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The Impact of Active Program Management on Innovation at ARPA-E 

 

Abstract 

The literature on management of innovation contains a broad variety of possible 

strategies that could be used to design research and development (R&D) funding programs. Here 

we propose the existence of two bundles of complementary practices: one that provides 

significant autonomy to the performer and another that empowers program directors to be deeply 

engaged in a project intellectually and operationally. While there is some evidence supporting 

the effectiveness of the first model, there has yet to be a quantitative study of an actively 

managed R&D funding program. In this work, we explore the value of active management for 

innovation at the Department of Energy’s Advanced Research Project’s Agency – Energy 

(ARPA-E) by assessing the relationship between management practices and outcome metrics, 

including inventions, publications, market engagement, and a set of internal metrics. Our 

analysis draws on several distinctive program design features including how ARPA-E uses 

external reviews to assess project applications, their use of technical milestones to track progress, 

and the short-term nature of ARPA-E program directors’ tenure.  Our main findings are: (i) 

ARPA-E program directors use significant discretion to select applications from across the full 

range of external review scores, with a preference for applications with more variation in review 

scores. (ii) The projects that were selected despite relatively low review scores (“promoted” 

projects) are not distinguishable in terms of external impact of the project from those projects 

that received high scores. (iii) Program directors impact on-going projects by adjusting project 

milestones, budgets, and timelines—a clear sign of active management—and these adjustments 

correlate with project performance. (iv) Most projects experience a transition between program 

directors midway through the project; we find that this change does not impede progress, and it 

may in fact increase the inventive outputs of a project.   
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Introduction 

I.A Motivation for Studying ARPA-E  

Over the last decade, the clean technology sector has experienced significant growth, 

partially as a result of federal and state policies to encourage the deployment of wind and solar 

electricity generation. In addition (and perhaps related to federal and state renewables policies), 

between 2008 and 2014, the price of photovoltaics decreased 50 to 70%, enabling industry 

growth from 1,000 MW deployed in 2008 to 18,000 MW deployed in 2014 (MIT Energy 

Initiative 2015). However, this industry expansion at the commercial level has not resulted in a 

similar expansion in private funding for early-stage energy-related innovation, a broad area of 

innovation often referred to as “cleantech.” In fact, early-stage cleantech investment has dropped 

significantly in recent years. In the fourth quarter of 2015, investment in early-stage cleantech 

ventures was almost one-tenth of the investment in early-stage ventures in the fourth quarter of 

2012 (PricewaterhouseCoopers 2015).1 In 2015, venture investors funneled $59.7 billion into the 

economy, with only $1.3 billion, or 2.2%, toward cleantech (PricewaterhouseCoopers/National 

Venture Capital Association 2016).  

Henderson and Newell (2011) highlight three specific elements of an industry’s 

innovation ecosystem that accelerate growth: sustained and significant government support, 

rapidly growing demand, and robust intellectual property protection. This paper focuses on 

strategies and program design associated with the first element. The US Department of Energy 

(DOE) funds research and development (R&D), demonstration and deployment of energy 

technology through many programs across multiple offices within the agency. A schematic from 

the 2014 summary report of Basic Energy Sciences, part of DOE’s Office of Science, is shown in 

Figure 1 as a depiction of various DOE R&D activities (US Department of Energy 2014).  

A relatively new piece of the DOE R&D landscape is the Advanced Research Projects 

Agency – Energy (ARPA-E). The National Academies report Rising Above the Gathering Storm 

(2007) first proposed the formation of ARPA-E. The report proposed that ARPA-E’s function 

                                                 
1 PricewaterhouseCoopers includes the following sectors in their definition of cleantech: agriculture and 
bioproducts, energy efficiency, smart grid and energy storage, solar energy, transportation, water and waste 
management, wind and geothermal, and other clean technologies. 
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would be to “accelerate the process by which knowledge obtained through research is 

transformed to create jobs and address environmental, energy, and security issues.” To 

accomplish this, the report envisioned the formation of ARPA-E in the image of the Defense 

Advanced Research Projects Agency (DARPA), with contractual flexibility and aggressive 

program management. These features serve to differentiate ARPA-E within the broad DOE R&D 

landscape as an agency focused on accelerating transformational energy innovation. In the rest of 

this section, we review the literature on transformational innovation through the lens of 

complementary management practices, provide some context on the operations of ARPA-E and 

then summarize the results of our empirical analysis.  

I.B Managing Transformational Innovation 

There exists a broad and varied taxonomy around transformational innovation. The 

terminology of “transformational innovation” has become a mantra in science and technology 

policy discussions, but the precise contours of the concept remain nebulous. To complicate 

matters, other terms are often used with similar intent, such as “emergent,” “disruptive,” 

“discontinuous,” “radical,” or “breakthrough.” Regardless of the precise term used by policy-

makers, the main challenge is that the extent of “transformativeness” can generally only be 

ascertained ex post, when uncertainty about the growth potential of the innovation or technology 

has been resolved. Precisely because so many potentially transformational innovations ultimately 

fail to emerge, it has been hard to induce a predictive model from successful cases of 

technological emergence. 

Lack of consensus around the definition of transformational innovation presents a 

challenge for determining which management practices are most effective for accelerating 

transformational innovation. Here, we focus instead on guiding principles for funding program 

design choices that must be made ex ante. In particular, we highlight four critical parameters for 

the management of technological innovation:   

• The degree of mission-orientation 

• The extent to which team composition is “engineered” upfront  

• The length of the time horizon to demonstrate results 

• The extent of active management once projects are under way 

These four aspects of innovation management do not function in isolation; rather, the 
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effectiveness of each feature is affected by the other features in a given program. We propose 

that some combinations of these parameters create cohesive bundles of management practices. 

One possible orientation for innovation program design is to maximize freedom for the project 

leader and his/her team (we will refer to it as the “freedom bundle”). Another orientation, which 

we will show is implemented at ARPA-E, is to lodge much more control and decision-making 

power with the funding organization (we will refer to it as the “mission bundle”).  

The freedom bundle consists of four complementary elements, corresponding to the four 

parameters outlined above. First, the freedom bundle is characterized by the provision of 

flexibility to lead researchers with regard to goals of the research effort, i.e. the absence of 

mission orientation as a guiding principle for the specific activities of the program. With regard 

to team composition, the freedom bundle lets individual researchers initiate projects and select 

their teams. As for the timescale of a project, a long-term horizon in the freedom bundle enables 

team members to explore alternative paths for progress. Lazowska and Patterson (2005) point to 

the importance of long-term research horizons in supporting the growth of information 

technology industry in the US. Finally, with respect to active management, program staff may 

offer feedback on performance to researchers along the way, but this feedback is non-binding in 

nature. Azoulay, Zivin, and Manso (2011) empirically demonstrate the value of a program with 

these features in their evaluation of Howard Hughes Medical Institute (HHMI). 

The mission bundle has a radically different philosophical orientation from the freedom 

bundle, illustrated by the differences in each of the four parameters. First of all, research goals 

are set by program management, though team members may contribute input. The effectiveness 

of this element has support in the literature; Jordan (2005) found that researchers at DOE 

national labs placed a high value on the research vision and strategy of the organization, and 

Narayanamurti et al. (2009) and Anadon (2012) discuss the importance of mission orientation to 

stimulating energy innovation through R&D. Program managers in the mission bundle have a 

hand in forming the teams of researchers that will work on a project, often with a particular focus 

on multi-disciplinarity. Throughