1b, which 

predicted a positive moderation effect, is not supported.  

 We also find that an increase in program management competency attenuates (β=–0.022, 

p<0.05) the positive relationship between program scope and the number of baseline changes. That 

is, as program scope increases, increasing levels of program management competency are 

associated with a lower number of baseline changes. Hypothesis 2 is therefore supported. 
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Surprisingly though, the main effect of program management competency in column 2 is positive 

and significant (β=0.064, p<0.05). Taken in consideration with the negative moderation effect of 

program management competency, these results provide greater nuance regarding the role of 

management competency during program execution. Specifically, at lower levels of program scope, 

increasing levels of management competency may increase the number of baseline changes. This 

finding is consistent with recent studies on the context-dependent benefits of managerial 

competency across various settings (e.g., Huckman and Pisano 2006 in the context of cardiac 

surgery, Haas and Hansen 2005 in the context of pharmaceutical companies). As Haas and Hansen 

(2005) note, managers with high competency levels are more likely to expend greater effort in 

knowledge-search and knowledge-transfer activities; although such efforts may be beneficial in 

highly complex or information-intensive settings (as in programs with higher scope), it can often 

detract from important aspects of the work at hand when the informational requirements are lower 

(as in programs with lower scope).   

 Regarding the role of execution methodology, we do not observe any significant moderation 

effects on the relationship between program scope and number of baseline changes, indicating a 

lack of support for Hypothesis 3. In the absence of support for the moderation effect, we examine 

the main effect of execution methodology in column 2. We observe that the usage of agile execution 

methodology has a significant positive association (β=0.247, p<0.1) with the number of baseline 

changes. Specifically, in comparison to plan-driven methodology, the use of agile methodology in 

federal technology programs is associated with a 28% increase in the number of baseline changes 

(eβ–1=e0.247–1=0.28).  
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Table 2.2. Main Analysis Results: Fixed-Effects Negative Binomial Regression Model 
 Dependent Variable: Number of Baseline Changes 

 (1) (2)         (3)  (4) (5) (6) 

Main effects       

Program Scope   0.028** 

(0.014) 

0.060*** 

(0.019) 

0.040*** 

(0.013) 

0.036** 

(0.014) 

0.072*** 

(0.021) 

Program Granularity   0.001 

(0.002) 

0.006**  

(0.003) 

0.003 

(0.002) 

0.002 

(0.002) 

0.006** 

(0.003) 

Program Mgmt. Competency   0.055** 

(0.025) 

0.066**  

(0.026) 

0.054** 

(0.026) 

0.057** 

(0.025) 

0.064** 

(0.028) 

Execution Methodology: Agile   0.247* 

(0.132) 

0.252*   

(0.133) 

0.245* 

(0.139) 

0.238* 

(0.138) 

0.258* 

(0.145) 

Execution Methodology: Hybrid   -0.120 

(0.181) 

-0.115   

(0.173) 

-0.085 

(0.181) 

-0.119 

(0.182) 

-0.081 

(0.174) 

Moderation effects       

Program Scope × Program Granularity     -0.002*** 

(0.001) 

    -0.001** 

(0.000) 

Program Scope × Program Mgmt. Competency       -0.025*** 

(0.009) 

  -0.022** 

(0.009) 

Program Scope × Execution Methodology: Agile         -0.003 

(0.024) 

-0.016 

(0.027) 

Program Scope × Execution Methodology: Hybrid         -0.028 

(0.024) 

-0.006 

(0.020) 

Control variables       

Program Duration 0.044* 

(0.025) 

0.043* 

(0.025) 

0.035  

(0.024) 

0.045* 

(0.025) 

0.043* 

(0.025) 

0.038 

(0.025) 

Program Budget -0.000 

(0.000) 

-0.000 

(0.000) 

-0.000  

(0.000) 

-0.000 

(0.000) 

-0.000 

(0.000) 

-0.000 

(0.000) 

Program DME Percentage -0.043 

(0.178) 

-0.057 

(0.176) 

-0.119  

(0.180) 

-0.036 

(0.172) 

-0.052 

(0.176) 

-0.088 

(0.176) 

Program Type: Major 0.152 

(0.213) 

0.057 

(0.186) 

0.157  

(0.183) 

0.053 

(0.181) 

0.050 

(0.188) 

0.141 

(0.177) 

Program Source: Legislative Mandate 0.041 

(0.106) 

-0.015 

(0.102) 

-0.028  

(0.104) 

-0.068 

(0.101) 

-0.013 

(0.104) 

-0.072 

(0.103) 

Program Source: Audit Finding -0.121 

(0.145) 

-0.133 

(0.125) 

-0.114  

(0.131) 

-0.148 

(0.123) 

-0.135 

(0.122) 

-0.130 

(0.126) 

Program Source: Agency Plan 0.439*** 

(0.122) 

0.389*** 

(0.118) 

0.363*** 

(0.121) 

0.394*** 

(0.114) 

0.373*** 

(0.119) 

0.380*** 

(0.119) 

Program Source: Presidential Priority 0.035 

(0.137) 

0.004 

(0.123) 

-0.031  

(0.122) 

0.039 

(0.121) 

0.010 

(0.127) 

0.013 

(0.123) 

Number of Contracts 0.010* 

(0.006) 

0.010** 

(0.005) 

0.009*  

(0.005) 

0.011** 

(0.005) 

0.009* 

(0.005) 

0.010** 

(0.005) 

Number of Contractors -0.112 

(0.100) 

-0.102 

(0.094) 

-0.107  

(0.094) 

-0.083 

(0.093) 

-0.110 

(0.096) 

-0.092 

(0.093) 

Modular Contracting 0.024 

(0.119) 

-0.031 

(0.117) 

-0.063  

(0.120) 

-0.031 

(0.115) 

-0.029 

(0.117) 

-0.047 

(0.116) 

Percentage Fixed Price Contracts 0.028 

(0.187) 

0.003 

(0.158) 

0.016  

(0.160) 

-0.035 

(0.149) 

0.015 

(0.159) 

-0.023 

(0.149) 

Average Contractor Experience -0.002 

(0.004) 

-0.001 

(0.004) 

-0.001  

(0.003) 

-0.002 

(0.004) 

-0.001 

(0.004) 

-0.001 

(0.003) 

Intercept 2.532*** 

(0.416) 

2.345*** 

(0.401) 

2.710*** 

(0.391) 

2.543*** 

(0.384) 

2.327*** 

(0.432) 

2.924*** 

(0.423) 

Agency Fixed Effects Yes Yes Yes Yes Yes Yes 

Program Start Year Dummies Yes Yes Yes Yes Yes Yes 

Psuedo-R2 0.468 0.503 0.515 0.522 0.505 0.532 

Log Pseudolikelihood -470.902 -462.824 -459.870 -458.217 -462.468 -456.003 

Number of Observations  240  240  240  240  240  240 

*** p<0.01, ** p<0.05, * p<0.1; two-tailed tests used to report statistical significance levels. Robust standard errors 

clustered by agency and program start year dummies in parentheses.  
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  Finally, to enable an intuitive understanding of the moderation effects associated with program 

granularity and program management competency, we plot the predictive margins for the range of 

values of program scope across low (–0.5 SD) and high (+1 SD) values of granularity and 

management competency in our sample. In addition, given that the coefficients of interaction terms 

in non-linear models do not represent the true effects and should be interpreted cautiously (Ai and 

Norton 2003), we also plot the average marginal effects of scope across different levels of 

granularity and management competency, along with regions of significance at 0.05 level. Figure 

2.3 (a and b) provides the plots of average marginal effects. An examination of these plots indicates 

that increasing levels of program granularity and program management competency attenuate the 

positive association between program scope and number of baseline changes, providing support for 

Hypotheses 1a and 2.  
     

   

 

2.5.2. Financial Implications of Baseline Changes: Comparative and Econometric 

Analyses 

An important argument motivating our study is that excessive rebaselining can result in indiscipline 

in spending and cost overruns in federal technology programs. In this subsection, we provide results 

of additional analyses to illustrate the financial implications of baseline changes.   

 We begin by comparing the cost performance of federal technology programs across two 

categories: a high number of baseline changes (i.e., programs in the fourth quartile, encountering 

four or more baseline changes, n = 86) and a low number of baseline changes (i.e., programs in the 

first quartile, encountering at most one baseline change, n =71). A multivariate analysis of variance 

across these categories in terms of program characteristics (i.e., the continuous control variables) 

was statistically insignificant (F-statistic=1.41, p-value=0.21), highlighting the similarity of these 

categories in terms of program characteristics. Next, we calculate the cost overrun for each program 

(p<0.05) 

Figure 2.3. Moderating Effects of Program Granularity and  

Program Management Competency 
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across the two categories using the formula of Cost Overrun = Actual Program Cost – Planned 

Program Budget. A comparison of cumulative cost overruns (obtained by summing the individual 

cost overruns for all programs in each category) indicates that this value for the category with the 

high number of baseline changes exceeds that of the category with low number of baseline changes 

by $167 million. A two-sample t-test comparing the mean values of cost overruns between these 

two quartiles is statistically significant (t=2.00, p<0.05).   

 Given the above results, we econometrically model the relationship between actual program 

cost and the number of baseline changes in a program. First, we generate the predicted values of 

the number of baseline changes for all programs in our sample using the full model results (column 

6 of Table 2.2). Second, we regress actual program cost values (i.e., Actual Program Cost) on the 

predicted values of the number of baseline changes, while accounting for all control variables and 

agency fixed effects. To reduce skewness in the actual program cost values, we use a natural log 

transformation of these values as a dependent variable in our analysis. As seen from Table 2.3, the 

coefficient of the predicted values of the number of baseline changes is statistically significant 

(β=0.245, p<0.01) and can be interpreted as follows: ceteris paribus, a 1 unit increase (or decrease) 

in the number of baseline changes is associated with nearly 24.5% increase (or decrease) in actual 

program cost values. Third, to illustrate the potential savings in actual program cost (arising from 

baseline changes) that can be accomplished in programs of larger scope, we integrate the results 

from Table 2.3 with the main analysis results presented in Column 6 of Table 2.2. We note that 

when program scope is high (i.e., at +2 SD level), the predicted number of baseline changes at (i) 

mean observed values of program granularity and program management competency is 4.09, and 

at (ii) high observed values of program granularity (i.e., at +1 SD level) and program management 

competency (i.e., at +0.9 SD level) is 3.15. That is, when program scope is high, the number of 

baseline changes reduces by 22.9% (i.e., (4.09 – 3.15)/4.09 = 0.229) as program granularity and 

program management competency increase from their mean to high observed values. Based on 

Table 2.3 results, this reduction in the number of baseline changes corresponds to a 23% decrease 

in actual program cost values (i.e., (4.09 – 3.15) × 24.5% = 23.03%).  

 As an example, given that the median actual program cost in our sample when program scope 

is greater than +2 SD level is $23.97 million, a 23% decrease corresponds to a $5.51 million 

decrease in the actual program cost. Collectively, these results not only illustrate the significant 

amount of taxpayer contributions can be saved in programs of greater scope (which are more likely 

to experience baseline changes), they also provide guidance to federal managers and contractor 

firms on how such savings can be achieved by appropriately adjusting the levels of program 

granularity and management competency. 
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Table 2.3. Examining the Effect of Number of Baseline Changes on Actual Program Cost 

 Dependent Variable:  

Actual Program Cost 

Predicted Values of Baseline Changes 0.245 (0.078)*** 

Program Duration 0.142 (0.059)** 

Program Budget 0.003 (0.001)*** 

Program DME Percentage 1.261 (0.354)*** 

Program Type: Major -0.184 (0.389) 

Program Source: Legislative Mandate 0.141 (0.212) 

Program Source: Audit Finding 0.081 (0.258) 

Program Source: Agency Plan -0.503 (0.264)* 

Program Source: Presidential Priority -0.479 (0.201)** 

Number of Contracts 0.000 (0.008) 

Number of Contractors 0.172 (0.126) 

Modular Contracting 0.065 (0.285) 

Percentage Fixed Price Contracts 0.321 (0.342) 

Average Contractor Experience 0.001 (0.002) 

Intercept -1.448 (1.168) 

Agency Fixed Effects                  Yes 

Program Start Year Dummies                  Yes 

R2 0.665 

Number of Observations                  240 
*** p<0.01, ** p<0.05, * p<0.1; two-tailed tests used to report statistical significance levels.  

Robust standard errors clustered by agency and start year dummies in parentheses. 

 
Notes. (i) The predicted values of baseline changes have been generated 

using the full model results presented in column 6 of Table 4. (ii) In the 

above model , the coefficient of predicted values of baseline changes is 

statistically significant (β=0.245, p<0.01), and can be interpreted as follows: 

ceteris paribus, a 1 unit increase (or decrease) in the number of baseline 

changes is associated with nearly 24.5% increase (or decrease) in actual 

program cost values. 

 

2.5.3. Robustness Checks   

We conduct a number of checks to examine the robustness of our results. Table 2.4 contains the 

results from these additional analyses. First, we re-specify the measure of program scope by taking 

into account the budget allotted to a program. Such re-specification helps us to account for 

qualitative variations that may arise among programs with a similar project count but different 

budgetary allocations. A composite measure of program scope is developed using principal 

component analysis of two underlying dimensions: the total number of planned projects in a 

program and the planned budget of a program. As shown in column 7 of Table 2.4, we find that 

increasing levels of program granularity (β=–0.006, p<0.01) and program management competency 

(β=–0.095, p<0.05) attenuate the positive association between program scope and the number of 

baseline changes, thereby supporting the main analysis results. 

 Second, it may be argued that programs with larger scope will be characterized by a larger 

number of activities. Although program scope and program granularity are moderately correlated 
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(ρ=0.46, p<0.01), we ran additional analysis by partialling out the variance in program granularity 

that would be explained by program scope. Specifically, we regress program granularity on 

program scope to generate residuals that are used as an alternate measure of program granularity. 

Our results using this revised measure (shown in column 8 of Table 2.4) continue to show consistent 

support for the moderation effects of program granularity (β=–0.029, p<0.05) and program 

management competency (β=–0.023, p<0.05).  

 Third, we included an additional variable, Degree of Overlap, which captures the proportion of 

program duration in which the projects in a program overlap, in our estimation model. This measure 

is based on prior empirical studies on new product development (e.g., Terwiesch and Loch 1999, 

Eisenhardt and Tabrizi 1995) and can be construed as a proxy measure for the extent of 

interdependencies among the different projects in a program. Using the start and end dates of all 

completed projects in a program, we measure Degree of Overlap as the ratio of the total number of 

overlapping days in project duration to the cumulative project durations in a program. As shown in 

column 9 of Table 2.4, after controlling for this variable, our results pertaining to the moderation 

effects of program granularity (β=–0.001, p<0.1) and program management competency (β=–

0.022, p<0.05) continue to show consistency with the main analysis results. 

 

2.5.4. Addressing Endogeneity 

Given the significant moderation effects associated with program granularity and program 

management competency, we explored the possibility that these effects may be influenced by 

unobservable variables in our analysis, resulting in endogeneity concerns. We used a multi-step 

approach to address these concerns.6 

 First, we use a diagnostic approach suggested by Altonji et al. (2005) and followed in recent 

studies (e.g., Dey et al. 2015) to assess the extent to which the significant moderation effects may 

be driven by unobserved factors. Specifically, we compute a ratio, ρ = βF/|(βF
 – βR)|, where βF

 

denotes the coefficient estimate for the relationship of interest in the most saturated model (i.e., the 

full model in our case), while βR
 refers to the coefficient estimate for the relationship of interest in 

a more restricted model (i.e., with fewer covariates). This ratio measures the extent to which the 

effects of unobserved variables would need to be compared to that of observed variables (which 

are carefully chosen) to explain away the results. Altonji et al. (2005) suggest that one should 

consider an estimate robust to effects of unobserved factors if |ρ| > 1.  From our results, we find the 

values of ρ for the moderation effect of program granularity to be considerably greater than the 

                                                           
6 We are grateful to the anonymous review team for several perceptive suggestions relating to this section. 
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suggested threshold (i.e., 7.25 ≤ ρProgram Granularity ≤ 17.89). The range of ρProgram Granularity indicates that 

the effects of unobserved variables need to be 7.25 to 17.89 times stronger than those of the 

observed values in the full model to reduce the estimated moderation effects of program granularity 

to zero. A similar range of ρ is also obtained for the moderation effect of program management 

competency (10.14 ≤ ρProgram Mgmt. Competency ≤ 28.54). Overall, these results strongly support the 

notion that the moderation effects in our analysis are less likely to be affected by unobserved 

heterogeneity.7 

Second, notwithstanding this evidence, we use a two-stage instrumental variable (IV) approach 

to address endogeneity concerns associated with unobserved heterogeneity. In the first stage, we 

run separate regression models to predict program granularity and program management 

competency using a set of IVs and control variables. We define the IVs below along with conceptual 

justification for their validity: 

Prior-year Program Granularity: This variable instruments for program granularity and 

measures the average number of activities in other programs that are similar to the focal program 

but were started in the prior year relative to the focal program. Such a variable may serve as a 

guiding tool for program managers when determining the number of activities in the focal program. 

Hence, we expect it to directly influence the level of program granularity in the focal program. 

However, this aggregate-level lagged variable is unlikely to directly affect the number of baseline 

changes of a focal program. 

Prior-year Percent Short Activities: This variable instruments for program granularity and 

measures the percentage of activities with a duration of 90-120 days in other programs that are 

similar to the focal program but were started in the prior year relative to the focal program. The 

Government Accountability Office recommends that functionalities for technology programs be 

delivered within 90-120 days (GAO 2012). All else remaining equal, the greater the percentage of 

activities to be delivered within 90-120 days, the greater is the need to partition the program scope 

into a larger number of activities. To that end, an examination of Prior-year Percent Short Activities 

may serve as a guiding tool for program managers when determining the number of activities in 

the focal program. However, this aggregate-level lagged variable is unlikely to directly affect the 

number of baseline changes of a focal program. 

                                                           
7 The value of ρ for the main effect of: (i) program scope ranges from 2.92-18.61, and (ii) execution 

methodology: agile ranges from 7.19-10.19, suggesting that unobserved factors are less likely to drive these 

effects. 
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Table 2.4. Robustness Checks: Alternative Model Specifications and Variable Measures  

 Dependent Variable: Number of Baseline Changes 

              (7)              (8)             (9)               (10)             (11) 

 Program Scope 

(Revised) 

Program Granularity 

(Revised) 

Controlling for 

Degree of Overlap 

Two Stage Residual 

Inclusion Model⸸ 

Using Treatment 

Effects Model⸸⸸ 

Main effects      

Program Scope 0.246 (0.079)*** 0.063 (0.018)*** 0.067 (0.030)** 0.061 (0.024)** 0.064 (0.019)*** 

Program Granularity 0.008 (0.003)*** 0.145 (0.066)**  0.006 (0.003)* 0.009 (0.004)** 0.006 (0.002)** 

Program Mgmt. Competency 0.041 (0.028) 0.062 (0.027)** 0.065 (0.027)** 0.030 (0.037) 0.040 (0.017)** 

Execution Methodology: Agile 0.252 (0.139)* 0.265 (0.145)* 0.254 (0.142)* 0.261 (0.144)* 0.471 (0.274)* 

Execution Methodology: Hybrid -0.088 (0.174) -0.086 (0.177) -0.083 (0.171) -0.099 (0.175) -0.007 (0.103) 

Moderation effects      

Program Scope × Program Granularity -0.006 (0.002)*** -0.029 (0.014)**  -0.001 (0.000)* -0.001 (0.000)** -0.001 (0.000)*** 

Program Scope × Program Mgmt. Competency -0.095 (0.040)** -0.023 (0.009)** -0.022 (0.009)** -0.021 (0.009)** -0.018 (0.007)*** 

Program Scope × Execution Methodology: Agile -0.068 (0.108) -0.013 (0.027) -0.015 (0.027) -0.011 (0.026) -0.006 (0.024) 

Program Scope × Execution Methodology: Hybrid -0.013 (0.074) -0.023 (0.022) -0.007 (0.020) -0.011 (0.021) -0.014 (0.020) 

Control variables      

Program Duration 0.026 (0.025) 0.039 (0.025) 0.039 (0.026) 0.041 (0.025) 0.016 (0.023) 

Program Budget   -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) -0.000 (0.000) 

Program DME Percentage -0.154 (0.176) -0.079 (0.177) -0.091 (0.178) -0.088 (0.173) -0.126 (0.132) 

Program Type: Major 0.144 (0.180) 0.119 (0.181) 0.144 (0.179) 0.137 (0.175) 0.150 (0.138) 

Program Source: Legislative Mandate -0.077 (0.103) -0.071 (0.102) -0.078 (0.108) -0.077 (0.106) -0.072 (0.087) 

Program Source: Audit Finding -0.131 (0.131) -0.128 (0.123) -0.133 (0.127) -0.127 (0.130) -0.051 (0.100) 

Program Source: Agency Plan  0.365 (0.118)*** 0.382 (0.120)*** 0.378 (0.120)*** 0.399 (0.119)*** 0.214 (0.090)** 

Program Source: Presidential Priority 0.023 (0.118) 0.023 (0.124) 0.017 (0.127) 0.018 (0.122) -0.088 (0.108) 

Number of Contracts 0.010 (0.005)** 0.010 (0.005)** 0.010 (0.005)** 0.010 (0.005)** 0.006 (0.004) 

Number of Contractors -0.087 (0.093) -0.096 (0.095) -0.090 (0.094) -0.083 (0.091) -0.012 (0.056) 

Modular Contracting -0.054 (0.118) -0.043 (0.115) -0.049 (0.117) -0.024 (0.115) -0.060 (0.101) 

Percentage Fixed Price Contracts 0.023 (0.153) -0.016 (0.148) -0.022 (0.150) 0.011 (0.145) 0.014 (0.125) 

Average Contractor Experience -0.001 (0.003) -0.001 (0.003) -0.001 (0.003) -0.001 (0.004) 0.001 (0.002) 

Degree of Overlap     0.080 (0.320)    

Lambda (λ)     -0.307 (0.225) 

Intercept 2.900 (0.376)*** 2.884 (0.437)*** 2.907 (0.433)*** 2.635 (0.434)*** 2.916 (0.403)*** 

Agency Fixed Effects Yes Yes Yes Yes Yes 

Program Start Year Dummies Yes Yes Yes Yes Yes 

Pseudo-R2 0.527 0.528 0.531 0.536 0.478 

Log Pseudolikelihood -457.091 -456.755 -455.967 -454.670 - 

Number of Observations 240 240          240 240 240 

*** p<0.01, ** p<0.05, * p<0.1; two-tailed tests used to report statistical significance levels. Robust standard errors clustered by agency and program 

start year dummies in parentheses. Notes: (i) ⸸Includes residuals from first stage models predicting Program Granularity and Program Mgmt. 

Competency. (ii) ⸸⸸Includes selection hazard, Lambda (λ), from first stage model predicting Execution Methodology: Agile.
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Prior-year Program Management Competency: This variable instruments for program 

management competency and measures the average program management competency level of 

other programs that are similar to the focal program but were started in the prior year relative to the 

focal program. An examination of Prior-year Program Management Competency is likely to serve 

as a guidance for federal agencies when identifying managers with the appropriate level of program 

management competency for the focal program.  Furthermore, given that this variable is lagged 

and associated with other programs, it would not directly affect the number of baseline changes of 

a focal program, except through its influence on the program management competency level of the 

focal program. 

Number of Same-year Same-Competency Programs: This variable instruments for program 

management competency and measures the number of programs (other than the focal program) that 

were started in the same year as the focal program and have the same program management 

competency level as the focal program. The variable reflects recent trends in program management 

practices pursued by federal agencies that would likely inform decision relating to program 

management competency levels within a focal program. However, it would not directly influence 

the number of baseline changes in a focal program. 

 In addition to conceptual justification, we perform statistical tests to check for the validity of 

chosen instruments. The Langrange Multiplier test for underidentification is significant 

(Kleibergen-Paap rk statistic=6.57, p<0.05 for program granularity; Kleibergen-Paap rk statistic 

=20.71, p<0.01 for program management competency), indicating that the excluded instruments 

are correlated with the endogenous variables. Furthermore, an F-test of joint significance on the 

coefficients of the instruments in first-stage regression models is significantly higher than the cut-

off value of 10 (F-statistic=23.27, p<0.01 for program granularity; F-statistic=47, p<0.01 for 

program management competency), suggesting that the chosen instruments are relevant. Finally, 

the overidentification test continues to demonstrate statistical insignificance (Hansen J-statistic 

=1.29, p=0.26 for program granularity; Hansen J-statistic =0.06, p=0.81 for program management 

competency), indicating the presence of at least one instrument that satisfies the exogeneity 

assumption.8  Table A2.6 in the online supplement provides results for the first stage models 

                                                           
8 Given that the exogeneity assumption of instruments cannot be directly tested, we also used an alternative 

instrument-free approach, namely the Gaussian Copula approach suggested by Park and Gupta (2012) and 

used in recent studies (e.g., Atefi et al. 2018). The results from the Gaussian Copula approach are presented 

in the online supplement. Overall, the hypothesized results based on the main analysis, the 2SRI estimation, 

and the Gaussian Copula approach are consistent with each other, demonstrating the robustness of the results. 
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predicting program granularity and program management competency. 

 Given that our main model of interest is non-linear, the two-stage residual inclusion (2SRI) 

approach is preferred over the two-stage predictor substitution approach because it produces 

consistent estimators (Terza et al. 2008). This approach involves generating the predicted residuals 

from the first-stage model and including them as additional explanatory variables in the second-

stage model examining the moderating effects of the execution factors on the number of baseline 

changes. From the second stage results shown in column 10 of Table 2.4, we note that the 

moderation effects of program granularity (β=–0.001, p<0.05) and program management 

competency (β=–0.021, p<0.05) are consistent with the main analysis results, indicating that 

endogeneity is less likely to be a concern in our analysis.  

 Lastly, given the significant main effect of agile execution methodology, we explored the 

possibility that this effect may be affected by selection on unobservables. We use a treatment effects 

model, that attempts to address endogeneity concerns of a binary variable through a control function 

approach (Wooldridge 2010). The details of this approach are discussed in the online supplement.  

Overall, as shown in column 11 of Table 2.4, we find that the main effect of agile execution 

methodology (β=0.471, p<0.1) remains consistent with the main analysis results, thereby reducing 

endogeneity concerns.    

 

2.6. Discussion  

2.6.1. Summary and Contributions 

In summary, based on the analysis of data from the federal IT Dashboard, we find that an increase 

in program scope is associated with an increase in the number of baseline changes. More 

importantly, this relationship is negatively moderated by two execution-level factors: program 

granularity and program management competency. That is, increasing levels of granularity and 

program management competency attenuate the positive association between program scope and 

the number of baseline changes. Surprisingly, however, execution methodology does not moderate 

the relationship between program scope and the number of baseline changes. Instead, the use of 

agile methodology compared to a plan-driven methodology is associated with an increase in the 

number of baseline changes. A potential explanation could be that, because agile methodology is 

characterized by delayed commitment to program requirements and adaptations in such 

requirements, federal agencies and contractor firms may be expending insufficient effort upfront in 

understanding program scope, resulting in costly revisions to initial baselines (Moczar 2013). This 

finding thus highlights the need to pay careful attention to the initial baseline of programs using 

agile methodology. In particular, while agile methodology may allow for adaptations in program 
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requirements, a program’s initial baseline should ideally include adequate flexibility to 

accommodate such adaptations, thereby reducing the need for baseline changes during program 

execution. The study findings make the following contributions towards advancing research and 

practice.  

First, our study contributes towards filling an important research gap on how OM scholars can 

help government agencies to “do well” and create monetary value for the community (Lee and Tang 

2018). We investigate the execution of U.S. federal government technology programs and identify 

mechanisms to reduce additional expenditure of taxpayer contributions during program execution 

due to baseline changes. Although such programs play a pivotal role in public sector operations by 

delivering secure and essential services to the public, they also involve significant investments of 

taxpayer contributions. It is, therefore, critical for these programs to achieve their objectives within 

their planned budget and timeline. By focusing on the execution of federal technology programs, a 

relevant yet understudied area of research in the OM literature, we address increasing calls for 

academic scholars to conduct OM research that has the potential to influence public policy (e.g., 

Lee and Tang 2018, Joglekar et al. 2016).  

 The second contribution is in examining an important but understudied metric for evaluating 

the execution of federal technology programs, the number of baseline changes. Although prior 

studies in similar contexts have focused on “end-of-process” metrics such as schedule and cost 

overruns (e.g., Calvo et al. 2019, Mishra et al. 2016), a distinguishing feature of this study is the 

use of “in-process” metric to monitor program execution. A key benefit of such metrics is that they 

can serve as early warning signals for federal agencies and contractor firms to identify programs 

that may be facing execution challenges and enable them to make mid-course corrections to 

turnaround such programs. The importance of turnaround efforts cannot be overstated considering 

that technology programs represent major initiatives undertaken by a federal agency and have a 

significant footprint in the agency’s budget and growth. 

 Our third contribution is in identifying execution level factors which interact with program 

scope to affect the number of baseline changes. Specifically, our findings indicate that the number 

of baseline changes in programs with high scope can be reduced by increasing program granularity 

and program management competency. Furthermore, because activities represent the level at which 

work in a program is typically outsourced to contractor firms (GAO 2009, Clark and Littrell 2002), 

our findings pertaining to the moderating effect of program granularity highlight the importance of 

breaking down programs with high scope into a greater number of activities as an approach to 

reduce the number of baseline changes. In sum, our findings suggest that through a careful 

evaluation of the scope of a federal technology program, the level of program granularity and 
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program management competency can be appropriately calibrated to reduce the number of baseline 

changes during program execution.  

 Finally, our study highlights the financial implications of repeatedly changing the baseline of 

technology programs. Specifically, we find that programs that have been rebaselined excessively 

(i.e., four or more times in our sample) are associated with a significant increase in the actual cost 

of program execution, thereby resulting in additional expenditure of $167 million in taxpayer 

contributions. Furthermore, we carry out an in-depth analysis to illustrate the financial benefits of 

using high levels of granularity and management competency for programs with high scope. Taken 

together, these results have consequential implications for the federal government in that they 

highlight how execution factors associated with a program can be adjusted to reduce the number of 

baseline changes in programs with high scope, and thereby, reduce the costs associated with 

program execution.  

 

2.6.2. Implications for Policy 

From a policy standpoint, our research highlights the importance of representing the number of 

baseline changes as an in-process metric for evaluating the execution of federal technology 

programs. Because revisions to a program's baseline can mask cost overruns, an in-process metric 

capturing the number of baseline changes can hold federal agencies and contractor firms 

accountable even when programs under their supervision may experience limited or no cost overrun 

(due to continuous rebaselining). In addition, our findings indicating significant potential savings 

in taxpayer contributions in programs of higher scope through increasing levels of program 

granularity and program management competency highlight an important consideration for 

policymakers. Specifically, although numerous classification schemes for federal technology 

programs exist on the federal IT Dashboard—in terms of their source (e.g., legislative mandate, 

presidential priority) or whether a program is considered a major investment—a categorization of 

technology programs within an agency based on their scope is missing from the Dashboard. Such 

a categorization may help in directing managerial attention to programs of greater scope, enabling 

both federal agencies and contractor firms to invest more effort in granularizing a program and in 

identifying managers with greater levels of program management competency to lead individual 

projects within a program. These implications complement the objectives of the 2014 Federal 

Information Technology Acquisition Reform Act—the first major federal reform in the information 

technology domain in the last 20 years—which seeks to provide greater oversight of federal 

technology programs across agencies through relevant metrics and management practices at the 

program level, while empowering agencies to adapt to the specific characteristics of a program 
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(Source: https://management.cio.gov/implementation/).  

 Finally, our finding that the use of agile methodology is associated with an increase in the 

number of baseline changes calls for greater attention from both federal agencies and contractor 

firms to invest greater efforts into establishing an initial baseline that would include additional slack 

to account for progressive elaboration of requirements during program execution. Although it is 

difficult to foresee the magnitude of changes that would occur from the use of agile methodology, 

the presence of greater slack in the initial baseline of programs using agile methodology would 

ensure that some of the changes remain within the baseline and that the need for time-consuming 

approval process necessary for revising a baseline could be avoided. Emphasizing the importance 

of slack in the initial baseline for programs using agile methodology, Miller and Ward (2016, p.43) 

recommend that, “…the original contract is written with Agile in mind and contains sufficient 

flexibility to permit a wide scope of activity that could be modified as the situation develops…In a 

properly scoped Agile effort, these changes would not constitute an expansion or deviation, or a 

constructive change, and thus would not require a ratification.” 

 

2.6.3. Limitations and Directions for Future Research 

Our study has limitations that also serve as opportunities for future research. First, our study focuses 

only on technology programs executed by the U.S. federal government. More research is needed to 

understand whether the study findings can be extended to other program types (e.g., health care 

programs, civil infrastructure programs) or to public sector programs in other countries. Second, 

the cross-sectional nature of our data limits our ability to understand the effect of time on the 

hypothesized relationships. The collection and reporting of longitudinal data on federal technology 

programs can not only increase our understanding of how execution-level factors change over time, 

but also shed light on the organizational learning aspect of program management within federal 

agencies and its implications for the number of baseline changes in a program. Third, the use of 

count-based measures (e.g., number of baseline changes, number of projects) in the study limits 

our ability to examine the effect of qualitative variations in program characteristics on program 

performance. Future research can inform existing project and program management literature by 

studying how qualitative variations in program characteristics (e.g., variations in the size and 

complexity of projects and activities) influence both the count and the extent of baseline changes 

in a program. Finally, although we control for unobserved heterogeneity across the federal agencies 

in our analysis, it is plausible that agency-specific characteristics (e.g., CIO stability or turnover 

rate, agency budget) may influence the execution of federal technology programs. Future studies 

can collect data on agency characteristics and study how they affect program execution.  

https://management.cio.gov/implementation/
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2.6.4. Concluding Remarks 

This study was motivated by the recognition that frequent changes in the baseline of a federal 

technology program can often result in significant additional expenditure of taxpayer money. With 

significant investments of taxpayer contributions by the U.S. federal government in federal 

technology programs and continuing debate in the popular press on their effective execution, 

understanding the drivers of baseline changes in these programs is a consequential and 

contemporary topic of inquiry. Our study findings provide theoretically grounded empirical insights 

into the key drivers of baseline changes in federal technology programs and identify actionable 

policy implications that can enable the federal government to better track and manage the execution 

of its technology programs. Given the importance of federal technology programs in delivering 

essential services to the public and the growing magnitude of taxpayer investments made by 

governments globally in such programs, we believe that our study will motivate OM scholars and 

policymakers to advance this line of inquiry at the intersection of OM and public policy.   
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Chapter 3 . Set-Aside Policy and Performance of R&D 

Contracts 

 

3.1. Introduction 

"Small business set-asides are of perennial interest to Congress because of their role in 

effectuating the long-standing declared policy of the Congress that the Government should aid, 

counsel, assist, and protect, insofar as is possible, the interests of small-business concerns in 

order to preserve free competitive enterprise..." 

                    Congressional Research Service (2015, p.1) 

 

“Government promotion of R&D is one of the most important areas of public policy. Analyzing 

the government as a customer, an investor, or a benefactor (depending on the circumstances) 

ought to shed light on efficient ways of channeling government money into R&D.” 

                     Aghion and Tirole (1994, p. 1207) 

 

Governments around the world have established preference programs to reduce the under-

representation of small businesses in public procurement (Athey et al. 2013, Calvo et al. 2019). As 

a part of these programs, small businesses receive preferential treatment in the awarding of public 

contracts (Chatterji et al. 2013). Nearly 43% of the countries worldwide have some form of federal 

legislative provision to encourage the participation of small businesses in public procurement 

(World Bank 2016). For example, the U.S. federal government’s set-aside policy for small 

businesses mandates that at least 23% of federal government prime contracts be awarded to small 

businesses. Similarly, under the Kankouju program in Japan, more than half of public contracts are 

reserved for small and medium businesses every year.   

Notwithstanding the welfare intent of preference programs in public procurement, much 

debate exists in prior research about the ambiguity surrounding their performance implications and 

the “extra cost that society is paying” for such programs (Nakabayashi 2013, p. 43). Studies have 

found that although preference programs facilitate the creation of new businesses (Chatterji et al. 

2013) and increase their participation in public contracts (Nakabayashi 2013, Marion 2007), 

reserving such contracts for specific groups of businesses can decrease revenues (Hyndman and 

Parmeter 2015) and increase the cost of providing the goods and services to the public (Marion 

2009). Beyond these mixed findings, an evaluation of preference programs at the contract level 

remains sparse in the extant literature.  

Performance evaluations at the contract level of an economic transaction have the inherent 

benefit of limiting the extent of unobserved heterogeneity affecting the transaction and providing a 

direct empirical assessment of the transaction performance. Additionally, such evaluations can 

identify important contingencies related to a contract’s environment that affect the contract’s 
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execution and that, therefore, need to be actively considered by government agencies during the 

procurement process. Identifying such contingencies can not only help in improving the 

performance of future contracts awarded through preference programs, thereby enabling the 

efficient utilization of a taxpayer’s investment in these programs, but also facilitate the continued 

sustenance of policy initiatives for supporting small businesses.  

In this study, we evaluate the impact of preference programs by comparing the performance 

of contracts that are awarded preferentially to small businesses through the set-aside policy of the 

U.S. federal government with that of similar contracts awarded through open competition. The set-

aside policy represents a relevant context for evaluating the impact of preference programs at the 

contract level for the following reasons. On the one hand, awarding a contract through the set-aside 

policy requires a federal government agency (hereinafter, federal agency) to conduct a search only 

within small businesses, reducing the likelihood of finding a highly qualified firm for executing the 

contract. This potential for adverse selection is higher for R&D contracts (compared to routine 

service contracts or general construction contracts) as such contracts involve knowledge-intensive 

tasks and greater uncertainty in the execution process (Azoulay et al. 2019, Crama et al. 2017). On 

the other hand, by excluding large businesses from participation, the set-aside policy attempts to 

level the playing field in terms of competition, thereby encouraging more small businesses to 

participate in the procurement process and improving the likelihood of finding a highly qualified 

firm for executing a contract (Athey et al. 2013). Taken together, the tradeoffs associated with the 

set-aside policy and the uncertain nature of tasks in R&D contracts provide a relevant setting to test 

the effect of preference programs on contract performance. Our study, therefore, has the following 

objectives.   

First, we examine whether the performance of R&D contracts awarded through the set-

aside policy differs from those awarded through open competition and, if so, in what way. Second, 

we examine how characteristics of the contracting environment—namely, contractor firm 

experience (i.e., the number of R&D contracts executed by a contractor firm for the federal 

government) and contract award timing (i.e., awarded early or later in a federal fiscal year)—

interact with the set-aside status of an R&D contract to affect its performance. Given that contractor 

firms can differ in terms of their experience with federal agencies, we partition contractor firm 

experience into two underlying dimensions—same-agency experience (i.e., the number of R&D 

contracts executed by a contractor firm for the same federal agency) and different-agency 

experience (i.e., the number of R&D contracts executed by a contractor firm across different federal 

agencies). We examine whether and to what extent do these underlying dimensions of contractor 

firm experience affect the relationship between a contract’s set-aside status and its performance. 
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The performance measures of interest are schedule overrun and cost overrun, metrics that capture 

the delay and additional cost incurred in executing an R&D contract, respectively.  

To accomplish the above objectives, we utilize a threshold-based rule set by the federal 

government to award contracts through the set-aside policy. According to this rule, contracts with 

a value less than or equal to $150,000 are more likely to be awarded through the set-aside policy, 

while contracts above this threshold are less likely to be awarded through the set-aside policy 

(Federal Acquisition Regulation Part 19). This threshold-based rule allows us to employ a 

regression discontinuity design to examine how a contract’s set-aside status affects its performance. 

The empirical analysis is conducted using detailed execution-level data on 30,902 R&D contracts 

executed for 49 different agencies of the U.S. federal government with 55% of the sample 

representing set-aside R&D contracts.  

The analysis results indicate that set-aside R&D contracts experience significantly lower 

levels of schedule overrun and cost overrun compared to similar R&D contracts awarded through 

open competition. However, the performance of set-aside R&D contracts depends on both the 

specific nature of contractor firm experience and the timing of awarding the contract. Specifically, 

with regard to the effects of contractor firm experience, we find that although set-aside R&D 

contracts experience lower levels of schedule and cost overrun when they are executed by 

contractor firms with greater experience, such benefits are derived primarily from a contractor 

firm’s different-agency experience. That is, we do not observe any benefits associated with 

increasing levels of a contractor firm’s same-agency experience. This result highlights asymmetries 

in the effects of contractor firm experience and suggests that differences in terms of not only the 

extent of experience, but more importantly, the type of experience, has a significant effect on the 

performance of set-aside R&D contracts. With regard to the effects of contract award timing, we 

find that contracts awarded early in a federal fiscal year (i.e., between October to December) 

experience lower levels of schedule and cost overrun than those awarded later in a fiscal year 

through the set-aside policy vs. through open competition. This finding suggests that timing of 

awarding a R&D contract (i.e., early or later in a fiscal year) represents an important factor that 

affects a federal agency’s ability to identify an appropriate contactor firm, thereby affecting the 

performance of set-aside R&D contracts.  

While the appropriateness of our empirical approach rests upon the $150,000 threshold-

based rule set by the federal government for awarding contracts through the set-aside policy, we 

check for the possibility of “precise” manipulation of contract value impacting our study findings 

(Lee and Lemieux 2010). We proceed by noting that the federal government’s contracting 

handbook, federal acquisition regulation (FAR), has provisions to deter stakeholders in the 
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contracting process (e.g., contractor firms) from precisely manipulating the contract value (FAR 

Parts 3 and 31). Nonetheless, to formally check for this possibility, we follow recent literature 

(Cattaneo et al. 2019, Barreca et al. 2016, Lee and Lemieux 2010) and carry out multiple 

falsification tests which indicate that precise manipulation of contract value around the $150,000 

threshold is less likely to be a concern in our analysis. In addition, to ensure that our results are not 

reliant on the identifying assumptions of a single estimation approach, we also employ a two-stage 

least square (2SLS) and matching techniques to check the sensitivity of our results. These additional 

specifications provide further support to the robustness of our study findings and reduce concerns 

about unobserved heterogeneity impacting the results.  

Our study makes the following contributions towards advancing research and practice. 

First, by focusing on small business preference programs in public procurement, a relevant yet 

understudied research context in the management literature, our study represents an important step 

towards highlighting the challenges associated with managing such policy initiatives and responds 

directly to calls for scholars to conduct research that has the potential to influence public policy 

(Cachon et al. 2020, Lee and Tang 2018, Tang 2016). While limited prior research on public 

procurement has studied the impact of government oversight on contract performance (Calvo et al. 

2019), we advance this research by studying whether and to what extent awarding contracts through 

small business preference programs impacts contract performance, after controlling for the 

contract’s oversight level. Second, although prior research on preference programs in public 

procurement has highlighted the welfare implications of these policy initiatives (Athey et al. 2013, 

Chatterji et al. 2013), the present study departs from this trend by examining the impact of small 

business preference programs on contract performance. A key benefit of studying contract 

performance is that it provides a direct empirical assessment of whether taxpayer contributions in 

such policy initiatives are being utilized efficiently and enables federal agencies to proactively work 

towards improving the performance of contracts awarded through preference programs. The third 

contribution lies in identifying two characteristics of the contracting environment—the nature of 

contractor firm experience and timing of awarding an R&D contract—which need to be considered 

by federal agencies and contracting officers while awarding set-aside R&D contracts. Specifically, 

our study demonstrates that set-aside R&D contracts perform better when they are executed by 

contractor firms with higher levels of different-agency experience and when these contracts are 

awarded early in a fiscal year.  

In summary, these findings advance our understanding of the impact of preference 

programs on contract performance, providing insights on how taxpayer investments in such policy 
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initiatives can be managed by carefully considering the characteristics of the contracting 

environment examined in this study.   

 

3.2. Literature Review 

Our study builds upon prior work at the intersection of two streams of research: the 

emerging management literature on public procurement (e.g., Bruce et al. 2019, Calvo et al. 2019, 

Coviello et al. 2018) and recent studies in the public economics domain that have focused on the 

use of preference programs in public procurement (e.g., Athey et al. 2013, Chatterji et al. 2013, 

Nakabayashi 2013). We highlight some of the key studies across these streams and discuss how 

our study builds upon prior work.  

Within the management literature, Coviello et al. (2018) use data from public procurement 

auctions in Italy to examine how different auction formats (which affect the level of discretion 

exercised by Italian authorities) impact procurement outcomes (e.g., number of bidders, types of 

winners, value of winning bids) of construction contracts awarded by the Italian government. Bruce 

et al. (2019) use data on U.S. federal government R&D contracts to examine the drivers of 

contractual form choices between grants and cooperative agreements which heterogeneously 

determine the level of oversight exercised by the federal government. Relatedly, Calvo et al. (2019) 

examine how the level of oversight exercised by the U.S. federal government impacts the 

performance of public infrastructure projects executed by a contractor firm. While this stream of 

work sets the foundation for our study’s focus on public procurement, our study also differs from 

this existing work in the following key ways. 

 First, we examine a relatively understudied feature of public procurement—i.e., 

the use of small business preference programs—and its impact on contract performance, after 

controlling for the level of oversight exercised by the government. Thus, whether the set aside 

program—which mandates that federal agencies award at least 23% of its annual contracting dollars 

through the set-aside policy to small businesses under certain conditions—is actually beneficial for 

the federal government, as evaluated through contract performance, is the central question in our 

study. With the U.S. federal government having a mandate to award at least 23% of its annual 

contracting dollars through the set-aside policy, an examination of the performance differences 

between set-aside contracts and open competition contracts represents a consequential line of 

inquiry for both researchers and policymakers alike. Furthermore, while oversight levels and the 

set aside program are both associated with the $150,000 threshold-based rule, the set aside program 

is of particular interest from a congressional and executive branch standpoint and is closely 

regulated by the U.S. Small Business Administration with each agency being held accountable for 
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noncompliance. In particular, unlike oversight level which is not subject to a mandate, both 

congressional and executive branches of the federal government are focused on supporting small 

businesses. Thus, from the federal government standpoint, the set aside policy remains a legislation 

of significant consequence (Congressional Research Service 2015).  

Additionally, in contrast to Calvo et al. (2019), which examines the moderating effects of 

a contractor firm’s overall experience on the relationship between a contract’s oversight level and 

performance, we partition contractor firm experience into same-agency experience and different-

agency experience and study how these underlying dimensions of experience moderate the 

relationship between a contract’s set-aside status and performance. Although the assessment of a 

contractor firm’s overall experience may provide federal agencies with valuable information to 

reduce adverse selection issues associated with awarding set-aside R&D contracts, contractor firms 

may differ from one another in terms of the extent to which their experience is accumulated from 

working with a focal federal agency or with different federal agencies. The performance 

implications of such differences in contractor firm experience remain unclear. To that end, we 

examine how same-agency experience and different-agency experience moderate the relationship 

between an R&D contract’s set-aside status and performance. 

Finally, we also distinguish our study from Calvo et al. (2019) by examining how the 

timing of awarding a contract (whether early or later in a federal fiscal year) moderates the 

relationship between an R&D contract’s set-aside status and performance. The federal 

government’s fiscal year is a 12-month period that spans between October 1 of a calendar year and 

September 30 of the next calendar year.  The start of a fiscal year involves fresh budgetary 

allocation and a reduced pressure to meet end-of-fiscal year targets. However, as the fiscal year 

progresses, there is a substantive increase in the number of tasks requiring the attention of federal 

agencies (Congressional Research Service 2008). As the reallocation of attention towards 

completing other activities at the end of a fiscal year may affect federal agencies’ ability to identify 

the most qualified contractor firm for set-aside R&D contracts, we study whether and to what extent 

the timing of awarding a contract interacts with its set-aside status to impact its performance.  

Beyond the management literature, prior research on preference programs in the public 

economics stream has reported mixed findings regarding their impact. For example, Blanchflower 

and Wainwright (2005) find that set-aside policies result in an increase in the value of contracts 

awarded to underrepresented small businesses, while Chatterji et al. (2013) find that preference 

programs facilitate the creation of new businesses. Similarly, Nakabayashi (2013) finds that 

participation of small and medium-sized businesses in public contracts would be reduced by at least 

40% without preference programs. Notwithstanding such welfare benefits, Athey et al. (2013) find 
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that the restricted nature of competition for public contracts under preference programs reduces 

auction revenues for government agencies. Relatedly, Marion (2009) finds that, by restricting 

competition, preference programs increase government expenditures for constructing highways, as 

they raise the prices at which highway construction contracts are awarded to contractor firms. 

Collectively, the prior research on preference programs suggests that although preference programs 

may enable governments to reach out to underrepresented small businesses and promote their 

growth, the efficiency of such programs remains debatable.  

Further, these studies provide limited insights on the impact of such programs at the more 

granular contract level of the procurement process. A focus on contract level is important as it can 

reduce the extent of unobserved heterogeneity impacting a transaction and enable a more precise 

assessment of the transaction performance. We address this gap by examining the performance 

differences across R&D contracts awarded through the set-aside policy vs. those awarded through 

open competition. Furthermore, a better understanding of the impact of preference programs on 

contract performance can help to identify contingencies relating to the contracting environment that 

can affect contract execution and enable different stakeholders (e.g., contractor firms, federal 

agencies) to take appropriate actions to effectively manage contract performance. To that end, we 

study how the nature of contractor firm experience and the timing of awarding an R&D contract 

impact the performance of set-aside R&D contracts. 

 

3.3. Hypotheses Development 

3.3.1. Background: The Set-Aside Policy 

As noted earlier, the set-aside policy mandates that each year at least 23% of the total value of all 

federal contracts should be preferentially awarded to firms that qualify as small businesses, as per 

the Small Business Administration’s regulations.  In terms of total dollar value, the set-aside policy 

constitutes a substantial portion of the U.S. federal government’s procurement expenditure with 

more than $100 billion of federal government contracts awarded as a part of this policy in recent 

years.  The specific details on how contracts are to be awarded through the set-aside policy are 

listed in the FAR, a 2320-page contracting handbook that provides detailed information on 

contracting rules and regulations for federal agencies to follow in the procurement process. In 

particular, the value of a federal contract is an important determinant of whether the contract will 

be awarded through the set-aside policy. As illustrated in Figure 3.1, while a federal contract with 

a value between $3,500 and $150,000 is automatically set aside for small businesses, contracts with 

a value above $150,000 are set aside for small businesses only if there is an expectation for the 
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Rule of Two to be met—that is, if at least two or more small businesses that are competitive in 

terms of market prices, quality, and delivery should be expected to submit an offer.   

 

Figure 3.1. Process for Awarding Set-Aside Contracts 

 

Additionally, if a contract with a value between $3,500 and $150,000 is set aside for small 

businesses and only one offer is received, the contracting officer must make an award to that firm. 

However, there are some exceptions. First, if contracts with a value between $3,500 and $150,000 

are not set aside for small businesses, the contracting officer must officially record why such a 

decision was made. Second, if no offers are received for a set-aside contract, offers for the contract 

are then solicited through open competition. Given these exceptions, perfect compliance with the 

$150,000 threshold associated with the contract value is typically not observed. 

 

3.3.2. Implications for Contract Performance 

We first consider whether and how the performance of set-aside R&D contracts differs from those 

awarded through open competition. On the one hand, for a set-aside contract, the mandate to 

exclude large businesses can limit the pool of eligible bidder firms, thereby reducing the breadth 

of search that can be carried out by contracting officers to identify the most qualified contractor 

firm to execute the contract. This limitation in the breadth of search can lower the likelihood of 

selecting a highly qualified contractor firm to execute a set-aside contract, thereby negatively 

impacting contract performance. That is, in comparison to a scenario wherein all possibilities can 

be evaluated, a limitation in the breadth of search may result in suboptimal performance outcomes 

(Gavetti et al. 2005, Levinthal 1997). With regard to the selection of a contractor firm, as long as 
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the entire pool of firms (i.e., both large firms and small firms) is not searched, there might always 

exist a possibility of selecting a contractor firm that is not the most qualified, thereby negatively 

impacting contract performance. Moreover, selecting the most qualified contractor firm from a 

limited pool of participating small businesses may be particularly difficult for R&D contracts, as 

these contracts involve highly knowledge-intensive tasks and entail a greater level of uncertainty 

in the execution process (Crama et al. 2017). In sum, the limited breadth of search for set-aside 

contracts and the knowledge-intensive and uncertain nature of tasks in R&D contracts may together 

lower the likelihood of selecting a highly qualified contractor firm for set-aside R&D contracts, 

thereby negatively impacting contract performance.  

On the other hand, by excluding large businesses from competition and providing a “level 

playing field” for small businesses to participate in public procurement, the set-aside policy 

increases incentives for small businesses to compete for set-aside contracts. This, in turn, can 

encourage more small businesses to compete for set-aside contracts, as such businesses now 

anticipate more homogenous competition and foresee a higher likelihood of winning ex-ante. To 

that end, prior research has found that limiting competition to small and medium-sized businesses 

increases the participation of these business types in public contracts and auctions (Hyndman and 

Parmeter 2015, Athey et al. 2013, Nakabayashi 2013). For example, Athey et al. (2013) find that 

limited competition increases small business participation such that there is a greater overall 

number of participants in set-aside auctions. To be successful in such a competitive marketplace 

for set-aside contracts, small businesses may have to push themselves harder and improve their 

capabilities (Ethiraj et al. 2005), which in turn may translate into better performance outcomes for 

set-aside contracts. Our conversations with federal contracting officers highlighted that although 

small businesses do not compete against large businesses for set-aside contracts, they still need to 

outperform several other small businesses that are aiming for the same set-aside contract. That is, 

a potential for increased participation by small businesses for set-aside contracts may not only 

provide federal agencies with more choices to select a highly qualified contractor firm, but also 

compel small businesses to enhance their capabilities, thereby improving contract performance. 

Taking the above arguments into consideration, we propose the following set of competing 

hypotheses regarding the performance of set-aside R&D contracts and open competition R&D 

contracts. 

HYPOTHESIS 1A: Set-Aside R&D contracts have lower performance than those awarded 

through open competition. 

HYPOTHESIS 1B: Set-Aside R&D contracts have higher performance than those awarded 

through open competition. 



  

47 

3.3.3. The Role of Contractor Firm Experience  

The overall experience of a contractor firm comprises two underlying dimensions: same-agency 

experience, which arises from executing R&D contracts for the same federal agency as the focal 

contract, and different-agency experience, which arises from executing R&D contracts for a 

different federal agency relative to the focal contract. The performance benefits arising from 

increasing overall experience of a contractor firm, as documented in prior research (e.g., Alcacer 

and Oxley 2014, Clark et al. 2013), suggest that both dimensions of contractor firm experience 

should contribute to better performance outcomes for set-aside contracts. However, due to specific 

mechanisms through which these impacts occur, the impact of same-agency and different-agency 

experience on the performance of set-aside contracts could vary.  

When a set-aside contract is awarded to a contractor firm with increasing levels of same-

agency experience, the contractor firm’s familiarity and influence (Huckman and Pisano 2006) over 

the focal agency may result in improved contract performance. First, under restricted competition 

when the likelihood of finding a highly qualified contractor firm may be lower, awarding a set-

aside contract to a contractor firm with increasing levels of same-agency experience may improve 

contract performance because of the contractor firm’s increased familiarity over the focal agency’s 

resources (e.g., technological assets, project managers etc.) and an accumulation of agency-specific 

tacit knowledge. Second, within a limited pool of bidder firms, a contractor firm with greater (vs. 

lower) levels of same-agency experience is more likely to be able to influence the focal agency 

about a set-aside contract’s business and technical requirements, thereby executing the contract in 

a manner that is consistent with its requirements and performance expectations. Taken together 

with the discussion in §3.2 regarding the low likelihood of selecting the most qualified contractor 

firm for set-aside contracts, the above arguments suggest that when a set-aside contract is awarded 

to a contractor firm with high levels of same-agency experience, the contractor firm’s familiarity 

and influence over the focal agency’s resources may result in improved contract execution. 

A contractor firm’s different-agency experience may also help to improve the execution of 

set-aside contracts, albeit through a different set of mechanisms in comparison to a contractor firm’s 

same-agency experience. First, under restricted competition when the likelihood of finding a highly 

qualified contractor firm may be lower, awarding a set-aside contract to a contractor firm with 

increasing levels of different-agency experience may improve contract performance due to the 

contractor firm’s ability to accelerate its learning process by developing a deeper cognitive 

understanding or a conceptual schema (Schilling et al. 2003) about executing R&D contracts. 

Second, within a limited pool of bidder firms, a contractor firm with greater (vs. lower) levels of 

different-agency experience is more likely to be able to identify and transfer best practices 
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(Huckman and Staats 2011) from other federal agencies to improve the performance of the set-

aside contract awarded to it by the focal agency. Such opportunities to identify and transfer best 

practices are particularly relevant for successfully executing R&D contracts, because producing 

novel solutions in a timely and cost-effective manner often requires borrowing ideas from disparate 

areas (in this case, from different agencies) rather than through an intensive focus on a single area 

(in this case, on the same agency). Taken together, the adverse selection issues associated with the 

set-aside policy may be reduced by selecting a contractor firm with greater levels of different-

agency experience as such contractor firms may have increased opportunities to acquire technical 

knowledge relevant to contract execution from a variety of sources, resulting in a faster rate of 

learning (Clark et al. 2013) and improve contract performance. Given these distinct, yet beneficial, 

impacts of a contractor firm’s same-agency and different-agency experience, we propose the 

following hypotheses: 

HYPOTHESIS 2A: Set-Aside R&D contracts have higher performance as contractor 

firms’ same-agency experience increases. 

HYPOTHESIS 2B: Set-Aside R&D contracts have higher performance as contractor firms’ 

different-agency experience increases. 

 

3.3.4. The Role of Contract’s Award Timing 

As noted earlier, the federal government’s fiscal year is a 12-month period which starts on October 

1 of a calendar year and continues to September 30 of the next calendar year. At the beginning of 

a fiscal year, federal agencies start with fresh budgetary allocations and are at the early stages of 

implementing the current fiscal year’s budget. However, as the fiscal year progresses, federal 

agencies not only face increased pressures to meet end-of-fiscal year deadlines but are also tasked 

with seeking Congressional funds for the next fiscal year and start budgetary planning for the fiscal 

year after the next. Figure 3.2 provides an overview of the typical activities performed by federal 

agencies over a fiscal year.  

In sum, at the start of a fiscal year, it is likely that federal agencies are less constrained for 

time as they have lesser number of activities to focus on. This, in turn, may enable federal agencies 

to exert additional effort for identifying a highly qualified contractor firm from a limited pool of 

eligible small businesses to execute a set-aside contract. That is, while the set-aside policy may 

limit the pool of bidder firms to small businesses, lower constraints on time at the start of a fiscal 

year may enable federal agencies to increase the depth of their search within this limited pool of 

small businesses to identify the most qualified contractor firm for executing a set-aside contract. 
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Figure 3.2. Timeline of Activities for Federal Agencies over a Fiscal Year 

For example, at the beginning of a fiscal year, federal agencies may have more time to 

evaluate individual offers carefully, provide greater clarifications on a contract’s terms and 

requirements etc., thereby helping to reduce any adverse selection challenges associated with 

awarding contracts through the set-aside policy and improving contract performance. Moreover, 

this additional time and effort may be particularly useful in identifying a highly qualified contractor 

firm for executing R&D contracts as these contracts are characterized by requirements that are 

difficult to understand (in comparison to routine service contracts or general construction contracts) 

and involve knowledge-intensive tasks (Crama et al. 2017). Taking the above arguments into 

consideration, we propose the following hypothesis regarding the performance of set-aside R&D 

contracts awarded early in a fiscal year.   

HYPOTHESIS 3: Set-Aside R&D contracts awarded early in the fiscal year have higher 

performance than those awarded later in the fiscal year. 

3.4. Research Design 

3.4.1. Data  

We collected detailed data on federal R&D contracts from USAspending.gov, the official 

source of U.S. federal government spending data, to test our hypotheses. This website was 

developed as an outcome of a congressional legislation, the Federal Funding Accountability and 

Transparency Act (FFATA) of 2006, which requires every federal contract, grant, loan, or other 

financial assistance award to be displayed on a publicly accessible and searchable website. The 

mission of this website is to “show the American public what the federal government spends every 

year and how it spends the money.”  The website contains data on all R&D contracts awarded by 

the U.S. federal government from October 2007 to the current date. 



  

50 

Contract-level data on this website are organized into two distinct streams: award-level 

data and transaction-level data. Award-level data contain information on a contract’s baseline 

characteristics (e.g., a contract’s initial value, planned completion date, award date, set-aside 

status), while transaction-level data contain information on any modifications made to a contract’s 

baseline characteristics (e.g., changes made to a contract’s initial value or planned completion date). 

The transaction-level data also provide information on the actual dollar amount spent to execute a 

contract. We link the award-level data of each contract with its transaction-level data using the 

Procurement Instrument Identifier (PIID)—a unique alphanumeric code associated with federal 

government contracts—to create an integrated dataset that contains the key variables used in our 

analysis. Although the website contains data on all R&D contracts awarded by the U.S. federal 

government from October 2007 onwards, the threshold value to determine set-aside status was 

increased from $100,000 to $150,000 in October 2010. Our study sample therefore comprises R&D 

contracts awarded by the federal government from October 2010 onwards. Specifically, we 

collected award- and transaction-level data on 46,763 R&D contracts awarded between October 

2010 and March 2018 to construct our dataset. From this dataset, we excluded 50 contracts that 

belonged to a “bundled contract” package, because the performance of such contracts will depend 

on how other contracts in the bundle perform. Of the remaining 46,713 contracts, we restricted our 

estimation sample to R&D contracts with a value between $3,500 and $700,000, since contracts 

that do not fall within this range are subject to different mandates.  We also excluded contracts 

which represented a one-time purchase or maintenance of R&D equipment. Therefore, our main 

analysis is based on a sample of 30,902 R&D contracts awarded by 49 different agencies of the 

federal government. Overall, nearly 57% of the R&D contracts in this sample were set-aside 

contracts and, on average, a contractor firm had been awarded 46 R&D contracts by the federal 

government in the past. 

 

3.4.2. Dependent and Independent Variables 

Schedule Overrun and Cost Overrun. The dependent variables of interest in this study are 

the schedule overrun and cost overrun of an R&D contract in our sample. To determine the schedule 

overrun and cost overrun measures for a contract, we first retrieved the estimates of the planned 

duration and the planned cost from the award-level data associated with each contract. Next, we 

obtain information on the actual duration and the actual money spent for each contract from the 

transaction-level data to compute percent schedule overrun [(actual duration – planned 

duration)/planned duration] and percent cost overrun [(actual money spent – planned cost)/planned 

cost]. While percent schedule overrun measures the delay experienced by a contract relative to its 
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planned duration, percent cost overrun measures the additional cost incurred in executing a contract 

relative to its planned cost.  

Set-Aside. The award-level data in our sample provide information on whether an R&D 

contract was awarded through the set-aside policy or through open competition. We construct a 

dummy variable, SAi, representing the treatment status of a contract, which is coded as ‘1’ for a 

set-aside R&D contract and ‘0’ for an open competition R&D contract. 

Same-Agency Experience. The award-level data provide the name and a unique numeric 

identifier—the Data Universal Numbering System (DUNS) number—of each contractor firm. We 

use the DUNS number to count the number of R&D contracts awarded to a contractor firm and 

construct experience measures for each contractor firm in our sample. The same-agency experience 

of a contractor firm is measured as the total number of R&D contracts executed by a contractor 

firm in the past for the same federal agency as the focal contract.  

Different-Agency Experience. The different-agency experience of a contractor firm is 

measured as the total number of R&D contracts executed by a contractor firm in the past for a 

different federal agency relative to the focal contract.   

Early in Fiscal Year. As noted earlier, the federal fiscal year begins on October 1 of each 

calendar year and ends on September 30 of the next calendar year. As an illustrative example, the 

2013 federal fiscal year begins on October 1 of the 2012 calendar year and ends on September 30 

of the 2013 calendar year. Early in Fiscal Year represents the quarter of a federal fiscal year in 

which an R&D contract is awarded. It is a dummy variable coded as ‘1’ if the contract is awarded 

in the first quarter of a federal fiscal year (October to December), and as ‘0’ otherwise. Around 

16% of the contracts in our sample were awarded early in a fiscal year i.e., in the months of October 

to December. 

 

3.4.3. Control Variables 

Variations in the characteristics of R&D contracts and contractor firms executing the contracts can 

offer alternative explanations for performance differences. We therefore control for several such 

characteristics in our analysis. Table 3.1 describes the control variables along with the dependent 

and independent variables, and Table 3.2 provides the pairwise correlations and descriptive 

statistics.  
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Table 3.1. Description of the Dependent, Independent and Control Variables 

Dependent Variable  Variable Description 

Schedule Overrun The delay experienced by a contract relative to its planned duration. 

Cost Overrun The additional cost incurred in executing a contract relative to its planned cost. 

Independent Variables  

SAi 
A dummy variable which is coded as ‘1’ if an R&D contract was awarded through the set-

aside policy and ‘0’ otherwise.  

Same-Agency Experience 
The number of R&D contracts executed by a contractor firm in the past for the same 

federal agency as the focal contract. 

Different-Agency 

Experience 

The number of R&D contracts executed by a contractor firm in the past for a different 

federal agency relative to the focal contract. 

Early in Fiscal Year 
A dummy variable which is coded as ‘1’ if an R&D contract is awarded in the first quarter 

of a federal fiscal year (October to December) and ‘0’ otherwise.  

Control Variables  

Contract Duration 
The difference between the original completion date and start date of an R&D contract in 

number of days. 

Contractor Firm Size 
The average annual revenues of a contractor firm (in million USD) in the past three years 

(from the award year of an R&D contract).  

Contract Pricing  
A dummy variable which is coded as ‘1’ when contract pricing is time and materials 

(T&M) and ‘0’ when contract pricing is fixed price (FP).  

Competition  Number of offers received for a contract in the contractor selection stage.  

Oversight Level 

Contracts using simplified acquisition procedure (SAP) have low oversight levels, while 

contracts not using SAP have high oversight levels (FAR Part 13.1, Calvo et al. 2019). We 

construct a dummy variable coded as ‘0’ when SAP is used (low oversight) and ‘1’ when 

SAP is not used (high oversight).   

Region of Contract 

Execution 

Denotes the geographical region (Northeast, Midwest, South, West and Outside Mainland 

U.S.) in which the R&D contract is executed. We created four dummy variables to 

represent the region of contract execution in our analysis.   

   Contract Award Year 

The year in which an R&D contract was awarded. We created seven dummy variables to 

represent the different award years of the contracts in our sample (2010, 2011, 2012, 2013, 

2014, 2015, 2016 and 2017). 

   Task Type 
A dummy variable which is coded as ‘1’ if an R&D contract is a development contract 

and ‘0’ if it is a research contract.  

   R&D Contract Code 

A code used by the U.S. federal government to represent the precise nature of R&D 

contract being executed that takes into account the area of R&D (e.g., agriculture, energy, 

medical) and the stage of R&D (e.g., basic research, applied research, engineering 

development). We created 433 dummy variables to represent the precise nature of the 

R&D contracts in our sample.  

   Control Function 
A quadratic polynomial representing the difference between the initial contract value and 

threshold value of $150,000.  

Federal Agency 
The federal agency awarding the R&D contract. We created 48 dummy variables to 

represent the federal agencies awarding the R&D contracts. 

Contractor Firm Type  

We created dummy variables for the following aspects of a contractor firm: (a) whether 

small business or not, (b) whether non-profit or not, and (c) whether, corporate, 

partnership or sole proprietorship.   



  

53 

Table 3.2. Pairwise Correlations and Descriptive Statistics for all Contracts 

Notes. Correlations indicated in bold are significant at p<0.05 level. 

 

3.4.4. Research Method  

We noted in §3.1 that R&D contracts with a value between $3,500 and $150,000 (above $150,000) 

are more (less) likely to be awarded through the set-aside policy. This threshold-based nature allows 

us to use a regression discontinuity design to test how awarding R&D contracts through set-aside 

policy affects contract performance. The key intuition behind this method is that contracts are likely 

to be randomized around the threshold. Thus, estimates of the treatment effect can be obtained by 

comparing the performance of R&D contracts around the threshold. As noted earlier, SAi represents 

the treatment status of an R&D contract i that takes a value of 1 if the contract is awarded through 

the set-aside policy and 0 otherwise. Let Ri represent the contract value, r0 represent the threshold 

value of $150,000, and Yi represent the outcome variable. The treatment effect of the set-aside 

policy at the threshold is given by:  

                             𝑙𝑖𝑚
𝑒↓0

𝐸(𝑌𝑖| 𝑅𝑖 = 𝑟0 + 𝑒)−𝐸(𝑌𝑖| 𝑅𝑖 = 𝑟0 − 𝑒)

𝐸(𝑇𝑖| 𝑅𝑖 = 𝑟0 + 𝑒)−𝐸(𝑇𝑖| 𝑅𝑖 = 𝑟0 − 𝑒)
                                 (1) 

 The discontinuity design is referred to as sharp when the magnitude of the denominator in 

the above expression equals 1 (i.e., perfect compliance to the treatment) and fuzzy if this magnitude 

is less than 1 (i.e., imperfect compliance to the treatment). In our study, we have a case of fuzzy 

design because federal agencies have some discretion in deciding whether to award an R&D 

contract through the set-aside policy, based on their assessment of whether contracting conditions 

      Variables 1 2 3 4 5 6 7 8 9 10 11 12 

  1. Schedule Overrun 1.00            

  2. Cost Overrun 0.27 1.00           

  3. SAi 0.11 0.09 1.00          

  4. Same-Agency Exp. 0.02 0.02 0.11 1.00         

  5. Different-Agency Exp. 0.01 0.01 0.01 0.28 1.00        

  6. Early in Fiscal Year 0.01 0.01 0.01 0.03 0.03 1.00       

  7. Task Type (0: Res, 1: Dev) 0.05 0.04 0.18 0.03 0.02 0.04 1.00      

  8. Contract Duration 0.09 0.04 0.09 0.02 0.01 0.01 0.04 1.00     

  9. Contractor Firm Size  0.05 0.05 0.22 0.01 0.01 0.01 0.04 0.02 1.00    

10. Contract Pricing  0.13 0.17 0.21 0.01 0.01 0.01 0.06 0.24 0.21 1.00   

11. Competition 0.06 0.05 0.23 0.01 0.02 0.01 0.02 0.04 0.04 0.01 1.00  

12. Oversight Level  0.02 0.01 0.43 0.08 0.01 0.02 0.11 0.07 0.02 0.13 0.21 1.00 

      Mean 0.17 0.02 0.57 31.27 14.76    0.16 0.19     324     740     0.08      90     0.79 

      Median 0.00 0.00 1.00 4.00 1.00    0.00 0.00     274   4.6     0.00     4.00     1.00 

      Standard Deviation 0.62 0.11 0.50     105       88 0.37 0.39     277   3800     0.28     214     0.41 
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have been met. This is confirmed through an examination of the set-aside status of R&D contracts 

in the dataset where 62% of contracts with a value less than $150,000 were set-aside contracts and 

36% of contracts with a value above $150,000 were set-aside contracts. Given the fuzzy design, we 

use parametric regression models augmented with a control function in 𝑔(𝑅𝑖 − 𝑟0) that is typically 

approximated by a polynomial. This approach, outlined by Angrist and Pischke (2009) and Lee and 

Lemieux (2010), consists of estimating a two-stage regression model where the endogenous 

variable, SAi, is instrumented by 𝑍𝑖 , an indicator variable that takes the value of 1 when the contract 

value is less than or equal to $150,000 and 0 otherwise. The first and second stages of the regression 

model include the same control functions in 𝑔(𝑅𝑖 − 𝑟0). We use 𝑍𝑖 = 1{𝑅𝑖 ≤ $150,000} in the 

first stage as the excluded instrument for the treatment status SAi. The first stage model estimating 

the treatment status of an R&D contract is specified as follows: 

                                 𝑆𝐴𝑖 = 𝑔(𝑅𝑖 − 𝑟0) + 𝛾𝑍𝑖 + 𝜑𝑔(𝑅𝑖 − 𝑟0)𝑍𝑖 + 𝛼𝑋𝑖 + 𝑣𝑖                          (2) 

where 𝑋𝑖  represents the control variables and 𝑔(𝑅𝑖 − 𝑟0)  is the control function which is 

approximated using a second-order polynomial in (𝑅𝑖 − 𝑟0). 9 By interacting the control function 

with Zi, we allow the relationship between contract value and treatment status to vary on both sides 

of the threshold (Angrist and Pischke 2009). The predicted value, 𝑆�̂�𝑖 , from (2) is used in the 

second stage along with the control function, 𝑔(𝑅𝑖 − 𝑟0)  and 𝑋𝑖  to estimate the dependent 

variables, schedule overrun and cost overrun. The second-stage model is specified as follows: 

                                               𝑌𝑖 = 𝑔(𝑅𝑖 − 𝑟0) + 𝜌𝑆�̂�𝑖 + 𝛽𝑋𝑖 + 𝜀𝑖                     (3) 

where ρ captures the treatment effect. To estimate the moderating effects of same-agency 

experience, different-agency experience and task type, we use Zi × Same-Agency Experience, Zi × 

Different-Agency Experience and Zi × Early in Fiscal Year as excluded instruments for SAi × Same-

Agency Experience, SAi × Different-Agency Experience and SAi × Early in Fiscal Year 

respectively.10  

 

3.5. Analysis and Results  

3.5.1. Main Analysis 

We start by examining visual evidence in Figures 3.3a and 3.3b regarding whether a discontinuity 

                                                           
9 Prior studies have also used higher-order polynomials (e.g., cubic, quartic) to model the control function 

(e.g., Bradley et al. 2017). Gelman and Imbens (2019) however note that the causal effects of interest can be 

sensitive in such control functions with increased levels of Type 1 error. Nonetheless, as noted in §5.2, we 

conducted analysis using both cubic and quartic control functions and obtained consistent results. 

 
10 Because SAi is endogenous, SAi × Same-Agency Experience, SAi × Different-Agency Experience, and SAi 

× Early in Fiscal Year also become endogenous, and this needs to be accounted for in the estimation 

(Wooldridge 2010).  
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exists in schedule overrun and cost overrun of R&D contracts around the $150,000 threshold. We 

note from this figure that a discontinuous jump exists in both the schedule overrun and cost overrun 

of R&D contracts around the $150,000 threshold. Subsequently, Table 3.3 presents the results from 

equation (3) in a hierarchical manner separately for schedule overrun and cost overrun as the 

dependent variables. We use columns 1 and 5 to interpret the main effect of 𝑆�̂�𝑖, and columns 4 

and 8 to interpret the moderating effects.  

Figure 3.3. Graphical Representation of the Relationship between Schedule Overrun, Cost 

Overrun and Initial Contract Value at $150,000 Threshold 

 

   a)   Schedule Overrun vs. Initial Contract Value      b)   Cost Overrun vs. Initial Contract Value 

 

Notes. The y-axis in figure 3.3a and figure 3.3b represents schedule overrun and cost overrun, respectively.  

The solid line represents a linear relationship between schedule overrun and cost overrun, and initial contract 

value. The dashed line represents 95% confidence intervals. The dots represent mean values of schedule overrun 

and cost overrun across $10,000 intervals of initial contract value. 

Focusing on columns 1 and 5, we find that the coefficient of 𝑆�̂�𝑖  is negative and 

statistically significant for both schedule overrun (β=0.242, p<0.01) and cost overrun (β=0.088, 

p<0.01). This result indicates that with a one-unit increase in treatment probability (i.e., the 

probability that an R&D contract will be awarded through the set-aside policy), the schedule (cost) 

overrun of R&D contracts is reduced by 21% (8%) in comparison to those that are awarded through 

open competition. That is, we find support for Hypothesis 1B but not Hypothesis 1A. To understand 

this result better, we compare the average competition (i.e., the average number of offers received) 

between set-aside R&D contracts and open competition R&D contracts. We find that the average 

competition for set-aside R&D contracts (μ=132) is higher than the average competition for R&D 

contracts awarded through open competition (μ=34), and this difference is statistically significant 

(p<0.01). This difference in competition levels is consistent with findings in recent studies that 



  

56 

have highlighted increased competition for contracts awarded through preference programs for 

underrepresented businesses (e.g., Athey et al. 2013, Hyndman and Parmeter 2015). Specifically, 

as Athey et al. (2013, p.6) note, “A small business set-aside excludes big bidders, but increases the 

incentives for small bidders to participate because they anticipate less competition….the increase 

in small bidder participation can lead to a greater overall number of auction entrants.” This 

increased participation of small businesses may provide federal agencies with more choices to 

select a highly qualified contractor firm for set-aside contracts, thereby improving contract 

performance.  

Regarding the moderating effects of same-agency and different-agency experience of 

contractor firms, we find that only the coefficient of  𝑆�̂�𝑖 × Different-Agency Experience is 

statistically significant for schedule overrun (β=0.103, p<0.05) and cost overrun (β=0.024, 

p<0.05). This result suggests that, in comparison to the experience accumulated while working for 

the same federal agency, the experience accumulated while working for a different federal agency 

is more beneficial in reducing the schedule overrun and cost overrun of set-aside R&D contracts. 

Therefore, we find support for Hypothesis 2B but not Hypothesis 2A. The lack of support for the 

moderating effect of same-agency experience suggests that the execution of federal R&D contracts 

benefit more from accumulating diverse knowledge from different agencies, in comparison to the 

specialized knowledge accumulated by working for the same federal agency. Regarding the 

moderating effects of the timing of awarding a contract, from columns 4 and 8, we find that the 

coefficient of 𝑆�̂�𝑖 × Early in Fiscal Year is negative and statistically significant for schedule 

overrun (β=0.293, p<0.1) and cost overrun (β=0.094, p<0.1), respectively. This result indicates 

that an increase in treatment probability leads to a greater reduction in the schedule and cost overrun 

values of contracts awarded early in the fiscal year in comparison to those awarded later in the 

fiscal year. Hypothesis 3 is therefore supported.  

Finally, to enable an intuitive understanding of the moderating effects, we plot the average 

marginal effects of an R&D contract’s set-aside status across various levels of different-agency 

experience and early in fiscal year for schedule overrun (Figures 3.4a and 3.4b) and cost overrun 

(Figures 3.4c and 3.4d). Specifically, Figure 3.4a (3.4c) shows that increasing levels of different-

agency experience reduce the schedule (cost) overrun associated with set-aside R&D contracts. 

Figure 3.4b (3.4d) shows that set-aside R&D contracts awarded early in the fiscal year have lower 

schedule (cost) overrun in comparison to those awarded later in the fiscal year. 
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Table 3.3. Main Analysis Results: Estimates of Treatment Effects on Contract Performance 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity robust standard errors clustered by agency and region in a given year

 Dependent Variable: Schedule Overrun Dependent Variable: Cost Overrun 

 (1) (2) (3) (4) (5) (6) (7) (8) 

Main Effects         

SÂi 0.242 (0.054)*** 0.230 (0.056)*** 0.198 (0.060)*** 0.184 (0.062)*** 0.088 (0.010)*** 0.089 (0.011)*** 0.073 (0.009)*** 0.074 (0.011)*** 

Same-Agency Exp. 0.002 (0.004) 0.029 (0.052) 0.002 (0.004) 0.030 (0.053) 0.001 (0.001) 0.003 (0.011) 0.001 (0.001) 0.002 (0.010) 

Different-Agency Exp. 0.004 (0.002)* 0.012 (0.013) 0.003 (0.002)* 0.010 (0.012) 0.001 (0.001) 0.005 (0.004) 0.001 (0.001) 0.004 (0.003) 

Early in Fiscal Year 0.002 (0.011) 0.001 (0.011) 0.166 (0.099)* 0.171 (0.099)* 0.002 (0.002) 0.002 (0.002) 0.056 (0.020)*** 0.056 (0.020)*** 

Moderating Effects         

SÂi × Same-Agency Exp.   0.052 (0.088)   0.054 (0.090)   0.006 (0.020)   0.005 (0.020) 

SÂi × Different-Agency Exp.   0.112 (0.043)***   0.103 (0.042)**   0.027 (0.011)**   0.024 (0.011)** 

SÂi × Early in Fiscal Year     0.288 (0.165)* 0.293 (0.165)*     0.094 (0.033)*** 0.094 (0.032)*** 

Control Variables         

Task Type (0: Res, 1: Dev) 0.311 (0.177)* 0.312 (0.174)* 0.317 (0.177)* 0.318 (0.174)* 0.051 (0.044) 0.052 (0.044) 0.053 (0.044) 0.054 (0.044) 

Contract Duration 0.126 (0.009)*** 0.125 (0.009)*** 0.128 (0.009)*** 0.127 (0.009)*** 0.002 (0.001) 0.002 (0.001) 0.001 (0.001) 0.001 (0.001) 

Contractor Firm Size 0.006 (0.004) 0.015 (0.006)** 0.006 (0.004) 0.015 (0.006)** 0.000 (0.001) 0.001 (0.001) 0.000 (0.001) 0.001 (0.001) 

Contract Pricing 0.123 (0.026)*** 0.124 (0.026)*** 0.121 (0.026)*** 0.121 (0.026)*** 0.029 (0.006)*** 0.030 (0.006)*** 0.029 (0.006)*** 0.029 (0.006)*** 

Competition 0.013 (0.004)*** 0.012 (0.004)*** 0.012 (0.004)*** 0.011 (0.004)*** 0.004 (0.001)*** 0.004 (0.001)*** 0.004 (0.001)*** 0.004 (0.001)*** 

Oversight 0.019 (0.018) 0.020 (0.018) 0.020 (0.017) 0.021 (0.017) 0.000 (0.003) 0.001 (0.003) 0.000 (0.003) 0.001 (0.003) 

Federal Agency FE Yes Yes Yes Yes Yes Yes Yes Yes 

Region FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Control Function Yes Yes Yes Yes Yes Yes Yes Yes 

R&D Contract Code FE Yes Yes Yes Yes Yes Yes Yes Yes 

Contractor Firm Type FE  Yes Yes Yes Yes Yes Yes Yes Yes 

Constant 0.077 (0.134) 0.083 (0.135) 0.138 (0.148) 0.144 (0.149) 0.026 (0.012)** 0.029 (0.012)** 0.046 (0.020)** 0.048 (0.020)** 

N 30902 30902 30902 30902 30902 30902 30902 30902 
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a) Average marginal effects of a contract’s set-aside status 

across levels of different-agency experience with schedule 

overrun as the dependent variable 

 

 

b) Average marginal effects of a contract’s set-aside status 

on contracts awarded early vs. later in a fiscal year with 

schedule overrun as the dependent variable 

 

 

c) Average marginal effects of a contract’s set-aside status 

across levels of different-agency experience with cost 

overrun as the dependent variable 

 

 

d) Average marginal effects of a contract’s set-aside status 

on contracts awarded early vs. later in a fiscal year with 

cost overrun as the dependent variable 

 

 

3.5.2. Robustness Checks 

We examined a number of alternative model specifications to test the robustness of our main 

results. The robustness checks are presented in Table 3.4 and discussed below. 

Figure 3.4. Moderating Effects for Different-Agency Experience and Early in Fiscal Year 
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 Using Higher-Order Polynomial Control Functions: Although Gelman and Imbens 

(2019) note that the causal effects of interest can be sensitive to higher-order polynomial control 

functions, we re-estimate our main models using both cubic and quartic control functions instead 

of a quadratic control function. As the control function approximates the relationship between the 

forcing variable (i.e., initial contract value) and the dependent variable (i.e., schedule overrun, cost 

overrun), a misspecification in the order of the control function can bias the estimates. Our 

estimates are, therefore, more likely to be reliable if they are robust to different specifications of 

the control function. The results obtained using cubic and quartic control functions (Table A3.2 in 

the online appendix) are consistent with the main analysis results. 

 Controlling for Contractor Firm’s Past Performance. We create an additional variable, 

Contractor Firm’s Past Performance, which captures the average past performance of a contractor 

firm executing a federal R&D contract, and we include it as an additional control variable in re-

estimating our main models. Including this control variable helps to account for the potential impact 

of a contractor firm’s past performance on the performance of the focal contract awarded to it. For 

each contractor firm, we measure its past performance by calculating the average schedule-cost 

overrun (a composite measure of contract performance) of all federal R&D contracts executed by 

the contractor firm in the past. The analysis results (columns 9 and 12 of Table 3.4) based on a 

sample of 27,211 contracts (as 3,691 contracts in our sample had been executed by contractor firms 

with no information about their past performance), remain consistent with the main analysis results.   

Estimation using observations around the $150,000 Threshold. While the main analysis 

results are estimated using all the observations in our sample, we re-estimate the main models using 

observations that are in the neighborhood of $150,000 threshold (Cattaneo et al. 2019, Lee and 

Lemieux 2010). Following guidance from Calonico et al. (2014), we use a data-driven procedure 

to select an optimal bandwidth of observations around the $150,000 threshold which minimizes the 

bias-variance tradeoff in the estimation process. Because this estimation is performed with 

observations around the $150,000 threshold, we include only the pre-treatment variables as 

additional covariates in the estimation model (Cattaneo et al. 2019, p.104). The analysis results, 

using observations around the $150,000 threshold, are consistent with the main analysis results. 

Specifically, we find that the coefficient of SÂi is negative and statistically significant for schedule 

overrun (β=−0.087, p<0.1) and cost overrun (β=−0.041, p<0.01). Regarding the moderating effects 

of Different-Agency Experience, we find that the coefficient of SÂi× Different-Agency Experience 

is negative and statistically significant for schedule overrun (β=−0.218, p<0.05) and cost overrun 

(β=−0.161, p<0.05). Regarding the moderating effects of Early in Fiscal Year, we find that the 

coefficient of SÂi × Early in Fiscal Year is negative and statistically for schedule overrun 
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(β=−0.861, p<0.1) and cost overrun (β=−0.368, p<0.01). Taken together, these analysis results 

using observations around the $150,000 threshold support the findings from the main analysis. 

 Addressing contractor firm-level heterogeneity using firm-cluster fixed effects: Our 

estimation sample comprises 30,902 R&D contracts executed by 9,927 contractor firms, of which 

6,308 contractor firms (~64%) have executed only one contract for the federal government. 

Because a fixed effects specification utilizes variation within each cross-sectional unit (i.e., each 

contractor firm) and excludes singleton cross-sectional units for estimation purposes, the use of a 

contractor firm fixed effects model would not only reduce the estimation sample but also reduce 

the observations per prediction parameter to significantly below 10 (Wooldridge 2010), resulting 

in incorrect inference. We pursue an alternative approach that uses hierarchical clustering technique 

to create homogenous clusters of contractor firms based on (a) average annual revenues in the past 

three years, (b) headquarter location, (c) ownership category (i.e., whether women-owned, 

minority-owned, or other business), (d) profit motive (i.e., whether non-profit or not), and (e) 

organization type. The cluster analysis results in the identification of 573 firm clusters which are 

included as an additional fixed effect in the full model. The analysis results for schedule overrun 

(column 11 of Table 3.4) and cost overrun (column 14 of Table 3.4) remain consistent. 

 
3.5.3. Falsification Tests  

The appropriateness of our empirical approach rests upon the identification assumption that no 

precise manipulation of the forcing variable (i.e., initial contract value) is occurring around the 

threshold in such a way that contracts are self-selected into the treatment and control groups.11 The 

notion of “precise” manipulation would suggest that stakeholders (e.g., contractor firms) are able 

to exercise complete control over the initial contract value and adjust it to directly influence 

treatment assignment. 12  To address the potential for precise manipulation, the FAR includes 

detailed regulations on allowable costs as well as reasonableness of contract value estimates (FAR 

Part 31) and improper business practices (FAR Part 3). Furthermore, contractor firms can be barred 

from participating in federal contracts or receive stiff penalties if there is evidence of manipulation 

                                                           
11 A discontinuity in the distribution of initial contract value around the $150,000 threshold (Figure A3.1 in 

online appendix) may indicate that stakeholders are able to adjust this value below the threshold and influence 

treatment assignment. To that end, our finding that set-aside R&D contracts (which are more prevalent below 

the $150,000 threshold) have lower schedule and cost overrun values represent a conservative estimate of the 

impact of the set-aside policy on contract performance.   

   
12 As Lee and Lemieux (2010, p.293) note, “the key word here is “precise” rather than “manipulate”…And 

indeed, in virtually every known application of the RD design, it is easy to tell a plausible story that the 

assignment variable is to some degree influenced by someone. But individuals will not always be able to 

have precise control over the assignment variable.” 
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during the award process. Notwithstanding these deterrents, the subjectivity associated with initial 

estimates of contract value and the tendency to “round-off” estimates can (imprecisely) influence 

the assignment of treatments to contracts. To examine whether this can impact our results, we 

follow recent literature (e.g., Cattaneo et al. 2019, Barreca et al. 2016) and carry out several 

falsification tests to formally examine this possibility. 

Distribution of Pretreatment Variables around the Threshold. First, we examine the 

distribution of the pretreatment variables (i.e., variables that are determined prior to treatment 

assignment, and thus, cannot be affected by the treatment status) around the threshold. Lee and 

Lemieux (2010) suggest that for observations to be comparable around the threshold and indicate 

the absence of precise manipulation, the pretreatment variables should have similar distribution 

around the threshold. We identify several pretreatment variables to carry out this examination: (i) 

contract’s task type, (ii) contract’s region of execution, (iii) competition, (iv) contractor firm’s past 

performance, and (v) number of employees and revenues associated with the contractor firm 

executing the contract. We regress each of these pretreatment variables on a dummy variable, Zi, 

coded as 1 if the contract value is less than or equal to the $150,000 threshold value and 0 otherwise. 

We are interested in comparing the distribution of pretreatment variables just above and below the 

threshold, so we estimate these regression models using a set of contracts whose values lie within 

±5% of the $150,000 threshold value. We also include different polynomial control functions 

(quadratic, cubic and quartic) in these models to account for the relationship between a pretreatment 

variable and contract value, since the relationship may not necessarily be linear. Table 3.5 presents 

the coefficients of Zi from each regression model. We find that the coefficients of the pretreatment 

variables are statistically insignificant, indicating that their distribution does not change 

significantly around the threshold. This result suggests that precise manipulation of contract value 

is less likely to be a concern in our analysis. 
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Table 3.4. Estimates of Treatment Effects using Alternative Specifications 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity robust standard errors clustered by agency and 

region in a given year. 

 

 

  

 Dependent Variable: Schedule Overrun Dependent Variable: Cost Overrun 

 

Controlling for a 

Contractor Firm’s 

Past Performance 

Donut RDD 

Using Firm 

Clusters Fixed 

Effects 

Controlling for a 

Contractor Firm’s 

Past Performance 

Donut RDD 

Using Firm 

Clusters Fixed 

Effects 

 (9) (10) (11) (12) (13) (14) 

Main Effects       

SÂi 0.150 (0.070)** 0.199 (0.059)*** 0.196 (0.062)*** 0.077 (0.012)*** 0.073 (0.010)*** 0.075 (0.010)*** 

Same-Agency Exp. 0.042 (0.066) 0.022 (0.042) 0.035 (0.049) 0.004 (0.013) 0.002 (0.009) 0.001 (0.009) 

Different-Agency Exp. 0.011 (0.014) 0.007 (0.010) 0.016 (0.014) 0.004 (0.003) 0.004 (0.003) 0.005 (0.003) 

Early in Fiscal Year 0.219 (0.106)** 0.171 (0.103)* 0.188 (0.096)** 0.066 (0.021)*** 0.058 (0.020)*** 0.062 (0.019)*** 

Moderating Effects       

SÂi × Same-Agency Exp. 0.075 (0.109) 0.040 (0.076) 0.145 (0.134) 0.006 (0.023) 0.006 (0.018) 0.010 (0.027) 

SÂi × Different-Agency Exp. 0.120 (0.047)** 0.088 (0.037)** 0.205 (0.073)*** 0.024 (0.011)** 0.023 (0.010)** 0.034 (0.016)** 

SÂi × Early in Fiscal Year 0.344 (0.168)** 0.305 (0.180)* 0.317 (0.161)** 0.101 (0.033)*** 0.100 (0.035)*** 0.101 (0.032)*** 

Control Variables       

Task Type (0: Res, 1: Dev) 0.342 (0.251) 0.325 (0.180)* 0.336 (0.174)* 0.083 (0.059) 0.057 (0.046) 0.058 (0.045) 

Contract Duration 0.136 (0.010)*** 0.126 (0.009)*** 0.131 (0.009)*** 0.001 (0.001) 0.001 (0.001) 0.002 (0.001) 

Contractor Firm Size 0.017 (0.008)** 0.014 (0.006)** 0.024 (0.020) 0.002 (0.002) 0.001 (0.001) 0.002 (0.003) 

Contract Pricing 0.122 (0.029)*** 0.117 (0.026)*** 0.125 (0.026)*** 0.029 (0.006)*** 0.029 (0.006)*** 0.031 (0.006)*** 

Competition 0.011 (0.004)*** 0.012 (0.004)*** 0.011 (0.004)*** 0.004 (0.001)*** 0.004 (0.001)*** 0.004 (0.001)*** 

Oversight 0.014 (0.020) 0.021 (0.017) 0.032 (0.017)* 0.000 (0.003) 0.001 (0.003) 0.002 (0.003) 

Past Performance 0.010 (0.007)   0.001 (0.001)   

Federal Agency FE Yes Yes Yes Yes Yes Yes 

Region FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Control Function Yes Yes Yes Yes Yes Yes 

R&D Contract Code FE Yes Yes Yes Yes Yes Yes 

Contractor Firm Type FE  Yes Yes Yes Yes Yes Yes 

Constant 0.046 (0.179) 0.135 (0.149) 0.287 (0.367) 0.060 (0.024)** 0.048 (0.020)** 0.091 (0.047)* 

N 27211 29628 30902 27211 29628 30902 
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Table 3.5. Distribution of Pretreatment Variables around the $150,000 Threshold 

Pretreatment Variable 
Nature of Control Function (Parametric) Non-

Parametric    Quadratic Cubic Quartic 

Task Type 0.03 (0.05) 0.05 (0.06) −0.03 (0.04) −0.07 (0.04) 

Region: Outside U.S. 0.01 (0.01) 0.01 (0.01) 0.01 (0.01) −0.01 (0.01) 

Region: Northeast U.S. 0.01 (0.08) 0.01 (0.08) 0.06 (0.41)   −0.03 (0.10) 

Region: Midwest U.S. −0.05 (0.05) −0.05 (0.05) −0.06 (0.34) −0.02 (0.05) 

Region: South U.S. −0.05 (0.09) −0.04 (0.09) −0.15 (0.31) 0.07 (0.12) 

Region: West U.S. 0.09 (0.08) 0.08 (0.09) 0.15 (0.16) 0.01 (0.13) 

Competition 0.04 (0.16) 0.06 (0.15) 0.07 (0.51) −0.11 (0.11) 

Contractor Firm Employees −0.01 (0.18) −0.02 (0.19) −0.12 (0.19) 0.17 (0.12) 

Contractor Firm Revenues −0.17 (0.11) −0.12 (0.12) −0.17 (0.11) −0.01 (0.12) 

Contractor Firm Past Performance −0.09 (0.09) −0.03 (0.09) −0.05 (0.12) 0.01 (0.06) 

Notes. Heteroscedasticity-robust standard errors clustered by agency and region in a given year are 

in parentheses. Parametric estimations include contracts with values within ±5% of the $150,000 

threshold value. Non-parametric estimation includes contracts around the $150,000 threshold 

selected using a data-driven method proposed by Cattaneo et al. (2019). 

 

 

Figure 3.5. Treatment Effects at Placebo Thresholds and True $150,000 Threshold  

(with 95% Confidence Interval) 

a)     Treatment Effect for Schedule Overrun   b)     Treatment Effect for Cost Overrun  
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Estimation at Multiple Placebo Thresholds. Next, we perform tests to check for 

statistically significant discontinuity at thresholds that are different from the true $150,000 

threshold. As noted in Cattaneo et al., (2019, p.89), “the presence of discontinuities away from the 

cutoff can be interpreted as potentially casting doubt…at the very least in cases where such 

discontinuities cannot be explained by substantive knowledge of the specific application.” 

Following recent studies (e.g., Coviello et al. 2018, Dai et al. 2018), we plot 95% confidence 

intervals for the estimates of the treatment effect at different placebo thresholds between $145,000 

and $155,000 in Figure 3.5; for comparison, we also include the 95% confidence interval for the 

estimate of the treatment effect at the true $150,000 threshold. As seen from the figure, estimate of 

the treatment effect at each placebo threshold is statistically insignificant in comparison to that at 

the true threshold. This finding suggests that the treatment effect is less likely to be spurious as it 

is absent at thresholds that are different from the true threshold. 

Using a Donut Specification. Finally, following Barreca et al. (2016) and recent studies 

(e.g., Coviello et al. 2017), we estimate a donut specification by dropping all contracts at the 

$150,000 threshold value. The intuition behind the donut specification is that if contract value has 

been precisely manipulated, the contracts closest to the threshold are those mostly likely to have 

experienced manipulation. By comparing the estimates from the donut specification with those 

from our main models, we can check whether our results are sensitive to the inclusion of contracts 

closest to the $150,000 threshold. We note that the donut specification estimates are highly 

consistent with the main results for both schedule overrun (column 10 of Table 3.4) and cost 

overrun (column 13 of Table 3.4).  

 

3.5.4 Estimation using Alternative Identification Strategies 

While these falsification tests suggest that precise manipulation of initial contract value is less 

likely to be a concern in our analysis, we also check for the sensitivity of our results to two 

alternative identification strategies, namely, a generalized methods of moment (GMM) 

specification and matching. Our results are likely to be less susceptible to concerns about precise 

manipulation of initial contract value if they are robust across different identification strategies.  

Using GMM Specification. In the first stage of the GMM specification, we use the 

following instrumental variables, Same-Year Prior Set-Aside Contracts and Below Threshold, 

along with all the control variables to estimate a contract’s set-aside status. We define the 

instrumental variables below along with conceptual justification for their validity:  

 Same-Year Prior Set-Aside Contracts: This variable represents the total value of set-aside 

contracts awarded by an agency in a given year prior to awarding the focal contract. Each 



  

65 

agency has an annual target for awarding contracts through the set-aside policy —therefore, 

agencies that have awarded a lower value of set-aside contracts in a year (prior to awarding 

the focal contract) are more likely to award the focal contract through the set-aside policy. 

However, this variable, capturing the total value of set-aside contracts awarded prior to the 

focal contract, would not directly affect the performance of the focal contract, except for 

its influence on whether the focal contract is awarded through the set-aside policy.  

 

 Below Threshold: This variable is coded as 1 if a contract’s initial value is below the 

$150,000 threshold and 0 if otherwise. As noted earlier, contracts with an initial value less 

than or equal to $150,000 are more likely to be awarded through the set-aside policy, while 

contracts with an initial value more than $150,000 are less likely to be awarded through 

the set-aside policy (FAR Part 19). However, this variable would not directly affect the 

performance of the focal contract, except for its influence on whether the focal contract is 

awarded through the set-aside policy.    

In addition to conceptual justification, we perform statistical tests to check for the validity 

of the chosen instruments. The Lagrange Multiplier test for underidentification is significant 

(Kleibergen-Paap rk statistic=42.58, p<0.01) indicating the strong predictive power of the excluded 

instruments for a contract’s set-aside status. Furthermore, the F-test of joint significance of the 

instruments (F-statistic=75.31, p<0.01) is greater than the critical value of the Stock and Yogo 

(2005) threshold, indicating that the chosen instruments are not weak. Finally, the 

overidentification test continues to demonstrate statistical insignificance (Hansen J-statistic=0.22, 

p=0.64 for schedule overrun; Hansen J-statistic=0.23, p=0.63 for cost overrun) indicating the 

presence of at least one instrumental variable that satisfies the exogeneity assumption. Table A4 in 

the online appendix presents results from the first stage model estimating a contract’s set-aside 

status. The second stage results for schedule overrun (column 15 of Table 3.6) and cost overrun 

(column 18 of Table 3.6), which include the predicted values of a contract’s set-aside status from 

the first stage model, remain qualitatively consistent with the main results in direction and statistical 

significance.  

Using a Matched Sample. Finally, we conduct analysis using a matched sample of 

contracts. Matching relies upon ‘selection on observables’ assumption such that, after matching 

contracts in the treatment group (i.e., set-aside contracts) with those in the control group (i.e., non-

set-aside contracts) based on observable characteristics, the latter would serve as a valid 

counterfactual for the treatment group.  
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We first use propensity score matching (PSM) for generating a matched sample of contracts 

(Wooldridge 2010). Specifically, we employ a probit model and the following matching variables: 

(a) federal agency awarding the contract, (b) contract award year, (c) contract’s oversight level, (d) 

whether initial contract value was above or below the $150,000 threshold, and (e) contractor firm’s 

headquarter location (i.e., whether located in Northeast, Midwest, South, West or outside mainland 

U.S.), to predict the conditional probability of a contract to be awarded through the set-aside policy. 

Next, we employ nearest neighbor matching with replacement13 to generate a matched sample by 

identifying a contract in the control group that has the most similar conditional probability value to 

a contract in the treatment group. This results in a sample comprising 17,511 contracts in the 

treatment group and 13,230 matched contracts in the control group, with one contract in the control 

group serving as a potential match for more than one contract in the treatment group. To determine 

the effectiveness of this procedure, we (i) visually inspect the imbalance in matching variables 

(Figure A3.2 in online appendix), and (ii) compare the mean values of matching variables (Table 

A3.4 in online appendix) across the treatment and control groups, both before and after matching. 

Results from visual inspection and mean comparison tests indicate that the matched contracts in 

the control group are comparable to and serve as a valid counterfactual for the contracts in the 

treatment group. We use this matched sample to obtain the estimates for schedule overrun (column 

16 of Table 3.6) and cost overrun (column 19 of Table 3.6); and find the results relating to the main 

effects of set-aside status and the moderating effects of different-agency experience and early in 

fiscal year to be consistent with the main analysis results. 

While PSM has been used widely to reduce imbalance between treatment and control 

groups, one key drawback of this technique is that the adjustment of imbalance on one characteristic 

might impact the imbalance associated with another characteristic, raising concerns about sub-

optimal balance in the matched sample. We therefore employ coarsened exact matching (CEM) as 

an alternative technique (Iacus et al. 2012) and create a matched sample by exactly matching a set-

aside contract with a non-set-aside contract using the same set of matching variables. This 

technique results in a matched sample comprising 17,092 contracts in the treatment group and 

10,231 matched contracts in the control group. To determine the effectiveness of CEM, we compute 

the multivariate imbalance measure, ʆ1 statistic, for the unmatched and the matched sample. The ʆ1 

statistic is a measure of imbalance between the treatment and control groups with values ranging 

                                                           
13 Because the number of contracts in the control group (13,390 contracts) are less than the number of 

contracts in the treatment group (17,512 contracts), we use matching with replacement (Smith and Todd 

2005) to construct the matched sample. Our results remain qualitatively consistent when we use matching 

without replacement.      
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between 0 and 1, wherein higher values indicate greater levels of imbalance and vice versa (Iacus 

et al. 2012). We find that the ʆ1 statistic decreases from 0.72 in the unmatched sample to nearly zero 

in the matched sample, highlighting the effectiveness of CEM in reducing imbalance between the 

treatment and the control groups in the matched sample. We use this matched sample to obtain the 

estimates for schedule overrun (column 17 of Table 3.6) and cost overrun (column 20 of Table 3.6); 

and find the results relating to the main effects of set-aside status and the moderating effects of 

different-agency experience and task type to be consistent with the main results. 

 

Table 3.6. Estimation Results with Alternative Identification Strategies 

 Dependent Variable: Schedule Overrun Dependent Variable: Cost Overrun 

 
IV-GMM 

Estimation 

Matched Sample 

using PSM 

Matched Sample 

using CEM 

IV-GMM 

Estimation 

Matched Sample 

using PSM 

Matched Sample 

using CEM 

 (15) (16) (17) (18) (19) (20) 

Main Effects       

SÂi 0.145 (0.057)*** 0.189 (0.062)*** 0.285 (0.062)*** 0.053 (0.007)*** 0.074 (0.011)*** 0.084 (0.011)*** 

Same-Agency Exp. 0.005 (0.009) 0.031 (0.053) 0.123 (0.074)* 0.002 (0.001) 0.002 (0.010) 0.008 (0.018) 

Different-Agency Exp. 0.009 (0.008) 0.010 (0.012) 0.018 (0.016) 0.003 (0.002) 0.004 (0.003) 0.005 (0.004) 

Early in Fiscal Year 0.068 (0.033)** 0.171 (0.098)* 0.118 (0.089) 0.009 (0.006) 0.056 (0.020)*** 0.060 (0.021)*** 

Moderating Effects       

SÂi × Same-Agency Exp. 0.011 (0.011) 0.056 (0.091) 0.126 (0.082) 0.004 (0.003) 0.005 (0.020) 0.006 (0.019) 

SÂi × Different-Agency Exp. 0.077 (0.029)*** 0.100 (0.042)** 0.119 (0.049)** 0.018 (0.008)** 0.024 (0.011)** 0.026 (0.012)** 

SÂi × Early in Fiscal Year 0.129 (0.047)*** 0.295 (0.164)* 0.192 (0.133)⸸ 0.019 (0.009)** 0.094 (0.032)*** 0.090 (0.030)*** 

Control Variables       

Task Type (0: Res, 1: Dev) 0.369 (0.173)** 0.318 (0.174)* 0.379 (0.207)* 0.038 (0.042) 0.054 (0.044) 0.081 (0.052) 

Contract Duration 0.126 (0.009)*** 0.127 (0.009)*** 0.119 (0.009)*** 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 

Contractor Firm Size 0.009 (0.004)** 0.015 (0.006)** 0.007 (0.005) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 

Contract Pricing 0.144 (0.026)*** 0.119 (0.026)*** 0.105 (0.028)*** 0.035 (0.005)*** 0.029 (0.006)*** 0.029 (0.006)*** 

Competition 0.011 (0.004)*** 0.012 (0.004)*** 0.011 (0.004)*** 0.003 (0.001)*** 0.004 (0.001)*** 0.004 (0.001)*** 

Oversight 0.014 (0.018) 0.021 (0.017) 0.018 (0.019) 0.002 (0.002) 0.001 (0.003) 0.001 (0.003) 

Federal Agency FE Yes Yes Yes Yes Yes Yes 

Region FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Control Function Yes Yes Yes Yes Yes Yes 

R&D Contract Code FE Yes Yes Yes Yes Yes Yes 

Contractor Firm Type FE  Yes Yes Yes Yes Yes Yes 

Constant - 0.001 (0.111) 0.001 (0.085) - 0.024 (0.030) 0.019 (0.032) 

N 30902 30741 27323 30902 30741 27323 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1, ⸸ p≤0.15. Heteroscedasticity robust standard errors clustered by agency and region 

in a given year are in parentheses.  
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3.6. Discussion 

3.6.1. Summary and Contributions 

The U.S. federal government awards nearly $500 billion in contracts annually of which at least 

23% must be awarded to small businesses through the set-aside policy. While this mandate 

encourages the participation of small businesses in the federal procurement process, awarding 

contracts by restricting competition to small businesses may limit the federal government’s ability 

to identify a highly qualified contractor firm, and negatively impact contract performance. In this 

study, we attempt to address the broader question of balancing the welfare intent and the efficiency 

implications of small business preference programs in public procurement by empirically 

examining the performance differences between R&D contracts awarded through the set-aside 

policy vs. through open competition. We also study how variations in contractor firm experience 

and timing of awarding an R&D contract impact the relationship between a contract’s set-aside 

status and its performance.  

 The analysis results using detailed execution-level data on a large sample of federal R&D 

contracts finds that set-aside contracts experience lower schedule overrun and cost overrun in 

comparison to open competition contracts. However, the performance of set-aside R&D contracts 

depends on the nature of contractor firm experience (i.e., same-agency vs. different-agency 

experience) and the timing of awarding a contract (i.e., early vs. later in a fiscal year). With regard 

to the effect of contractor firm experience, we find that the benefits of more experience for set-

aside contracts arises primarily from a contractor firm’s different-agency experience. Surprisingly, 

we do not find any benefits associated with increasing levels of a contractor firm’s same-agency 

experience. With regard to the effect of a contract’s award timing, we find that set-aside R&D 

contracts awarded early in a fiscal year perform better than those awarded later in a fiscal year. 

Taken together, these findings make the following contributions to research and practice.  

First, our study is an important step towards highlighting the challenges associated with 

the use of small business preference programs in public procurement. Although contracts awarded 

through preference programs encourage the participation of underrepresented businesses in public 

procurement, they constitute a significant portion of the government’s overall procurement 

expenditures funded through taxpayer money. It is, therefore, important for these contracts to 

achieve their objectives within the planned schedule and cost. While prior research on public 

procurement has examined the impact of government oversight  on contract performance (Calvo et 

al. 2019), our study advances this research by examining a relatively understudied feature of public 

procurement—the use of preference programs—and its impact on contract performance, after 

controlling for the contract’s oversight level. By disentangling the performance differences across 
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federal R&D contracts awarded through the set-aside policy (vs. open competition) from their 

oversight level, we also address increasing calls for academic scholars to conduct research that has 

the potential to influence public policy (Cachon et al. 2020, Lee and Tang 2018, Tang 2016).  

Second, although prior research on preference programs has highlighted the welfare 

implications of these policy initiatives—for example, creation of new firms (Chatterji et al. 2013) 

and increased participation of underrepresented businesses in public procurement (Nakabayashi 

2013)—a distinctive feature of our study is in evaluating the impact of preference programs at the 

more granular contract level of the procurement process. Specifically, our finding that set-aside 

R&D contracts perform better than open competition R&D contracts complements these studies by 

highlighting that policy initiatives for supporting small businesses in public procurement may not 

necessarily compromise contract performance. Moreover, this focus on examining the contract 

level implications of preference programs is important because it can help to identify important 

contingencies related to a contract’s environment that affect a contract’s execution and that, 

therefore, need to be considered by stakeholders during the procurement process. The consideration 

of these contingencies in awarding set-aside R&D contracts can not only improve the performance 

of future set-aside R&D contracts, but also can facilitate the continued sustenance of policy 

initiatives aimed at supporting small businesses.  

Relatedly, the third contribution of our study lies in identifying two contingencies related 

to a contract’s environment, the nature of contractor firm experience and the timing of awarding a 

contract, that interact with the contract’s set-aside status to affect its performance. Specifically, we 

find that the performance of set-aside R&D contracts is better when these contracts are executed 

by firms with more different-agency experience and when these contracts are awarded early in a 

fiscal year. This finding regarding the moderating effect of contractor firm experience offers a 

better understanding about the differential effects of same-agency experience and different-agency 

experience on the performance of set-aside R&D contracts. Such an understanding can enable 

federal agencies to go beyond the overall experience of a contractor firm and develop more nuanced 

metrics of contractor firm experience, which in turn may facilitate the identification of a better-

qualified contractor firm to execute a set-aside contract and improve contract performance. Our 

finding regarding the moderating effect of a contract’s award timing emphasize the need to pay 

greater attention to contracts awarded later in a fiscal year contracts as such consideration has direct 

consequences for contract performance. Taken together, these results have implications for the 

federal government in that they highlight how heterogeneity in the nature of contractor firm 

experience and an R&D contract’s award timing affect the performance of set-aside R&D contracts.  
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3.6.2. Implications for Policymakers 

From a policy standpoint, our research highlights the importance of studying the contract-

level implications of small business preference programs in public procurement. Existing 

evaluations of the set-aside policy by the federal government have focused largely on tracking the 

participation levels of small businesses in the program and in identifying mechanisms for increasing 

their participation levels (Congressional Research Service 2021). Our findings regarding the impact 

of the set-aside policy on contract performance complement these existing evaluations by providing 

a holistic assessment of the overall impact of the set-aside policy in the federal procurement 

process.  

In particular, our findings regarding the role of the nature of contractor firm experience and 

an R&D contract’s award timing highlight several important considerations for policymakers. 

While the FAR provides guidelines to federal agencies for identifying a highly qualified contractor 

firm (e.g., consideration of a contractor firm’s past performance), these guidelines do not include a 

contractor firm’s prior experience in executing federal contracts as a criteria for awarding R&D 

contracts through the set-aside policy. Given the differential effects of a contractor firm’s same-

agency experience and different-agency experience on the performance of set-aside R&D contracts, 

an actionable recommendation for the federal government is to track these underlying dimensions 

of a contractor firm’s experience for identifying a highly qualified contractor firm to execute a set-

aside R&D contract.  

From a contractor firm’s standpoint, while there are additional intangible benefits of 

repeated contracting with the same agency (e.g., reduced uncertainty about agency’s contracting 

process and greater trust between the two sides), the focus on different-agency experience can also 

encourage contractor firms to execute R&D contracts for different federal agencies within the same 

technical domain to augment their expertise. Our finding that set-aside R&D contracts awarded 

early in a fiscal year experience lower schedule overrun and cost overrun than contracts awarded 

later in a fiscal year highlight the role of a contract’s award timing in impacting contract 

performance. Such an understanding may direct greater managerial attention to set-aside R&D 

contracts that are being awarded later in a fiscal year and encourage federal agencies and 

contracting officers to invest more effort into the contract award process (e.g., evaluations of the 

offers received, clarification on contract requirements etc.) for these contracts. 

 

3.6.3. Limitations and Directions for Future Research 

Our study has limitations that serve as opportunities for future research. First, our sample is 

restricted to R&D contracts below $700,000, since contracts that fall above this range are subject 
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to different mandates and may confound our estimates pertaining to the effects of set-aside policy. 

Future research should examine whether and how the performance of high-value R&D contracts 

awarded through the set-aside policy differs from those awarded through open competition. 

Second, our study focuses solely on R&D contracts awarded by the U.S. federal government. 

Future research can inform the existing literature on preference programs by examining if our study 

findings and implications can be generalized to other contract types (e.g., construction contracts, 

maintenance and repairs contracts) or to other countries (e.g., public procurement in Japan, Canada 

and South Africa that have similar preference programs). Third, while our study evaluates the 

impact of the set-aside policy on the schedule overrun and cost overrun of R&D contracts, it does 

not offer any insights on the long-term implications of preference programs for small businesses 

(e.g., long-term revenue growth, survival and employment generated by small businesses). Future 

studies in this direction can provide a comprehensive understanding about the long-term 

implications of preference programs in public procurement. Furthermore, while the uncertainty 

associated with an R&D contract is implicitly considered in establishing its schedule and cost 

performance metrics (FAR Part 35), future research can extend our study findings by using 

measures other than schedule overrun and cost overrun for capturing contract performance. Finally, 

our study evaluates the performance implications of a specific legislative provision, the set-aside 

policy, which encourages the participation of small businesses in public procurement. Future 

research can evaluate the impact of other legislative provisions (e.g., regarding sub-contracting to 

small businesses, acquisition of environmentally sustainable products) to further inform policy 

making in public procurement.  

Notwithstanding these limitations, our study provides consequential, theoretically 

grounded insights into how the execution of R&D contracts awarded through the set-aside policy 

can be improved. The importance of preference programs in public procurement towards delivering 

policy mandates and creating more opportunities for underrepresented businesses cannot be 

overstated. While this line of inquiry has received less attention in the academic literature, it has 

the potential to generate insights that have significant academic and practical relevance.  
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Chapter 4 . Firm-Level Implications of the Set-Aside Policy  

 

4.1. Introduction 

Governments around the world value a thriving small business sector, since small businesses spur 

economic growth by creating new jobs and driving innovation (International Labor Organization 

2019, U.S. Small Business Administration 2018). To support small businesses and increase their 

representation in public procurement (Bruce et al. 2019, Calvo et al. 2019, Coviello et al. 2018), 

governments have established small business preference programs—policy initiatives that mandate 

government agencies to award contracts exclusively to small businesses (Athey et al. 2013, 

Nakabayashi 2013). As noted in Chapter 3, the U.S. federal government’s set-aside policy for small 

businesses mandates that at least 23% of federal government prime contracts be awarded to small 

businesses14 annually.  

On the one hand, by reserving at least 23% of federal prime contracts for competition 

among small businesses only, the set-aside policy increases opportunities for small businesses to 

participate in the federal procurement process, thereby helping them to grow. On the other hand, 

the set-aside policy may increase incentives for small businesses to avoid growth and remain small 

because businesses competing for federal contracts are classified as either small or large by the 

federal government, and only small businesses are eligible to receive federal contracts as a part of 

the set-aside policy. This binary size standard, i.e., classifying businesses as small or large, may 

increase incentives for contractor firms to remain small because once a contractor firm outgrows 

the small business size standard, it becomes ineligible to receive set-aside contracts. As noted 

earlier, set-aside contracts constitute at least 23% of the federal government’s $500 billion annual 

procurement budget and represent an important source of revenues for small businesses.  

Highlighting the challenges faced by contractor firms that have recently outgrown the small 

business size standard, Rep. Steve Chabot (R-Oh.), Chairman of the House Small Business 

Committee notes, “After a small business has proven its success by growing out of its small 

business size standard, it exists in a murky limbo: it is too large to benefit from small business set-

asides, yet is too small to compete with billion-dollar firms.” Emphasizing further on these 

challenges faced by small contractor firms, Rep. Gerry Connolly (D-Va.), sponsor of the small 

business growth act highlights, “Innovative high-performing small businesses are becoming 

                                                           
14 Typically, manufacturing firms with less than 500 employees or non-manufacturing firms with less than 

$7.5 million in average annual receipts are classified as small businesses. The industry-specific qualification 

criteria for small businesses are detailed in https://www.sba.gov/federal-contracting/contracting-guide/basic-

requirements. (Accessed May 2021)  
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victims of their own success—graduating from small business programs only to find themselves in 

the untenable position of facing off against multi-billion-dollar firms.” To sum, there has been 

increasing bipartisan Congressional scrutiny on whether the set-aside policy may serve as a 

disincentive for small business growth.  

Given this discussion surrounding the set-aside policy, this study focuses on two questions. 

First, we examine if the set-aside policy disincentivizes small businesses to outgrow the small 

business size standard (hereafter, size standard). While the set-aside policy may help small 

businesses to increase revenues and employees by providing them with increased opportunities to 

participate in the federal procurement process, this policy may also increase incentives for federal 

contractor firms to remain small because contractor firms that outgrow the size standard become 

ineligible to receive set-aside contracts, which is close to $115 billion-dollar market. To resolve 

this tension, we study the effect of the set-aside policy on the likelihood for a contractor firm to 

outgrow the size standard.  

Second, we note that a key objective of establishing the set-aside policy is to help increase 

the representation of women-owned small businesses (WOSBs) and minority-owned small 

businesses (MOSBs) in federal procurement.15 We proceed by noting that, in comparison to other 

small business types, WOSBs and MOSBs face increasing levels of challenges in carrying out their 

daily business operations, for example negotiating with large buyers (Lashley and Pollock 2020) 

and difficulty in accessing credit from financial institutions (Asiedu et al. 2012, Blanchflower et al. 

2003). Given such challenges faced by WOSBs and MOSBs, and the support provided by the set-

aside policy to these small businesses (Chatterji et al. 2013, Blanchflower and Wainwright 2005), 

the second question in this study focuses on heterogeneity in small business ownership (namely, 

women-owned, minority-owned and other small businesses) and its impact on the likelihood for 

small businesses to outgrow the size standard.  

The empirical analysis is based on a sample of 18,564 unique contractor firms that have 

executed 53,842 research and development (R&D) contracts for 52 federal agencies between 2007 

and 2019. We focus on federal R&D contracts because the U.S. federal government is one of the 

largest spenders on R&D initiatives across the world.16 Specifically, it awards close to $150 billion 

in R&D contracts each year17 and it is worthwhile to note that small contractor firms play an 

                                                           
15 https://www.sba.gov/business-guide/grow-your-business/minority-owned-businesses (Accessed July 

2021) 

 
16 http://uis.unesco.org/apps/visualisations/research-and-development-spending/ (Accessed June 2021) 

 
17 https://www.nsf.gov/statistics/2020/nsf20308/overview.htm (Accessed July 2021) 

https://www.sba.gov/business-guide/grow-your-business/minority-owned-businesses
http://uis.unesco.org/apps/visualisations/research-and-development-spending/
https://www.nsf.gov/statistics/2020/nsf20308/overview.htm
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important role in helping the U.S. federal government to fulfill its R&D needs (Ellman and Johnson 

2016). Furthermore, as noted by Aghion and Tirole (1994), “government promotion of R&D is one 

of the most important areas of public policy.” Motivated by such considerations, we assemble 

detailed information on federal contractor firms and contracts from USAspending.gov to 

empirically examine the study questions. It is possible that a contractor firm in our sample may 

outgrow the size standard after the observation period giving rise to data censoring issues. To 

overcome this challenge, we use a special class of hazard models called accelerated failure time 

(AFT) models for our empirical analysis. A distinct advantage of using AFT models over 

conventional hazard modeling techniques (e.g., Cox Proportional Hazard model) is that it not only 

helps us to account for the censored nature of our data, but also estimate the impact of time-varying 

explanatory variables (e.g., proportion of set-aside contracts) on the likelihood for a contractor firm 

to outgrow the size standard.  

Our analysis results indicate that the set-aside policy may increase incentives for contractor 

firms to remain small. That is, an increase in the cumulative proportion of set-aside contracts is 

associated with a reduced likelihood for contractor firms to outgrow the size standard. The analysis 

results also indicate that small businesses owned by women (minority) are more likely to remain 

small, in comparison to small businesses owned by men (non-minority). This result highlights 

significant asymmetries across small business types in terms of outgrowing the size standard and 

suggests that the higher levels of challenges faced by WOSBs and MOSBs in their business 

environment may disincentivize these small businesses from outgrowing the size standard. These 

findings are consistent across alternative model specifications, including different matching 

techniques and a two-stage residual inclusion (2-SRI) endogeneity correction model, providing 

additional support to the robustness of our main results.  

Together, the study findings make the following contributions towards advancing research 

and practice. First, this study contributes to the literature examining the drivers of small business 

growth—while prior research has studied the role of family relationships (Bird and Zellweger 

2018), government financing schemes (Jourdan and Kivleniece 2017, Canales 2016), and business 

incubators (Amezcua et al. 2013) on small business survival and growth, the impact of set-aside 

policy on small business growth has received little attention in the existing literature. A focus on 

the set-aside policy is relevant as it constitutes at least 23% of the $500 billion annual federal 

procurement market (~$115 billion) and represents an important avenue for small businesses to 

win and execute federal contracts. Relatedly, the second contribution of this study lies in 

empirically demonstrating that policy initiatives designed to support small businesses may 

disincentivize small businesses to grow beyond a size standard. While small businesses may avoid 
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growing beyond a certain limit to retain credit access from banks (Bhue et al. 2016) and avoid 

regulatory compliance audits (Sudhir and Talukdar 2015), our study advances this literature stream 

by demonstrating that small businesses may also avoid growth to continue receiving set-aside 

contracts. Finally, the study findings demonstrate that heterogeneity in small business ownership 

category represents an important factor that may influence its likelihood to outgrow the size 

standard. Specifically, among small businesses contracting with the federal government, women 

(minority) owned small businesses are less likely to outgrow the size standard when compared to 

men (non-minority) owned small businesses. Together, these findings circle back to the debate in 

political and media circles regarding the effect of the set-aside policy on small business growth. 

 

4.2. Prior Literature 

Our study builds upon two interrelated streams of research across management and public 

economics domains: (i) research on small business growth (e.g., Bird and Zellweger 2018, Jourdan 

and Kivleniece 2017, Canales 2016, Amezcua et al. 2013, Wiklund et al. 2009), and (ii) research 

on policy initiatives that are directed towards supporting small businesses (e.g., Athey et al. 2013, 

Chatterji et al. 2013, Nakabayashi 2013). 

 Within the first research stream, studies have identified several drivers of small business 

growth such as the role of sibling entrepreneurs vs. spousal entrepreneurs (Bird and Zellweger 

2019), presence of government financing schemes (Jourdan and Kivleniece 2017, Canales 2016), 

role of business incubators (Amezcua et al. 2013) and the adoption of IT systems (Street and 

Meister 2004). Within this research stream, recent studies have also highlighted reasons why small 

businesses may want to avoid growth and remain small. For example, small businesses may want 

to avoid growth so that they remain eligible for certain lines of credit being offered by banks (Bhule 

et al. 2016). Similarly, small businesses avoid growth so that they are not subjected to regulatory 

compliance audits (Sudhir and Talukdar 2015). Motivated by these findings on growth avoidance 

by small businesses, in this study, we examine if the set-aside policy reduces incentives for small 

businesses to grow. With billions of dollars being awarded as set-aside contracts annually and only 

small businesses being eligible to receive set-aside contracts, there is a possibility that small 

businesses may want to avoid growth and remain small to continue receiving set-aside contracts. 

That is, maintaining access to contracts awarded through the set-aside policy may be a driver for 

small businesses to avoid outgrowing the size standard—a question that we attempt to empirically 

investigate in this study. By investigating whether the set-aside policy disincentivizes small 

business growth, the study also addresses increasing calls to conduct research that has the potential 

to uncover different factors that may influence small business growth (Wiklund et al. 2009).    
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Beyond the business management literature on small business growth, our study is also related 

to a stream of research in the public economics domain that evaluates the impact of policy 

initiatives directed at supporting small businesses in public procurement. Specifically, these 

studies find that such policy initiatives promote the participation of small businesses in the public 

procurement process (Athey et al. 2013, Nakabayashi 2013, Marion 2007), and increase business 

formation rates (Chatterji et al. 2013). Our study differs from these studies in two ways. First, 

except for Athey et al. (2013), none of the other studies focus on the U.S. federal government’s 

set-aside policy, which is close to $115 billion market and represents an important avenue for 

small businesses to win and execute federal contracts. Second, we differ from these studies in 

terms of examining the effect of the set-aside policy on the likelihood for small business to 

outgrow the size standard, an outcome that has not been studied earlier in this research stream. 

This focus on examining the relationship between the set-aside policy and likelihood for small 

businesses to outgrow the size standard is important because the set-aside policy was not designed 

to be a permanent support system. 18  Furthermore, by outgrowing the size standard, small 

businesses help to increase the competitiveness of the federal contractor base. Taken together, 

this study advances prior research on the consequences of the set-aside policy by evaluating the 

impact of U.S federal government’s set-aside policy on the likelihood for small businesses to 

outgrow the size standard. 

 

4.3. Hypothesis Development 

4.3.1. Background: The Small Business Set-Aside Policy 

As noted earlier, a primary objective of establishing the set-aside policy was to help increase the 

participation of small businesses in the federal government’s procurement process. To accomplish 

this objective, this policy mandates that at least 23% of the total value of federal government’s 

prime contracts be awarded annually to firms that qualify as small businesses. In other words, only 

small businesses are eligible to participate and receive contracts through the set-aside policy. The 

SBA maintains size standards which determines whether a business qualifies as small and is eligible 

to receive federal contracts as a part of the set-aside policy. These size standards for classifying 

businesses as “small” or “not small” are based either on (a) the average number of people employed 

by a contractor firm over the last 12 calendar months, or (b) the average annual revenues of the 

                                                           
18 https://www.wsj.com/articles/SB10001424052970203716204577013742042606930 (Accessed July 

2021) 

 

https://www.wsj.com/articles/SB10001424052970203716204577013742042606930
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contractor firm in the past three years.19 These size standards vary by industry—for example, in the 

computer systems design industry, any business with less than $30 million in annual average 

revenues in the last 3 years will be classified as small, and only businesses meeting this size criteria 

are eligible to receive set-aside contracts. Similarly, in the nanotechnology R&D industry, any 

business with less than 1000 employees in the last 12 calendar months will be classified as small, 

and only businesses meeting this size criteria are eligible to receive set-aside contracts.20  

Taken together, these size standards represent a binary criterion for classifying businesses 

as small or large and determining their eligibility to receive contracts through the set-aside policy. 

A key implication of this binary classification criterion is that once a contractor firm outgrows the 

small business size standard, it becomes ineligible to receive set-aside contracts, and it has to 

compete openly for winning federal contracts. Therefore, the set-aside policy may increase 

incentives for contractor firms to remain small so that they continue to receiving limited 

competition set-aside contracts. It is also worthwhile to note that while the set-aside policy 

mandates at least 23% of annual federal contracting dollars to be awarded to small businesses, the 

policy was also designed for increasing the participation of women-, and minority-owned small 

businesses in the federal procurement process. Specifically, each year, there is a mandate to award 

at least 5% of the federal contracting dollars to women-owned and minority-owned small 

businesses. Given this focus of the set-aside policy to increase the representation of small 

businesses, particularly, women-, and minority-owned small businesses, in the following section, 

we develop hypotheses that focus on examining the relationship between (a) set-aside policy and 

(b) small business ownership category, and the likelihood for a small business to outgrow the size 

standard. 

 

4.3.2. Set-Aside Policy and Outgrowing the Size Standard 

We first examine the impact of the set-aside policy on the likelihood for a contractor firm to 

outgrow the size standard. As noted earlier, the set-aside policy mandates the federal government 

to award at least 23% of its annual contracting dollars exclusively to small businesses. By 

restricting the participation of large businesses in federal procurement, this policy creates a level-

playing field and increases opportunities for small businesses to win and execute federal contracts. 

It is likely that in the absence of set-aside policy, small businesses would have limited opportunities 

to execute federal contracts as they may not have comparable capabilities (e.g., economies of scale 

                                                           
19 https://www.ecfr.gov/cgi-bin/text-idx?tpl=/ecfrbrowse/Title13/13cfr121_main_02.tpl (Accessed June 

2021)  

  
20 https://www.sba.gov/document/support--table-size-standards (Accessed July 2021) 

https://www.ecfr.gov/cgi-bin/text-idx?tpl=/ecfrbrowse/Title13/13cfr121_main_02.tpl
https://www.sba.gov/document/support--table-size-standards
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and scope) to compete successfully against large businesses and win federal contracts. Prior 

research has shown that the participation of small businesses in public procurement would have 

been significantly reduced in the absence of such policy initiatives supporting small businesses 

(Athey et al. 2013, Nakabayashi 2013). In other words, by increasing opportunities for small 

businesses to win and execute federal contracts, the policy may enable small businesses to grow. 

For example, small businesses may have to hire additional employees for performing the work in 

the set-aside contract awarded to it, payments from the federal government on contract completion 

may help small businesses to increase revenues etc. Taken together, increased opportunities to win 

and execute set-aside contracts may enable small businesses to grow, and eventually help them to 

outgrow the size standard.  

While the set-aside policy may be an enabler for small business growth, it may also increase 

incentives for small businesses to remain small so that they continue being eligible to receive the 

limited competition, set-aside contracts. As noted earlier, the federal government classifies 

contractor firms as either “small” or “not small” for determining if a contractor firm is eligible to 

receive set-aside contracts. On the one hand, the set-aside policy helps the federal government to 

support small businesses by providing them with increased opportunities to win and execute federal 

contracts. On the other hand, by competing only with small businesses, a small contractor firm may 

be unable to acquire the requisite experience and capabilities needed to compete successfully in 

open markets and win federal contracts. For example, Jourdan and Kivleniece (2017) find that 

government support reduces incentives for businesses to utilize their resources efficiently, and such 

efficient utilization of resources may be a critical requirement for small businesses to compete 

successfully in open markets and win federal contracts. Furthermore, the benefits offered by the 

set-aside policy (for e.g., access to limited competition, set-aside contracts which constitutes at 

least 23% of the federal government’s annual procurement budget) may foster increased 

dependency on the policy for winning federal contracts. To continue enjoying such benefits offered 

by the set-aside policy, small businesses may have increased incentives to remain small. 

Highlighting such growth avoidance tendencies among small businesses, recent research notes that 

small businesses may have several reasons to give up growth and remain small, including 

maintaining access to credit facilities offered by banks (Bhule et al. 2016) and avoiding regulatory 

compliance audits (Sudhir and Talukdar 2015). In our study context, outgrowing the size standard 

may impose a cost on small businesses in the form of losing access to set-aside federal contracts, a 

billion-dollar market. In sum, the support provided by the set-aside policy in terms of exclusive 

access to set-aside contracts may serve as a disincentive for contractor firms to outgrow the size 

standard. Taking the above arguments into consideration, we propose the following set of 
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hypotheses regarding the impact of set-aside policy on the likelihood for a small business to 

outgrow the size standard: 

HYPOTHESIS 1a: An increase in the cumulative proportion of set-aside contracts is 

associated with a higher likelihood for small businesses to outgrow the size standard. 

HYPOTHESIS 1b: An increase in the cumulative proportion of set-aside contracts is 

associated with a lower likelihood for small businesses to outgrow the size standard. 

 

4.3.3. Small Business Ownership and Outgrowing the Size Standard 

Prior research has highlighted significant challenges experienced by women-, and minority-owned 

small businesses in carrying out their daily business operations. For example, Lashley and Pollock 

(2020) discuss the challenges experienced by WOSBs and MOSBs in negotiating contractual terms 

and conditions with large buyers and identify mechanisms to overcome such challenges in the 

buyer-supplier negotiation process. Highlighting racial disparities in credit availability, 

Blanchflower et al. (2003) find that minority-owned small businesses are twice as likely to be 

denied credit in comparison to non-minority-owned small businesses. Relatedly, Asiedu et al. 

(2013) find that MOSBs experience higher loan application denial rates after controlling for several 

factors that may potentially influence loan decisions. These studies provide collective evidence 

suggesting that there exists significant heterogeneity in terms of the challenges faced by small 

businesses in carrying out their daily operations, with WOSBs and MOSBs facing greater levels of 

challenges in areas such as credit access, contract negotiations etc. For WOSBs and MOSBs 

contracting with the federal government, set-aside contracts may represent an important source of 

business opportunity. To that end, a key objective of establishing the set-aside policy was to 

increase the participation of small businesses owned by women, and by individuals from racial 

minority groups in the federal government’s procurement process.21 The benefits offered by the 

set-aside policy (e.g., maintaining access to set-aside contracts) together with greater levels of 

challenges that WOSBs and MOSBs face in carrying out their business operations may further 

reduce incentives for these small business types to outgrow the size standard, when compared to 

other small businesses. Taking this discussion into consideration, we propose the following set of 

hypotheses regarding the relationship between small business ownership and likelihood to outgrow 

the size standard:  

HYPOTHESIS 2: Small businesses owned by women (minority) will have a lower 

likelihood to outgrow size standard in comparison to small businesses owned by men 

(non-minority). 

                                                           
21 https://www.sba.gov/federal-contracting/contracting-guide/types-contracts (Accessed July 2021) 

https://www.sba.gov/federal-contracting/contracting-guide/types-contracts
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4.4. Research Design 

4.4.1. Data 

We collected detailed data on the characteristics of federal contractor firms and contracts from 

USAspending.gov (www.usaspending.gov), the official source of spending data for the U.S. federal 

government, to test the study hypotheses. This publicly accessible website contains (a) information 

about the characteristics of contractor firms that have been awarded federal contracts (e.g., whether 

a contractor firm is small business or not, whether minority-owned or not), and (b) detailed 

execution-level data of all federal contracts (e.g., a contract’s set-aside status, original value, 

pricing type, federal agency awarding the contract) awarded between 2007 to the current date. We 

use the DUNS (Data Universal Numbering System) number, a unique alphanumeric code 

associated with each contractor firm, to aggregate contract-level information to the contractor-level.  

For our analysis, we downloaded data on 20,672 unique contractor firms that were 

categorized as small at least once and have executed at least one R&D contract for the federal 

government between October 2007 and March 2019. However, information about key independent 

and control variables (e.g., past performance, NAICS industry code) was missing for ~2000 

contractor firms. Consequently, our analysis is based on a sample of 18,564 unique contractor firms 

that have executed 53,842 R&D contracts for 52 federal agencies. The unit of analysis for our study 

is a ‘contract—contractor firm’ pair, although the unit of observation is a federal R&D contract 

executed by a contractor firm. Of the 18,564 contractor firms in our estimation sample, only 1509 

contractor firms (8%) grew out of the size standard during the study time period. Nearly one-third 

of the contractor firms in our sample are headquartered in three states—California (14%), Virginia 

(8%) and Maryland (8%), and almost 80% of the contractor firms have executed contracts in only 

one industry. While 3312 firms (~18%) in our sample are women-owned, 3087 firms (~17%) are 

minority-owned.   

 

4.4.2. Dependent and Independent Variables 

Small Business. We are interested in studying whether the set-aside policy disincentivizes 

small businesses from outgrowing the size standard. The size standard represents the largest size a 

business can be (either in terms of the annual average revenues in the past three years or the number 

of employees in the past 12 calendar months) to receive federal contracts through the set-aside 

policy. The size standards vary substantively across industries and are maintained by the SBA. For 

example, while contractor firms with less than 1000 employees in the nanotechnology R&D 

industry are classified as small, firms with less than $20.5 million in average annual revenues in 

http://www.usaspending.gov/
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the social sciences R&D industry are classified as small.22 The contractor-level information from 

USAspending.gov provides us with information on whether a business is small or not. To represent 

the small businesses in our sample, we create a dummy variable, Small Business, which is coded 

as ‘0’ if the contractor firm is a certified small business and as ‘1’ otherwise. As noted earlier, this 

approach for measuring a contractor firm’s size status is consistent with the U.S. federal 

government’s criteria to classify contractor firms as either small or large (GAO 2019).  

Proportion Set-Aside Contracts. The contract-level data from USAspending.gov provides 

us with information on whether an R&D contract was awarded through the set-aside policy or 

through open competition, the contract award date and contract value. We use this information to 

calculate the total value of set-aside R&D contracts awarded to a contractor firm and divide it by 

the total value of all R&D contracts awarded to a contractor firm for measuring the cumulative 

proportion of set-aside contracts awarded to a contractor firm.   

Women-, and Minority-owned Business. The contractor-level information obtained from 

USAspending.gov identifies whether a business is (a) women-owned or not, and (b) minority-

owned or not.23 To that end, we create a dummy variable, coded as ‘1’ if the business is owned by 

a woman and as ‘0’ otherwise. To represent minority-owned business in our sample, we create 

another dummy variable, coded as ‘1’ if the business is owned by a minority individual and as ‘0’ 

otherwise.   

 

4.4.3. Control Variables 

Variation in contractor firm characteristics may create heterogeneity among the contractor firms in 

our estimation sample and can offer alternative explanations. We therefore control for several 

contractor firm characteristics. Table 4.1 describes the control variables used in this study along 

with the dependent and independent variables, while Table 4.2 provides the descriptive statistics 

and pairwise correlations.    

 

  

                                                           
22 https://www.sba.gov/document/support--table-size-standards (Accessed July 2021) 

 
23 https://www.ecfr.gov/cgi-bin/text-

idx?SID=ee1595e6b78f39b1563ab8a8440bc7cc&mc=true&tpl=/ecfrbrowse/Title13/13cfr124_main_02.tpl 

(Accessed July 2021) 

https://www.sba.gov/document/support--table-size-standards
https://www.ecfr.gov/cgi-bin/text-idx?SID=ee1595e6b78f39b1563ab8a8440bc7cc&mc=true&tpl=/ecfrbrowse/Title13/13cfr124_main_02.tpl
https://www.ecfr.gov/cgi-bin/text-idx?SID=ee1595e6b78f39b1563ab8a8440bc7cc&mc=true&tpl=/ecfrbrowse/Title13/13cfr124_main_02.tpl
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Table 4.1. Description of Dependent, Independent and Control Variables 

 

 

 

 

 

  

Variable Name Variable Description 

Dependent Variable 

Small Business 
A binary variable which is coded as ‘0’ if the contractor firm is 

certified as a small business and as ‘1’ otherwise.    

Independent Variables 

Prop. Set-Aside Contracts 
Cumulative proportion of set-aside R&D contracts (by value) 

executed by a contractor firm.  

Women-owned Business 
A dummy variable which is coded as ‘1’ if the contractor firm is 

certified as women-owned business, and as ‘0’ otherwise.    

Minority-owned Business 
A dummy variable which is coded as ‘1’ if the contractor firm is 

certified as minority-owned business, and as ‘0’ otherwise. 

Control Variables  

Past Schedule Performance 
The average schedule overrun of all contracts executed by a 

contractor firm.  

Past Cost Performance 
The average cost overrun of all contracts executed by a contractor 

firm.  

Prop. Same-Agency          

Contracts 

Cumulative proportion of contracts (by value) executed by a 

contractor firm for the focal agency awarding the contract. 

Prop. Fixed Price Contracts 
Cumulative proportion of fixed price contracts (by value) 

executed by a contractor firm in the past.  

Total Contract Value  
The cumulative value of federal R&D contracts executed by a 

contractor firm in the past.    

Distance from Threshold 

Represents additional employees or revenues that a small 

contractor firm needs to outgrow the size standard associated with 

its industry and is expressed as a percentage of the industry 

threshold. For each industry, there is a threshold (in terms of 

average annual revenues or number of employees) below which a 

contractor firm is classified as small.  

Industry Concentration 

The revenue share of top fifty firms in an industry. The measure is 

computed by the U.S. Census Bureau and is available every five 

years. To construct an annual measure, we assume the 

concentration stays the same until results from a fresh survey are 

available.  

Industry Code 
A dummy variable representing the five-digit NAICS industry 

code associated with a contractor firm. 
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Table 4.2. Pairwise Correlations and Descriptive Statistics 

  Variable Names 1 2 3 4 5 6 7 8 9 10 11 

1 Small Business  1           

2 Prop. Set-Aside Contracts  −0.08 1          

3 Women-owned Business −0.01 −0.07 1         

4 Minority-owned Business −0.02 0.01 0.15 1        

5 Past Schedule Performance 0.01 0.13 −0.02 −0.01 1       

6 Past Cost Performance 0.01 0.04 0.01 −0.01 0.43 1      

7 Prop. Same-Agency Contracts −0.01 0.42 −0.04 −0.01 0.09 0.04 1     

8 Prop. FP Contracts 0.02 0.44 −0.01 0.03 0.07 0.02 −0.04 1    

9 Total Contract Value (mil USD) −0.01 0.11 −0.04 −0.05 0.06 0.04 0.04 −0.01 1   

10 Distance from Threshold 0.23 −0.11 −0.02 0.02 −0.01 0.01 0.01 −0.04 0.06 1  

11 Industry Concentration 0.02 0.01 −0.05 −0.03 0.01 0.01 0.07 −0.04 −0.05 0.05 1 

  Mean 0.08 0.45 0.18 0.17 0.14 0.04 0.24 0.26 5.5 0.88 48 

 Standard Deviation 0.17 0.46 0.35 0.35 0.29 0.19 0.35 0.36 2.13 0.33 10 

 Minimum 0 0 0 0 −0.27 −0.50 0 0 0 1 4.4 

  Maximum 1 1 1 1 2.75 1.06 1 1 77.1 1.42 100 

Notes. Correlation values in bold are significant at the 0.05 level.  

 

4.4.4. Estimation Strategy 

This study examines the impact of the set-aside policy on the likelihood for a small contractor firm 

to outgrow the size standard. In addition, we examine the relationship between the ownership 

category of a small business and the likelihood to outgrow the size standard. We proceed by noting 

that our data is censored i.e., the observed values of the dependent variable, Small Business, is 

based on the latest interaction between a contractor firm and a federal agency. For example, 

consider the case when a small contractor firm received contracts from the federal government in 

May 2016, then in December 2017 and finally in March 2018. The latest interaction between this 

contractor firm and the federal government in March 2018 would show that the contractor firm is 

small (i.e., observed value of the dependent variable). However there exists a possibility for the 

contractor firm to grow out of the size standard after the observation period in our sample. In other 

words, the event of interest in our study (i.e., the instant at which a contractor firm grows out of the 

size standard) might occur after the observation period in our sample, resulting in differences 

between a contractor firm’s actual size status and its latest observed size status due to data 

censoring.  

Hazard models are commonly used in such scenarios where the interest is in examining the 

risk or the hazard of an event occurring at time t conditional on a set of explanatory variables. In 

our study context, hazard models estimate the hazard for a contractor firm to grow out of the size 
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standard by using the observed information about a contractor firm’s size status, conditional on 

different levels of the independent and control variables. Mathematically, hazard models are 

specified as follows:    

ℎ(𝑡, 𝑋) = ℎ0(𝑡) × 𝑒(∑ 𝛽𝑋) 

where h(t, X) is the hazard of a future event at time t conditional on a set of explanatory and control 

variables, X. In this study, h(t,X) captures the instantaneous likelihood for a contractor firm to grow 

out of the size standard at time t + ∆t, given that it has remained small until time t. h0(t) is the 

baseline hazard and represents the hazard function when all the independent and control variables 

are zero. The exponentiated coefficients, 𝑒𝛽𝑖, represent the hazard ratios where hazard ratios above 

1 indicate an increase in hazard i.e., higher likelihood of outgrowing small business size standard, 

and hazard ratios below 1 indicate a decrease in hazard i.e., lower likelihood of outgrowing small 

business size standard.  

Our estimation model examines the impact of time-varying independent variables (e.g., 

proportion set-aside contracts, past performance) on the hazard for a contractor firm to outgrow the 

size standard. In addition, we note that contractor firms enter our estimation sample at different 

points in time. Therefore, we follow guidance from the existing literature and use a special class of 

hazard models, accelerated failure time (AFT) models, that are more appropriate in settings where 

the hazard estimation model includes time-varying independent variables and where the subjects 

(i.e., contractor firms) enter the estimation sample at different points in time (Dhanorkar et al. 2018, 

Jourdan 2018, Kleinbaum and Klein 2012, Xue et al. 2011, Tellis et al. 2003). Specifically, AFT 

models are a class of parametric hazard models that require distributional assumptions for the 

baseline hazard function but do not require assumptions of proportional hazard,24 which makes 

these models more appropriate for studying the effect of independent variables as they evolve over 

time.  

  

4.5. Analysis and Results 

4.5.1. Main Analysis 

Table 4.3 presents the main analysis results for the main effects of proportion set-aside contracts, 

women-, and minority-owned business on the hazard to outgrow size standard. While column 1 

presents the estimation results from AFT model, column 2 presents the estimation results from a 

                                                           
24 The proportional hazard assumption requires that the hazard function for one contractor firm is proportional 

to the hazard function for any other contractor firm, where the proportionality constant is independent of time 

(Kleinbaum and Klein 2012). 
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probit model for comparison purpose (as our dependent variable is binary). Focusing on the main 

effect of proportion set-aside contracts, from column 1, we find that an increase in the Proportion 

of Set-Aside Contracts is associated with a reduced hazard for contractor firms to outgrow size 

standard (β=−0.953, p<0.01). As an AFT model is log linear, we find that a 0.1-unit25 increase in 

the Proportion of Set-Aside Contracts is associated with 9% reduction in the hazard to outgrow 

size standard (eβ-1=e(−0.953×0.1)-1=−0.09). This finding suggests that, at an aggregate level, the set-

aside policy has a negative effect on the hazard for a small business to outgrow size standard, 

supporting Hypothesis 1b. Focusing on the main effect of Women-owned Business in column 1, we 

find that the coefficient of Women-owned Business (β=−0.324, p<0.01) is negative and statistically 

significant. This result suggests that ceteris paribus, in comparison to businesses owned by men, 

those owned by women have 28% (eβ-1=e−0.324-1=−0.28) lower hazard to outgrow the size standard. 

Moving on the main effect of Minority-owned Business in column 1, we find that the coefficient of 

Minority-owned Business (β=−0.126, p<0.01) is negative and statistically significant. This result 

suggests that ceteris paribus, in comparison to businesses owned by non-minority individuals, those 

owned by minority individuals have 12% (eβ-1=e−0.126-1=−0.12) lower hazard to outgrow the size 

standard. Collectively, these results provide support to Hypothesis 2. These results obtained using 

the AFT model are qualitatively similar to those obtained using a probit model, presented in column 

2 of Table 4.3. Taken together, these results provide empirical evidence suggesting that the set-

aside policy may discincentivize the growth of small businesses that contract with the U.S. federal 

government. Furthermore, these results indicate that among small businesses contracting with the 

U.S. federal government, women (minority) owned small businesses have a lower hazard to 

outgrow the size standard in comparison to men (non-minority) owned small businesses.  

 We carry out additional econometric analyses to further explore the relationship between 

the set-aside policy and hazard to outgrow the size standard. We collect data on the performance 

of contracts executed by a contractor firm (specifically, schedule overrun and cost overrun) and 

regress Proportion Set-Aside Contracts on Schedule Overrun and Cost Overrun values. As shown 

in Table 4.4, from columns 3 and 4, we find that an increase in the Proportion of Set-Aside 

Contracts is associated with an increase in Schedule Overrun (β=0.033, p<0.01) and Cost Overrun 

(β=0.013, p<0.01) values of contracts executed by the contractor firm. Although preliminary, these 

results provide evidence suggesting that at an aggregate level, an increase in the Proportion of Set-

Aside Contracts may not help to improve the performance of contracts being executed by a 

                                                           
25 As Proportion of Set-Aside Contracts is measured as a decimal with values between 0 and 1, we use a 0.1-

unit increase (instead of 1-unit increase) to make the interpretation more meaningful.  
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contractor firm. Taken together, poorer contract performance, and a continued access to set-aside 

contracts may contribute to a contractor firm’s lower hazard to outgrow size standard. 

 

Table 4.3. Main Analysis Results: Effect of Proportion Set-Aside Contracts and  

Business Type 

 
Dependent Variable:  

Outgrow Size Standard 

 
Using AFT  

Model 

Using Probit 

Model 

 (1) (2) 

Main Effects   

Prop. Set-Aside Contracts −0.953 (0.090)*** −0.571 (0.044)*** 

Women-owned Business −0.324 (0.088)*** −0.116 (0.041)*** 

Minority-owned Business  −0.126 (0.111)*** −0.175 (0.041)** 

Control Variables   

Past Schedule Performance  0.542 (0.123)*** 0.073 (0.040)*** 

Past Cost Performance  −0.129 (0.106) 0.035 (0.061) 

Prop. Same-Agency Contracts  3.908 (0.870)*** 0.208 (0.045)*** 

Prop. FP Contracts  3.632 (0.801)*** 0.481 (0.039)*** 

Total Contract Value 0.001 (0.000)*** 0.001 (0.000)*** 

Distance from Threshold 0.870 (0.038)*** 0.686 (0.026)*** 

Industry Concentration −0.025 (0.013) 0.004 (0.005) 

Headquarter Region FE Yes          Yes 

Industry FE Yes         Yes 

Year and Month FE Yes         Yes 

Contractor Firm FE Yes         Yes 

Constant −20.905 (1.504)*** −1.469 (0.278)*** 

Log Pseudolikelihood −3611.85    −5748.04 

N 53842        52149 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity robust standard errors 

clustered by contractor firm in parentheses. Number of observations using the 

probit model is less than those using a parametric hazard model because probit 

models exclude observations that predict the outcome perfectly. 

 

  



  

87 

Table 4.4. Relationship between Proportion Set-Aside Contracts and Contract Performance 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity robust standard 

errors clustered by contractor firm in parentheses. 

 

4.5.2. Robustness Checks: Estimation with Alternative Model Specifications 

We examined a number of alternative model specifications to test the robustness of our main 

results. The robustness checks are presented in Table 4.5 and are discussed below. 

Using a Count Measure for Calculating the Proportion of Set-Aside Contracts. In the 

main analysis, we measured Proportion Set-Aside Contracts as the ratio between the total value of 

set-aside contracts and the total value of all contracts executed by a contractor firm. To check for 

the sensitivity of our results to this measurement of Proportion Set-Aside Contracts, we compute 

the ratio between the total count of set-aside contracts and the total count of all contracts executed 

by a contractor firm and use this value as an alternative measure for Proportion Set-Aside Contracts. 

Our results using this alternative measure (column 5 of Table 4.5) remain consistent with the main 

analysis results.   

 Using an Exponential Distribution Function for Estimating Baseline Hazard. As noted 

earlier, the estimation of parametric hazard models involves specifying the distribution of the 

 

Dependent 

Variable:  

Schedule Overrun 

Dependent 

Variable:  

Cost Overrun 

 (3) (4) 

Main Effects   

Prop. Set-Aside Contracts 0.033 (0.009)*** 0.013 (0.004)*** 

Women-owned Business −0.001 (0.015)  −0.010 (0.007) 

Minority-owned Business −0.009 (0.015) −0.011 (0.007) 

Control Variables   

Past Schedule Performance  −0.343 (0.016)***  −0.003 (0.006) 

Past Cost Performance   0.110 (0.025)*** −0.143 (0.016)*** 

Prop. Same-Agency Contracts  0.005 (0.007) −0.002 (0.003) 

Prop. FP Contracts  0.024 (0.008)*** 0.004 (0.003) 

Total Contract Value −0.001 (0.001) −0.001 (0.001) 

Distance from Threshold 0.014 (0.007)** 0.001 (0.003) 

Industry Concentration −0.006 (0.001)*** −0.002 (0.001)*** 

Headquarter Region FE Yes Yes 

Industry FE Yes Yes 

Year and Month FE Yes Yes 

Contractor Firm FE Yes Yes 

Constant 0.608 (0.026)*** 0.119 (0.011)*** 

N 53842 53842 
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baseline hazard (Kleinbaum and Klein 2012). Typically, a distribution function with the lowest 

Akaike information criterion (AIC) is chosen for estimating the baseline hazard, and in our case, 

the weibull distribution function has the lowest AIC, so the main analysis results are based on the 

Weibull distribution function. However, it is possible that the results are sensitive to the specific 

distribution function that is chosen and we find that our estimation results remain qualitatively 

similar (column 6 of Table 4.5) if we use an exponential distribution function to estimate the 

baseline hazard.  

Using a Matched Sample of Contracts. Finally, we conduct analysis using a matched 

sample of contracts. Matching relies upon ‘selection on observables’ assumption such that, after 

matching observations in the treatment group (i.e., contractor firms with higher proportion of set-

aside contracts) with those in the control group (i.e., contractor firms with lower proportion of set-

aside contracts) based on observable characteristics, the latter would serve as a valid counterfactual 

for the treatment group. We use the median value of Proportion Set-Aside Contracts (0.38) to 

determine the treatment (high proportion of set-aside contracts) and control (low proportion of set-

aside contracts) groups in our estimation sample.  

We first use propensity score matching (PSM) for generating a matched sample of contracts 

(Wooldridge 2010). Specifically, we employ a probit model and the following matching variables: 

(a) 5-digit NAICS industry code of the contractor firm, (b) contractor firm’s headquarter location 

(i.e., whether located in Northeast, Midwest, South, West or outside mainland U.S.), (c) initial 

number of employees, (d) whether service disabled veteran-owned small business or not, (e) 

whether a contractor firm is located in historically underutilized business zone or not, and (f) 

distance of the contractor firm from the outgrowth threshold, to predict the conditional probability 

of whether a contractor firm has been awarded a high or low proportion of set-aside contracts. Next, 

we employ nearest neighbor matching with replacement 26  to generate a matched sample by 

identifying an observation in the control group that has the most similar conditional probability 

value to an observation in the treatment group. This results in a sample comprising 26,921 

observations in the treatment group and 25,247 matched observations in the control group, with 

one observation in the control group serving as a potential match for more than one observation in 

the treatment group. To determine the effectiveness of this procedure, we (i) visually inspect the 

imbalance in matching variables (Figure A4.1 in appendix), and (ii) compare the mean values of 

                                                           
26 Because the number of observations in the control group i.e., low proportion of set-aside contracts (25,247) 

is less than the number of contracts in the treatment group i.e., high proportion of set-aside contracts (26,921), 

we use matching with replacement (Smith and Todd 2005) to construct the matched sample. Our results 

remain qualitatively consistent when we use matching without replacement.  
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matching variables (Table A4.1 in appendix) across the treatment and control groups, before and 

after matching. Results from visual inspection and mean comparison tests indicate that the matched 

contracts in the control group serve as a valid counterfactual for the contracts in the treatment group. 

We use this matched sample to re-estimate the main model (column 7 of Table 4.5); and find that 

our results are qualitatively consistent.  

While PSM has been used widely to reduce imbalance between treatment and control groups, one 

key drawback of this technique is that the adjustment of imbalance on one characteristic might 

impact the imbalance associated with another characteristic, raising concerns about sub-optimal 

balance in the matched sample. We therefore employ coarsened exact matching (CEM) as an 

alternative technique (Iacus et al. 2012) and create a matched sample by exactly matching a set-

aside contract with a non-set-aside contract using the same set of matching variables. This 

technique results in a matched sample comprising 26,798 observations in the treatment group and 

25,289 matched observations in the control group. To determine the effectiveness of CEM, we 

compute the multivariate imbalance measure, ʆ1 statistic, for comparing the unmatched and 

matched sample. The ʆ1 statistic is a measure of imbalance between the treatment and control 

groups with values ranging between 0 and 1, wherein higher values indicate greater levels of 

imbalance and vice versa (Iacus et al. 2012). We find that the ʆ1 statistic decreases from 0.50 in 

the unmatched sample to 0.30 in the matched sample, highlighting the reduction in the imbalance 

across the treatment and control group of observations in the matched sample. We use this 

matched sample for re-estimating the main model (column 8 of Table 4.5) and find the results 

relating to the main effects of Proportion Set-Aside Contracts, Women-owned Business and 

Minority-Owned Business to be consistent with the main results.  

 

4.5.3. Addressing Unobserved Heterogeneity 

Given the significant main effects associated with proportion set-aside contracts, we explored the 

possibility that these effects may be influenced by unobserved variables in our analysis, resulting 

in endogeneity concerns. Specifically, we use a two-stage instrument variable (IV) approach to 

address endogeneity concerns associated with unobserved heterogeneity. In the first stage, we run 

a regression model to predict proportion set-aside contracts using a set of IVs and control variables. 

We define the IVs below along with the conceptual justification for their validity:  

Same-Industry Set-Aside Contracts. This variable represents the cumulative proportion of set-

aside contracts awarded by the federal government to other contractor firms in the same industry 

as the focal contractor firm. That is, Same-Industry Set-Aside Contracts is representative of the 

opportunities provided by the federal government to all contractor firms in an industry for receiving 
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set-aside contracts and executing set-aside contracts. However, as this variable measures the value 

of set-aside contracts awarded to contractor firms in an industry other than the focal contractor 

firm, we do not expect it to impact the focal contractor firm’s hazard to outgrow its small business 

size standard directly.   

 

Table 4.5. Robustness Checks: Alternative Model Specifications 

 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity robust standard errors clustered by contractor firm in parentheses. 

 

Same-Headquarter (HQ) Region Set-Aside Contracts. This variable represents the cumulative 

proportion of set-aside contracts awarded by the federal government to other contractor firms with 

headquarters in the same geographical region as the focal contractor firm. That is, Same-

Headquarter Region Set-Aside Contracts is representative of the opportunities provided by the 

federal government to all contractor firms in a geographical region for receiving set-aside contracts 

and executing set-aside contracts. However, as this variable measures the value of set-aside 

contracts awarded to contractor firms in a geographical region other than the focal contractor firm, 

 Dependent Variable: Outgrow Size Standard 

 

Using Count of 

Set-Aside 

Contracts 

Using Exponential 

Dist. For Baseline 

Hazard 

Matched Sample 

Using PSM 

Matched Sample 

CEM 

 (5) (6) (7) (8) 

Main Effects     

Prop. Set-Aside Contracts −0.868 (0.089)*** −0.661 (0.093)*** −0.929 (0.090)*** −1.027 (0.092)*** 

Women-owned Business −0.261 (0.013)***  −0.268 (0.084)***  −0.253 (0.088)***  −0.260 (0.091)***  

Minority-owned Business −0.391 (0.088)*** −0.384 (0.086)*** −0.385 (0.090)*** −0.423 (0.099)*** 

Control Variables     

Past Schedule Performance  0.198 (0.067)*** 0.311 (0.061)*** 0.196 (0.068)*** 0.192 (0.073)*** 

Past Cost Performance   −0.043 (0.102)  −0.122 (0.100)  −0.027 (0.102)  −0.016 (0.110) 

Prop. Same-Agency Contracts  0.928 (0.103)*** 1.814 (0.096)*** 0.968 (0.103)*** 1.086 (0.103)*** 

Prop. FP Contracts  0.879 (0.076)*** 1.313 (0.079)*** 0.885 (0.079)*** 0.939 (0.082)*** 

Total Contract Value −0.001 (0.000)*** −0.001 (0.000)*** −0.001 (0.000)*** −0.001 (0.000)*** 

Distance from Threshold 1.089 (0.038)*** 1.039 (0.036)*** 1.111 (0.038)*** 1.228 (0.044)*** 

Industry Concentration 0.006 (0.009) −0.003 (0.009) 0.005 (0.009) 0.008 (0.009) 

Headquarter Region FE Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes 

Year and Month FE Yes Yes Yes Yes 

Contractor Firm FE Yes Yes Yes Yes 

Constant −18.753 (1.320)*** −4.536 (0.533) −18.245 (1.363)*** −19.005 (1.643)*** 

Log Pseudolikelihood −3625.16 −4717.38 −3501.10 −3144.71 

N 53842 53842 52168 51702 
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we do not expect it to impact the focal contractor firm’s hazard of outgrowing its small business 

size standard directly. 

In addition to conceptual justification, we perform statistical tests to check for the validity of 

chosen instruments. The Lagrange Multiplier test for under-identification is significant 

(Kleibergen-Paap rk statistic=72.68, p<0.01), indicating that the excluded instruments are 

correlated with the endogenous variable. Furthermore, an F-test of joint significance on the 

coefficients of the instruments in first-stage regression models is significantly higher than the cut-

off value of 10 (F-statistic=86.65, p<0.01), suggesting that the chosen instruments are relevant. We 

also carry out the overidentification test to check for instrument exogeneity. These 

overidentification test demonstrate statistical insignificance (Hansen J-statistic=0.21, p=0.65), 

indicating the presence of at least one instrument that satisfies the exogeneity assumption. Table 

A4.1 in the online appendix provides results for the first stage model predicting proportion set-

aside contracts.  As we use a non-linear hazard model for estimating the hazard for a contractor 

firm Outgrow Small Business Size Standard, the two-stage residual inclusion (2SRI) approach is 

preferred over the two-stage predictor substitution (2SPS) approach because it produces more 

consistent estimators (Terza et al. 2008). This approach involves generating the predicted residuals 

from the first-stage model and including them as additional explanatory variables in the second-

stage model examining the moderating effect of proportion set-aside contracts on the hazard for a 

contractor firm to outgrow the small business size standard. From columns 9 of Table 4.6, we note 

that the coefficient of Proportion Set-Aside Contracts (β=−0.878, p<0.01), Women-owned Business 

(β=−0.217, p<0.05) and Minority-owned Business (β=−0.560, p<0.05) are consistent with the main 

analysis results, indicating that endogeneity is less likely to be a concern in our analysis. For 

comparison purpose, we also present the second stage results using a probit model in column 10 of 

Table 4.6 and find the results to be consistent. 
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Table 4.6. Results from Two-Stage Residual Inclusion (2-SRI) Approach 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity robust standard errors clustered 

by contractor firm in parentheses. Number of observations using the probit model is less 

than those using AFT model because probit models exclude observations that predict the 

outcome perfectly. Both models include residuals obtained from the first stage. 

 

4.6. Discussion 

4.6.1. Contributions and Implications for Practice 

In this study, we focus on the U.S. federal government’s set-aside policy which mandates that at 

least 23% of federal contracting dollars be awarded exclusively to small businesses each year. By 

excluding large businesses from competing for set-aside contracts, this policy provides a level-

playing field for small businesses to win and execute federal contracts. On the one hand, increased 

participation in the set-aside policy by executing set-aside contracts may enable small business 

growth and help small businesses to outgrow the size standard. On the other hand, the set-aside 

policy may disincentivize small businesses to outgrow the size standard because businesses that 

outgrow the size standard become ineligible to receive set-aside contracts. To resolve this tension, 

in this study, we examine whether the set-aside policy, and heterogeneity across small businesses 

 
Dependent Variable:  

Outgrow Size Standard 

 
Using AFT 

Model 

Using Probit 

Model 

 (9) (10) 

Main Effects   

Prop. Set-Aside Contracts −0.878 (0.089)*** −0.539 (0.043)*** 

Women-owned Business −0.217 (0.087)** −0.097 (0.042)*** 

Minority-owned Business  −0.560 (0.097)*** −0.268 (0.046)** 

Control Variables   

Past Schedule Performance  −0.007 (0.071) −0.033 (0.043) 

Past Cost Performance  0.035 (0.101) 0.068 (0.061) 

Prop. Same-Agency Contracts  −0.892 (0.337)*** −0.739 (0.156)** 

Prop. FP Contracts  −0.759 (0.301)*** −0.390 (0.143)*** 

Total Contract Value 0.001 (0.002) 0.001 (0.000)*** 

Distance from Threshold 1.215 (0.045)*** 0.757 (0.029)*** 

Industry Concentration 0.023 (0.009) 0.012 (0.005)** 

Headquarter Region FE Yes          Yes 

Industry FE Yes         Yes 

Year and Month FE Yes         Yes 

Contractor Firm FE Yes          Yes 

Constant −18.812 (1.319)*** −1.555 (0.282)*** 

Log Pseudolikelihood −3594.44    −5748.04 

N 53842        52149 
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(women-owned, minority-owned and other small businesses) impact the likelihood for a small 

business to outgrow the size standard.  

Using information on 18,564 federal contractor firms that have executed 53,842 contracts 

between 2007 and 2019, we find that an increase in the proportion of set-aside contracts is 

associated with lower likelihood for small businesses to outgrow the size standard. Regarding 

heterogeneity across small businesses, we find that women-owned (minority-owned) small 

businesses contracting with the federal government are less likely to outgrow the size standard in 

comparison to men-owned (non-minority-owned) small businesses. Together, these findings make 

the following theoretical and practical contributions towards improving the management of small 

business preference programs in public procurement.  

First, our study contributes to the management literature on small business growth by 

examining whether the set-aside policy, a legislative provision for increasing the representation of 

small businesses in federal procurement, disincentivizes small businesses to outgrow the size 

standard. While prior research  has identified several drivers of small business growth (for e.g., 

Bird and Zellweger 2018, Canales 2016, Street and Meister 2004), our study contributes to this 

research stream by examining the impact of set-aside policy on small business growth. As noted 

earlier, while the set-aside policy enables the increased participation of small businesses in the 

federal procurement process, the policy was not intended to serve as a permanent support system 

for small businesses. Our results show that the set-aside policy may disincentivize small businesses 

from outgrowing the size standard—that is, small businesses contracting with the federal 

government exhibit the “Peter Pan Syndrome” (Sudhir and Talukdar 2015). In this study context, 

the “Peter Pan Syndrome” represents a tendency for contractor firms to remain small so that they 

are eligible to receive contracts through the set-aside policy, which represents at least 23% of the 

federal government’s $500 billion annual procurement budget. From a policy standpoint, this 

finding echoes increasing calls to identify ways in which the federal government can better support 

its contractor firms that have recently outgrown the size standard (GAO 2019, Hunter et al. 2019, 

Gansler et al. 2015).  

Second, our study is an important step towards highlighting the challenges that are 

associated with managing relationships between government agencies and contractor firms (Rathje 

and Katila 2021, Bruce et al. 2019, Mishra et al. 2016). Public procurement helps government 

agencies to deliver important policy mandates and it is also a channel through which the 

government creates additional opportunities for certain business types in an economy. Small 

business preference programs, which are designed to promote the participation of small businesses 

in the public procurement process, represent one such policy initiative and our study focuses on the 
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U.S. federal government’s set-aside policy. Prior studies evaluating the impact of such policy 

initiatives have highlighted the welfare implications of these policy initiatives, including the 

creation of new businesses (Chatterji et al. 2013) and increased participation of underrepresented 

businesses in public procurement (Athey et al. 2013, Nakabayashi 2013). However, these studies 

do not shed light on the long-term, firm-level implications of such policy initiatives. Although prior 

research has highlighted the benefits of the set-aside policy, our results contribute to these studies 

by highlighting that the policy may foster increased dependency on such initiatives that are directed 

towards supporting small businesses.  

The final contribution of our study is in empirically demonstrating that heterogeneity 

across small businesses, specifically small business ownership category, represents an important 

factor influencing the likelihood for small businesses to outgrow the size standard. Specifically, we 

find that among small businesses contracting with the federal government, women-owned 

(minority-owned) small businesses are less likely to outgrow the size standard in comparison to 

men-owned (non-minority-owned) small businesses. A potential implication of this finding could 

be that the challenges faced by WOSBs and MOSBs in carrying out their business activities 

(Lashley and Pollock 2020, Asiedu et al. 2012, Blanchflower et al. 2003) may disincentivize these 

businesses more from outgrowing the size standard, in comparison to small businesses owned by 

men and non-minority individuals. While there has been increasing calls for supporting small 

businesses that have recently outgrown the size standard (GAO 2019, Hunter et al. 2018, Gansler 

et al. 2015), it is likely that such efforts may be particularly beneficial for WOSBs and MOSBs as 

these business types demonstrate a lower likelihood to outgrow the size standard.  

As noted earlier, there has been an increasing debate in political and media circles about 

the effectiveness of the set-aside policy, with a particular focus on whether this policy discourages 

the growth of small contractor firms beyond a certain limit. To that end, our study identifies two 

factors, namely, the set-aside policy and small business ownership category that may disincentivize 

small business growth. Together, the study findings offer nuanced insights regarding the long-term 

implications of the set-aside policy for federal contractor firms.  

 

4.6.2. Limitations and Directions for Future Research 

This study has limitations that can serve as avenues for future research. First, the study examines 

the relationship between the set-aside policy and the likelihood for small businesses to outgrow the 

size standard. It does not provide insights on what happens to contractor firms after they outgrow 

the size standard. To that end, future research can examine different performance dimensions of 

contractor firms that outgrow the size standard—for example, value of open competition federal 
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contracts won, likelihood to become a small business again etc. Second, this study focuses on two 

small business ownership categories, namely, women-owned and minority-owned small 

businesses. Future research can examine if other small business types (e.g., small businesses owned 

by service-disabled veterans) also exhibit a tendency to remain small as these small business types 

receive preferential treatment from the federal government as a part of the set-aside policy. Finally, 

the study provides empirical evidence suggesting that the set-aside policy may reduce incentives 

for small businesses to outgrow the size standard. It does not offer insights on how federal agencies 

can enable small businesses to grow beyond the size standard. To that end, future research can 

identify mechanisms that can help small businesses to not only outgrow the size standard, but also 

successfully thrive in the absence of set-aside policy.  

 Notwithstanding these limitations, this study offers nuanced insights on the impact of the 

set-aside policy on small business growth. In doing so, the study circles back to the bipartisan 

Congressional scrutiny and increasing debate in political and media circles on the effectiveness of 

the set-aside policy in helping small businesses to grow. 
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Chapter 5 . Conclusion 

 

5.1. Key Theoretical Contributions 

As noted earlier, the U.S. federal government spends nearly $75 billion annually towards the 

execution of technology programs and awards $150 billion annually as R&D contracts. Despite 

this significant investment of taxpayer contributions in the execution of government technology 

programs and R&D contracts, the challenges associated with their effective management has 

received little attention in the extant OM literature. Beyond providing essential goods and services 

to the public, investments in these programs and contracts enable government agencies to 

accomplish important policy objectives. In addition, the execution of these programs and contracts 

requires government agencies to align their activities with the needs of multiple stakeholders (e.g., 

contractor firms, policymakers, citizens), while utilizing taxpayer contributions efficiently. This 

dissertation not only highlights such challenges (e.g., adherence to regulatory mandates, 

minimizing schedule and cost overrun) associated with the effective management of government 

technology programs and R&D contracts, but also proposes mechanisms to improve their 

performance. Below, I discuss the key theoretical contributions of this dissertation:  

(a) In Chapter 2, I uncover the drivers of the number of baseline changes in the execution of federal 

technology programs. While prior studies have used end-of-process metrics (e.g., schedule 

overrun, cost overrun) for evaluating the performance of government technology initiatives, 

this study highlights the role of number of baseline changes as a valuable in-process metric for 

monitoring the execution of technology programs and identifying programs with greater 

potential for experiencing cost overrun.  

(b) In Chapter 3, I examine performance differences between federal R&D contracts that are 

awarded through open competition vs. through set-aside policy, a small business preference 

program. Although prior research has evaluated the welfare implications of such policy 

initiatives (e.g., creation of new firms, increased participation of small businesses in public 

procurement), this study examines the impact of this policy on contract performance and 

identifies two characteristics in the contracting environment (namely, the nature of contractor 

firm experience and the timing of awarding an R&D contract) for managing the performance 

of set-aside R&D contracts. 

(c) In Chapter 4, I evaluate the firm-level implications of the set-aside policy and provide empirical 

evidence suggesting that the set-aside policy may increase incentives for small businesses to 

remain small. Furthermore, the study finds that such tendencies to remain small is higher for 

small businesses owned by women (minority) in comparison to small businesses owned by 
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men (non-minority). Together, these findings suggest that remaining eligible for set-aside 

contracts may be a potential driver for federal contractor firms to avoid growth and remain 

small.   

 

5.2. Key Policy Implications  

Beyond theoretical contributions, findings from this dissertation have actionable implications for 

the program and contract management practices of government agencies, particularly for the U.S. 

federal government. A summary of the key policy implications from this dissertation is outlined 

below:   

(a) The findings from Chapter 2 emphasize the need for federal agencies to invest greater efforts 

in granularizing a program and in identifying managers with increasing levels of program 

management competency when program scope is high, as such efforts can translate into a 

reduction in the number of baseline changes. The findings also highlight significant savings in 

taxpayer contributions that can occur by reducing baseline changes in programs of greater 

scope through an increase in the levels of program granularity and program management 

competency. 

(b) A key finding from Chapter 3 is that ceteris paribus, set-aside R&D contracts perform better 

than open competition R&D contracts. This finding highlights that policy initiatives aimed at 

supporting small businesses in public procurement may not necessarily compromise the 

performance of contracts that are awarded preferentially to small businesses. That is, we 

provide empirical evidence that has the potential to help federal agencies to increase the 

representation of small businesses in executing federal R&D contracts, while ensuring 

improved contract performance.  

(c) Given the differential effects of a contractor firm’s same-agency experience and different-

agency experience in Chapter 3, an actionable recommendation for the federal government is 

to track these underlying dimensions of contractor firm experience in identifying a highly 

qualified contractor firm for executing set-aside R&D contracts. Furthermore, the finding about 

the role of the timing of awarding a set-aside R&D contract emphasizes the need for directing 

greater attention into the contract award process (e.g., evaluations of offers, clarifications on 

contract requirements etc.) for set-aside R&D contracts that are being awarded later in a fiscal 

year. 

(d) The findings from Chapter 4 provide empirical evidence suggesting that the binary size 

standard (i.e., small or large) for determining whether a contractor firm is eligible to receive 

set-aside contracts may disincentivize small business growth. This finding echoes increasing 
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calls for federal government to better support businesses that have recently outgrown the size 

standard. Such efforts may be particularly useful for women-, and minority-owned small 

businesses as they are less likely to outgrow the size standard in comparison to men-, and non-

minority-owned small businesses.  

 

In sum, this dissertation is a systematic attempt to provide theoretically grounded, empirical 

insights into the execution of government technology programs and the challenges associated with 

implementing small business preferences programs in public procurement. I expect the findings 

from this dissertation to help different stakeholders (e.g., federal program managers, contracting 

officers, small businesses) in improving the performance of government technology programs, and 

R&D contracts awarded to small businesses.  

In closing, I briefly discuss avenues for expanding the scope of this dissertation. First, while 

the empirical setting of this dissertation is the U.S. federal government and its contractor firms, 

future research can explore program management and small business contracting practices at the 

state and city government levels (for e.g., see Pang et al. 2014, Chatterji et al. 2013) and in 

geographical regions other than the U.S (for e.g., see Coviello et al. 2018). Second, the dissertation 

takes a homogenous view of federal agencies and the findings are applicable for the federal 

government at an aggregate level. Future research can focus on differences across federal agencies 

and study whether and to what extent the findings from this dissertation help individual federal 

agencies to accomplish their unique goals. Finally, the FFATA has made it possible to publicly 

access granular execution-level data on the characteristics and performance of U.S. federal 

government projects and contracts. Future research can combine temporal government contracting 

big data with machine learning techniques to develop predictive analytic models that can 

proactively identify performance issues in the execution of government contracts.  

Taken together, this dissertation provides a foundation for OM scholars to extend theoretically 

grounded, empirical research into the domain of public sector organizations and public-private 

partnerships. Given the critical role played by the public sector in delivering essential goods and 

services to the public, and the paucity of OM research in this domain, I believe this dissertation 

will motivate academic scholars and policymakers to advance this line of inquiry at the intersection 

of OM and public policy.   
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Appendix 
Representative Example of a Federal Technology Program from the Study Sample 

 

Program Name: Internal Revenue Service’s Modernized e-File Program   

The Modernized e-File program is a web-based system which allows corporate organizations and 

individuals to file their tax returns electronically with the Internal Revenue Service (IRS). This 

system hosts several corporate (e.g., Form 1120 series) and individual forms (e.g., Form 1040 

series) on the web and reduces the burden for taxpayers while filing taxes.  

 

Figure A2.1. Illustration of the Modernized e-File Program in terms of Projects and 

Activities 
 

 

 

Table A2.1. Description of the Projects and Activities in the Modernized e-File Program 

Project Title and Description Activity Title and Description Nature of Activity 

XML Enhancements Release 

The XML (Extensible Markup 

Language) Enhancements Release 

coordinates the migration and 

implementation of MeF element 

names from non-standard XML to 

XML standard compliancy. 

Drop 1 and Drop 2 

This activity involves the design of 

a technological solution to perform 

XML enhancements for the tax 

filing season of 2014. 

Key Deliverable 

Drop 3 

This activity involves the 

development, testing, integration 

and deployment of XML 

enhancements for the tax filing 

season of 2014. 

Production 

Release 

Filing Season 2015 Drop 

This activity involves the 

development, testing, integration 

and deployment of XML 

enhancements for the tax filing 

season of 2015. 

Production 

Release 

Modernized eFile, Release 9.5 

The primary objective of this 

project is to develop a technological 

solution that implements form 

changes for the tax filing season of 

2015. These changes are needed 

because of the Foreign Account Tax 

Compliance Act (FATCA). 

Release 9.5 MS3/4A  

This activity involves designing the 

solution to deliver form changes for 

the tax filing season of 2015. 

System Design 

and Development 

Release 9.5 MS4B 

This activity focuses on the 

deployment of form changes for the 

tax filing season of 2015. 

Production 

Release 
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Table A2.2. Proposing and Approving Baseline Changes in Federal Technology Programs27 

 

 Step 1: Identify the Need for a Baseline Change 

The first step is to identify whether there is a need to change a program’s current baseline. 

This step is carried out jointly by the contractor(s) associated with the program and the 

agency Program Management Office (PMO). A comparison of the program’s existing budget 

and duration with the remaining work to be completed in the program (i.e., program scope) 

helps in identifying the need for a baseline change (Small Business Administration 2011). 

Particularly, if a program’s existing budget and duration is inadequate to complete the 

remaining work in the program,28 its baseline may be modified, subject to approval from the 

agency PMO and Chief Information Officer (CIO).  
 

 Step 2: Raise Baseline Change Request with Agency PMO  

Next, the contractor(s) associated with the program raises a Baseline Change Request (BCR) 

with the agency PMO. This request contains details about the program’s new baseline (i.e., 

the program’s new budget, schedule and scope estimates), the reasons for requesting a new 

baseline and a detailed comparison of the program’s existing baseline with the new baseline.  
 

 Step 3: Validation and Acceptance (or Rejection) of a New Baseline  

The agency PMO validates the rationale for a baseline change request and evaluates the 

resource requirements and risks associated with the new baseline requested by the 

contractor(s). Specifically, the agency PMO examines whether (i) the request for a new 

baseline is justified, and (ii) new resource requirements (e.g., modified schedule and budget 

estimates, technological infrastructure, personnel requirements) are available and adequate 

to complete the remaining work in the program.  
 

 Step 4: Approval of New Baseline 

Subsequently, following approval of the baseline change request by the agency PMO, the 

assessment findings are presented to agency CIO for final approval.  
 

 

 

 

 
 

  

                                                           
27 Specific agencies may follow slight variations of the above steps associated with the rebaselining process. 
28 Note that a new baseline is not requested to cover small cost and/or schedule slippages and to accommodate 

for minor modifications in a program’s scope. For example, the Department of Justice does not permit a 

baseline change request to be raised unless the cost and/or schedule slippage for the program exceeds the 

tolerant range of ±10%.   
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Table A2.3. Baseline Changes in Federal Technology Programs from Study Sample 
 

Program Description Examples of Baseline Changes 

 

The Commerce Business System is a web-

based portal that serves as the central point 

of access for the Department of 

Commerce's business applications and 

financial reporting requirements. 

This program experienced two baseline changes during its execution: 

(i) There were modifications in the requirements and design and 

development activities of two projects in the program, namely, System 

for Contract Award Management and Upgradation of System 

Middleware. Consequently, the program’s original budget and schedule 

were revised to account for these changes. 

 

(ii) Two new projects were added to the program, namely, Automated 

Standard Application for Payments and Grant Transfer Application 

System. The baseline was changed to reflect the revised budget and 

schedule associated with the addition of two new projects to the program. 

The Executive Information and Decision 

Support (EIDS) system consists of a 

database and several decision support tools 

to manage military health care operations in 

the Department of Defense. 

This program experienced one baseline change to account for system 

deployment issues associated with the accounting module of EIDS. These 

deployment issues consisted of unanticipated coding errors and software 

failures which, in turn, was an outcome of inadequate system testing 

before deployment.  

 

Table A2.4. Measurement of Program Management Competency in Federal IT Dashboard 
 

Rating† Description 

1 
FAC-P/PM senior-level or DAWIA level 3 certification with at least 4 years of project management experience 

(within last ten years) and at least 1 year of experience in federal technology programs  

2 
FAC-P/PM mid-level or DAWIA level 2 certification with at least 2 years of project management experience 

(within last five years) 

3 
FAC-P/PM entry-level or DAWIA level 1 certification with at least 1 year of project management experience 

(within last five years)  

4 Other certification with 4 or more years of project management experience (within last five years)  

5 Other certification with between 2 and 4 years of project management experience (within last five years)  

6 Other certification with less than two years of project management experience (within last five years)  

7 No certification, but with 4 or more years of project management experience (within last five years)  

8 No certification, but with between 2 and 4 years of project management experience (within last five years)  

9 No certification, but with less than two years of project management experience (within last five years)  
 

Notes: The federal government has established the Federal Acquisition Certification for Program and Project 

Managers (or FAC-P/PM) to track the necessary competencies required by managers to handle projects for 

its civilian agencies. Similarly, the Defense Acquisition Workforce Improvement Act (DAWIA) requires 

managers working for the defense agencies to have a similar certification that focuses on program 

management competency. 

† For the ease of interpretation, we reverse coded the program management competency levels. 
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Table A2.5. Pairwise Correlations and Descriptive Statistics 

Note: Correlation values greater than |0.12| are significant at 0.05 level  

 Variable Names 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1 Number of Baseline Changes 1 

2 Program Scope .18 1 

3 Program Granularity .16 .46 1 

4 Program Mgmt. Competency .08 .05 .07 1 

5 Execution Methodology: Agile .13 .07 .02 .11 1 

6 Execution Methodology: Hybrid -.14 -.03 .06 -.03 -.32 1 

7 Program Duration .10 .22 .30 .13 -.02 .01 1 

8 Program Budget -.02 .05 .11 .14 -.03 .11 .40 1 

9 Program DME Percentage  .02 -.04 .11 .11 .03 -.04 .12 .22 1 

10 Program Type: Major -.05 -.01 .02 .14 .04 -.03 -.04 .02 .12 1 

11 Legislative Mandate .11 .16 .16 .03 .17 -.12 -.03 .01 .01 .13 1 

12 Audit Finding .10 .03 .04 .01 .01 -.07 -.03 -.05 .14 -.03 .12 1 

13 Agency Plan .10 -.01 -.05 .14 .03 -.02 .03 .09 .21 .11 -.04 .08 1 

14 Presidential Priority .04 .06 .01 .00 .22 -.07 .00 -.04 -.00 .05 .21 .10 .03 1 

15 Number of Contracts .03 .16 .03 .09 .04 -.10 .10 .12 .15 .21 .14 .18 .11 -.01 1 

16 Number of Contractors -.06 .12 -.01 .09 -.04 -.06 .02 .07 .05 .15 .10 .04 .13 -.10 .42 1 

17 Modular Contracting -.03 -.09 .08 .13 .04 -.07 .03 -.04 .20 .28 .11 .03 .01 .08 -.01 .08 1 

18 Percent Fixed Price Contracts .09 .10 -.01 .11 .05 -.03 -.02 -.12 -.06 -.05 -.05 .10 .06 .08 .14 -.02 .08 1 

19 Average Contractor Experience -.06 -.07 -.06 -.05 -.13 -.06 .01 .02 .08 .04 .04 -.01 .13 .04 .04 .04 -.04 -.15 1 

 Mean 3.14 3.04 15.47 7.00 0.25 0.24 3.07 62.64 0.50 0.41 0.53 0.23 0.74 0.21 6.28 1.1 0.37 0.51 15.6 

 Standard Deviation 3.47 3.52 23.13 2.33 0.43 0.43 3.14 224 0.31 0.49 0.50 0.42 0.44 0.41 10.92 0.63 0.44 0.35 28.9 

 Minimum 0 1 0 1 0 0 0.17 0.02 0 0 0 0 0 0 0 0 0 0 0 

 Maximum 27 29 191 9 1 1 23.01 2587 1 1 1 1 1 1 4 9 1 1 252 

 Number of Observations 240 240 240 240 240 240 240 240 240 240 240 240 240 240 240 240 240 240 240 



  

108 

Table A2.6. First Stage Results Predicting Program Granularity and 

Program Management Competency 

*** p<0.01, ** p<0.05, * p<0.1; two–tailed tests used to report statistical significance levels. 

Robust standard errors clustered by agency and program start year dummies in parentheses. 
 

Using Gaussian Copula Approach to Correct for Potential Endogeneity of Program 

Granularity and Program Management Competency 

 

In addition, as an alternative way to account for endogeneity of Program Granularity and Program 

Management Competency, we use the Gaussian copula approach suggested by Park and Gupta 

(2012) and widely adopted in prior research (e.g., Atefi et al. 2018). The copula approach differs 

from traditional instrumental variable approach to correct for endogeneity in that it does not require 

the use of instrumental variables to partial out the exogenous component of the endogenous 

variable. Instead, the approach models the joint distribution of the endogenous variable and the 

error term in the main model through a control function term. The potentially endogenous regressor 

is represented as a random variable consisting of an exogenous component which is non-normally 

distributed and an endogenous component that is normally distributed. With a normally distributed 

error term, a central identification requirement is that the endogenous regressor is non-normally 

distributed. This will allow the variation in the endogenous regressor to be separated from the 

variation in the error term.  

 (1) (2) 

 Dependent Variable: 

Program Granularity 

Dependent Variable: Program 

Management Competency 

Instrumental Variables   

Prior-year Program Granularity 0.026 (0.008)***  

Prior-year Percent Short Activities 3.638 (1.557)**   

Prior-year Program Mgmt. Competency  0.512 (0.158)*** 

Same-year Same-competency Programs  0.194 (0.022)*** 

Control Variables   

Program Scope 0.038 (0.017)** 0.035 (0.032) 

Execution Methodology: Agile -0.048 (0.113) 0.340 (0.305) 

Execution Methodology: Hybrid 0.018 (0.149) -0.179 (0.286) 

Program Duration 0.020 (0.028) -0.013 (0.059) 

Program Budget 0.000 (0.000) 0.001 (0.000)** 

Program DME Percentage 0.310 (0.160)** 0.269 (0.456) 

Program Type: Major 0.191 (0.168) 0.025 (0.443) 

Program Source: Legislative Mandate 0.099 (0.099) 0.288 (0.216) 

Program Source: Presidential Priority -0.049 (0.103) -0.335 (0.263) 

Program Source: Agency Plan -0.072 (0.110) 0.337 (0.352) 

Program Source: Audit Finding 0.159 (0.133) -0.135 (0.226) 

Number of Contracts -0.002 (0.006) -0.008 (0.010) 

Number of Contractors -0.082 (0.069) 0.084 (0.194) 

Modular Contracting  0.161 (0.107) 0.422 (0.326) 

Percentage Fixed Price Contracts 0.158 (0.183) 0.573 (0.541) 

Average Contractor Experience -0.001 (0.001) -0.001 (0.003) 

Intercept 0.914 (0.538)* 7.469 (0.803)*** 

Agency Fixed Effects             Yes           Yes 

Program Start Year Fixed Effects             Yes           Yes 

F-test for Weak Instruments (p value)    23.27 (p<0.01) 47.00 (p<0.01) 

Hansen J Statistic (p value)    1.288 (p=0.26)              0.061 (p=0.80) 

R2            0.71        0.60 

Number of Observations            240               240 
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The copula terms for Program Granularity and Program Management Competency are obtained 

as: Program GranularityCopula = Ø-1 [(H(Program Granularity)], and Program Management 

CompetencyCopula = Ø-1 [(H(Program Management Competency)]. In this equation, Ø-1 is the 

inverse of the cumulative normal distribution function. H(Program Granularity) and H(Program 

Management Competency) represent the empirical distribution functions of Program Granularity 

and Program Management Competency, respectively. In our sample, the non-normal distributional 

assumption of the potentially endogenous regressors are supported by the Shapiro Wilk test (W = 

0.62, p<0.01 for Program Granularity and W = 0.94, p<0.01 for Program Management 

Competency). We therefore proceed with inclusion of the copula terms in our full model to examine 

sign and the statistical significance associated with the moderating roles or Program Granularity 

and Program Management Competency. As shown in Table A2.7, our results following the 

inclusion of these copula terms remain highly consistent with our main results as well as the 

instrumental variables estimation, indicating their robustness.  

Table A2.7. Results from Gaussian Copula Approach Including Copula Correction Terms 

for Program Granularity and Program Management Competency  

 Dependent Variable:  

Number of Baseline Changes 

 Using Gaussian Copula Correction 

Approach (Park and Gupta 2012) 

Main effects  

Program Scope 0.067 (0.020)** 

Program Granularity 0.004 (0.003) 

Program Mgmt. Competency -0.076 (0.154) 

Execution Methodology: Agile 0.280 (0.143)* 

Execution Methodology: Hybrid -0.070 (0.170) 

Moderation effects  

Program Scope × Program Granularity -0.001 (0.000)** 

Program Scope × Program Mgmt. Competency -0.022 (0.010)** 

Program Scope × Execution Methodology: Agile -0.011 (0.027) 

Program Scope × Execution Methodology: Hybrid -0.002 (0.021) 

Control variables  

Program Duration 0.033 (0.025) 

Program Budget -0.000 (0.000) 

Program DME Percentage -0.120 (0.176) 

Program Type: Major 0.137 (0.175) 

Program Source: Legislative Mandate -0.059 (0.103) 

Program Source: Audit Finding -0.147 (0.124) 

Program Source: Agency Plan 0.390 (0.124)*** 

Program Source: Presidential Priority 0.008 (0.126) 

Number of Contracts 0.010 (0.005)** 

Number of Contractors -0.082 (0.092) 

Modular Contracting -0.055 (0.114) 

Percentage Fixed Price Contracts -0.023 (0.155) 

Average Contractor Experience -0.001 (0.004) 

Copula Correction (Program Granularity) 0.074(0.105) 

Copula Correction (Program Management Competency) 0.385(0.412) 

Intercept 2.853 (0.444)*** 

Agency Fixed Effects           Yes 

Program Start Year Dummies Yes 

Psuedo-R2 0.534 

Log Pseudolikelihood -455.381 

Number of Observations 240 
*** p<0.01, ** p<0.05, * p<0.1; two–tailed tests used to report statistical significance levels. Robust standard errors 
clustered by agency and program start year dummies in parentheses. 
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Addressing Endogeneity of Agile Execution Methodology Using Treatment Effects Model 

The treatment effects model attempts to address endogeneity concerns for a binary variable through 

a control function approach (Wooldridge 2010, Cameron and Trivedi 2005) and we use this model 

to estimate the effect of agile execution methodology on the number of baseline changes. The 

estimation of the model is carried out in two stages. In the first stage, a probit model is run with 

suitable instrumental variables (and other control variables) to predict the likelihood of a program 

using agile execution methodology. From the first stage model, a selection hazard, Lambda (λ), is 

generated, which is then included in the second stage model estimating the number of baseline 

changes. Intuitively, the selection hazard in the second stage model can be thought of as a parameter 

that controls for unobservables that impact both the choice of agile execution methodology and the 

number of baseline changes in a program. The two stages are estimated jointly using STATA’s 

etregress command.   

 

(a) Estimation of First Stage Probit Model: Following recommendations in recent studies (e.g., 

Certo et al. 2016), we include additional variables, namely, Prior Years’ Agile Programs and Same 

Year Agile Programs, that are relevant and are likely to satisfy the exclusion restriction in the first 

stage of probit model along with control variables. Below, we provide the theoretical and empirical 

support for inclusion of the two additional variables in the first stage probit model:   

 

 Prior Years’ Agile Programs: This variable represents a count of the total number of programs 

using agile execution methodology that were started in prior years by the same agency as the 

agency executing the focal program. Given the push from federal government to use agile 

execution methodology in technology programs (Miller and Ward 2016, Moczar 2013, Deloitte 

2017), agencies with a historically lower count of programs that deploy agile execution 

methodology may have greater motivation to increase this count for their current and future 

technology programs in order to be consistent with the trends in federal government 

marketplace. However, this variable, capturing the number of other programs using agile 

execution methodology and were started in prior years, would not directly affect the number of 

baseline changes of a focal program, except for its influence on the choice of agile execution 

methodology for the focal program. 
 

 Same Year Agile Programs: This variable represents a count of the total number of agile 

programs that were started in the same year by the same agency as the one executing the focal 

program. The rationale behind using this instrumental variable is that the likelihood for a 

program to use agile execution methodology may be higher if it has been started in the same 

year when an agency has a greater number of agile programs in its overall portfolio of 

programs. That is, when there is a greater number of agile programs started by an agency in a 

given year, the likelihood is higher for the focal program to use agile execution methodology. 

However, as this variable is not an observed characteristic or attribute of the focal program, we 

do not expect this variable to impact the number of baseline changes of a focal program directly, 

except through its influence on the choice of agile execution methodology for the focal 

program. 

 

Finally, to account for observed sources of heterogeneity across federal technology programs and 

consistent with recommendations in prior literature (e.g., Ramasubbu et al. 2015, Austin and Devin 

2009) as well as your suggestion that program characteristics may potentially affect the choice of 

agile execution methodology versus other methodologies in the program, we also include the 

control variables in our first stage analysis.  
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Table A2.8 presents results from the first stage of the endogenous treatment effects model. 

Consistent with our theoretical arguments, we find that agencies with lower values of prior years’ 

agile programs are more likely to choose agile execution methodology in a program (β=–0.126, 

p<0.05) and vice-versa, and higher values of same year agile programs increases the likelihood to 

choose agile execution methodology (𝛽=0.217, p<0.01).   

 

Table A2.8. First Stage Probit Model Predicting Agile Execution Methodology 

Dependent Variable—Execution Methodology: Agile 

Prior Years’ Agile Programs -0.126 (0.061)** 

Same Year Agile Programs 0.217 (0.049)*** 

Program Duration 0.011 (0.059) 

Program Budget -0.000 (0.001) 

Program DME Percentage 0.566 (0.375) 

Program Type: Major 0.380 (0.239) 

Program Source: Legislative Mandate 0.391 (0.215)* 

Program Source: Audit Finding -0.085 (0.245) 

Program Source: Agency Plan 0.138 (0.240) 

Program Source: Presidential Priority 0.620 (0.230)*** 

Number of Contracts -0.004 (0.010) 

Number of Contractors -0.136 (0.209) 

Modular Contracting -0.081 (0.246) 

Percentage Fixed Price Contracts -0.071 (0.292) 

Average Contractor Experience -0.020 (0.008)** 

Intercept -3.562 (0.967)*** 

Program Start Year Dummies Yes 

Log Pseudolikelihood -104.295 

Pseudo-R2 0.221 

Number of Observations 240 
         *** p<0.01, ** p<0.05, * p<0.1; two-tailed tests used to report statistical significance levels. 

 Robust standard errors clustered by agency and program start year dummies in parentheses.  
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Table A3.1. Examples of Research Contracts and Development Contracts 

 

Research Contracts 

 

 Identify mechanisms to treat alcohol use disorders in veterans with traumatic brain injury (Awarded by 

Department of Veteran Affairs; Initial Contract Value: $149,236) 

 

 Evaluate the effectiveness of various green building assessment systems such as Leadership in Energy and 

Environmental Design or LEED, Building Research Establishment's Environmental Assessment Method or 

BREEAM etc. (Awarded by Department of Commerce; Initial Contract Value: $147,600) 

 Conduct a study to advance the understanding of Federal Drug Administration’s biomarker qualification 

program for drug development (Awarded by the Department of Health and Human Services; Initial Contract 

Value: $175,271) 

Development Contracts 

 

 Develop advanced sensor processing algorithms to detect objects of interest using light detection and ranging 

data that may be partially obscured beneath vegetation, fencing or other clutter (Awarded by Department of 

Defense; Initial Contract Value: $175,659) 

 Create prototypes for low-cost, high-accuracy visual guidance system for snowplow operators (Awarded by 

Department of Transportation; Initial Contract Value: $149,993) 

 Develop a process to directly convert municipal and agricultural wastes into biodiesel and ethanol using a 

specific type of fungi (Awarded by Environmental Protection Agency; Initial Contract Value: $99,939) 
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Table A3.2. Estimates of Treatment Effects using Cubic and Quartic Control Functions 

 
Dependent Variable:  

Schedule Overrun 

Dependent Variable:  
Cost Overrun 

 
Cubic Control 

Function 

Quartic Control 

Function 

Cubic Control 

Function 

Quartic Control 

Function 

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

Main Effects     

SÂi 0.232 (0.070)*** 0.383 (0.075)*** 0.044 (0.012)*** 0.058 (0.012)*** 

Same-Agency Exp. 0.068 (0.065) 0.119 (0.108) 0.006 (0.012) 0.007 (0.013) 

Different-Agency Exp. 0.033 (0.020) 0.038 (0.023) 0.004 (0.003) 0.003 (0.003) 

Early in Fiscal Year 0.172 (0.099)* 0.188 (0.097)* 0.058 (0.019)*** 0.050 (0.019)*** 

Moderating Effects     

SÂi × Same-Agency Exp. 0.131 (0.108) 0.228 (0.171) 0.011 (0.022) 0.013 (0.023) 

SÂi × Different-Agency Exp. 0.161 (0.056)*** 0.148 (0.056)*** 0.027 (0.011)** 0.021 (0.010)** 

SÂi × Early in Fiscal Year 0.302 (0.165)* 0.331 (0.163)** 0.097 (0.032)*** 0.082 (0.030)*** 

Control Variables     

Task Type (0: Res, 1: Dev) 0.327 (0.179)* 0.324 (0.186)* 0.056 (0.046) 0.055 (0.045) 

Contract Duration 0.129 (0.010)*** 0.132 (0.010)*** 0.002 (0.001) 0.002 (0.001) 

Contractor Firm Size 0.006 (0.007) 0.001 (0.010) 0.002 (0.002) 0.002 (0.002) 

Contract Pricing 0.125 (0.027)*** 0.108 (0.029)*** 0.032 (0.005)*** 0.030 (0.005)*** 

Competition 0.009 (0.004)** 0.010 (0.005)** 0.003 (0.001)*** 0.004 (0.001)*** 

Oversight 0.025 (0.018) 0.039 (0.018)** 0.001 (0.003) 0.001 (0.003) 

Federal Agency FE Yes Yes Yes Yes 

Region FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Control Function Yes Yes Yes Yes 

R&D Contract Code FE Yes Yes Yes Yes 

Contractor Firm FE Yes Yes Yes Yes 

Constant 0.164 (0.151) 0.201 (0.153) 0.059 (0.032)* 0.057 (0.031)* 

N 30902 30902 30902 30902 

Notes. p-values based on heteroscedasticity robust standard errors clustered by agency and 

region in a given year are in parentheses. Although Gelman and Imbens (2019) note that the 

treatment effects can be sensitive to higher-order polynomial control functions, we re-

estimate our main model using cubic and quartic control functions, respectively. As the 

control function approximates the relationship between the forcing variable (i.e., initial 

contract value) and the dependent variables (i.e., schedule overrun and cost overrun), a 

misspecification in the order of the control function can bias the estimates. Our estimates 

are, therefore, more likely to be reliable if they are robust to different specifications of the 

control function. We note that the results obtained using the cubic and quartic control 

functions are consistent with the main analysis results.  
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Figure A3.1. Examining the Distribution of Initial Contract Value around the $150,000 

Threshold 

 

Table A3.3. IV-GMM Specification: First Stage Model for a Contract’s Set-Aside Status 

Dependent Variable: Set-Aside Status 

Instrumental Variables   

Same-Year Prior Set-Aside Contracts −0.012 (0.004)*** 

Below Threshold 0.385 (0.031)*** 

  Control Variables   

Same-Agency Experience 0.011 (0.004)*** 

Different-Agency Experience 0.004 (0.001)*** 

Early in Fiscal Year 0.014 (0.008)* 

Task Type (0: Research, 1: Development) −0.126 (0.104) 

Contract Duration  0.011 (0.004)*** 

Contractor Firm Size  −0.002 (0.002) 

Contract Pricing −0.175 (0.015)*** 

Competition −0.010 (0.003)*** 

Oversight Level  0.089 (0.014)*** 

Federal Agency FE Yes 

Region FE Yes 

Year FE Yes 

Control Function  Yes 

R&D Contract Code Yes 

Contractor Firm Type FE Yes 

   Constant −0.300 (0.100)*** 

F-test for Weak Instruments (p-value)  75.31 (p<0.01) 

Schedule Overrun: Hansen J statistic (p-

value) 
0.22 (p=0.64) 

Cost Overrun: Hansen J statistic (p-value) 0.23 (p=0.63) 

N 30902 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity-robust standard 

errors clustered by agency and region in a given year are in parentheses. 
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Figure A3.2. Examining Imbalance across Matching Variables Before and After Matching 

 

Notes. Standardized percent bias measures imbalance across each 

matching variable in the treatment and control group (Rosenbaum and 

Rubin 1985). The ‘○’ mark and the ‘×’ mark represent the standardized 

percent bias for a matching variable in the unmatched sample and the 

matched sample, respectively. The standardized percent bias for most 

matching variables converges to zero in the matched sample, indicating 

that matching reduces imbalance in treatment and control groups in the 

matched sample. 

 

 

Table A3.4. Comparing Mean Values of Matching Variables for Treatment and Control 

Groups 

 

Notes. Although we do not present mean values for 49 different federal agencies awarding the contracts and 

8 different contract award years to save space, we note that the matched sample has a more comparable 

distribution of these variables across the treatment and control groups, in comparison to the unmatched 

sample. The t-test compares the mean values of each matching variable across the treatment and control 

groups, before and after matching. 

  

Matching Variables 

Unmatched Sample 
t-test for mean 

differences 

(Unmatched 

Sample) 

Matched Sample t-test for 

mean 

differences 

(Matched 

Sample) 

Percentage 

reduction in 

standardized 

bias 

Set-Aside 

Contracts 

(Treated) 

Non-Set-

Aside 

Contracts 

(Control) 

Set-Aside 

Contracts 

(Treated) 

Non-Set-

Aside 

Contracts 

(Control) 

Oversight Level 0.94 0.59 −84.10 (0.00) 0.94 0.94 0.45 (0.65) 99.7 

Below Threshold 0.89 0.74 32.91 (0.00) 0.89 0.89 −1.91 (0.14) 96.4 

Region: Northeast 0.24 0.23 3.35 (0.00) 0.24 0.24 0.23 (0.82) 93.3 

Region: Midwest 0.11 0.17 −13.77 (0.00) 0.11 0.11 −0.05 (0.96) 99.7 

Region: South 0.30 0.35 −7.95 (0.00) 0.31 0.31 −0.38 (0.70) 95.4 

Region: West 0.34 0.25 17.31 (0.00) 0.34 0.34 0.23 (0.82) 98.6 
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Figure A4.1. Examining Imbalance across Matching Variables Before and After Matching 

 

Notes. Standardized percent bias measures imbalance across each 

matching variable in the treatment and control group (Rosenbaum 

and Rubin 1985). The ‘○’ mark and the ‘×’ mark represent the 

standardized percent bias for a matching variable in the unmatched 

sample and the matched sample, respectively. The standardized 

percent bias for most matching variables converges to zero in the 

matched sample, indicating that matching reduces imbalance in 

treatment and control groups in the matched sample. 

 

 

Table A4.1. Comparing Mean Values of Matching Variables for Treatment and Control 

Groups 

Notes. Although we do not present mean values for 403 different NAICS codes present in the estimation 

sample, we note that the matched sample has a more comparable distribution of these variables across the 

treatment and control groups, in comparison to the unmatched sample. The t-test compares the mean values 

of each matching variable across the treatment and control groups, before and after matching. 

 

Matching Variables 

Unmatched Sample 
t-test for mean 

differences 

(Unmatched) 

Matched Sample 
t-test for mean 

differences 

(Matched) 

% reduction in 

standardized 

bias 

High Prop. Set-

Aside Contracts 

(Treated) 

Low Prop. Set-

Aside Contracts 

(Treated) 

High Prop. Set-

Aside Contracts 

(Treated) 

Low Prop. Set-

Aside Contracts 

(Treated) 

Region: Northeast 0.25 0.19 14.57 (0.00) 0.25 0.25 0.14 (0.89) 99.0 

Region: Midwest 0.13 0.13 0.19 (0.85) 0.13 0.13 −0.64 (0.52) −233.7 

Region: South 0.29 0.38 −19.80 (0.00) 0.29 0.29 2.08 (0.03)   90 

Region: West 0.33 0.30 7.63 (0.00) 0.33 0.33 −1.57 (0.12) 79.4 

Service-Disabled Veteran 0.02 0.04 −14.60 (0.00) 0.02 0.03 −7.37 (0.00) 55.2 

Historically Underutilized 0.02 0.02 −6.30 (0.00) 0.02 0.02 −4.57 (0.00) 30.4 

Initial Employees 11.96 24.16 −28.55 (0.00) 11.96 12.45 −1.81 (0.07) 96.0 

Distance from Threshold 0.92 0.86 22.52 (0.00) 0.92 0.91 −1.22 (0.22) 96.2 
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Table A4.1. First-Stage Results Predicting Proportion Set-Aside Contracts 

 

Dependent Variable: Proportion Set-Aside Contracts 

Instrumental Variables   

Same-Industry Set-Aside Contracts −0.108 (0.014)*** 

Same-HQ Region Set-Aside Contracts −0.104 (0.033)*** 

  Control Variables  

Women-owned Business −0.013 (0.009) 

Minority-owned Business 0.043 (0.010)*** 

Past Schedule Performance  0.061 (0.012)*** 

Past Cost Performance  −0.016 (0.019) 

Prop. Same-Agency Contracts  0.511 (0.010)*** 

Prop. FP Contracts  0.469 (0.009)*** 

Total Contract Value 0.001 (0.001)** 

Distance from Threshold −0.034 (0.008)** 

Industry Concentration −0.005 (0.001)*** 

Headquarter Region FE Yes 

Industry FE Yes 

Year and Month FE Yes 

Contractor Firm FE Yes 

Constant 0.067 (0.046) 

F-test for Weak Instruments (p-value)  86.65 (p<0.01) 

Outgrow Size Std: Hansen J statistic (p-

value) 
0.21 (p=0.65) 

N 53842 

Notes. *** p≤0.01, ** p≤0.05, * p≤0.1. Heteroscedasticity-robust standard errors 

clustered by contractor firm in parentheses. 

 
 

 


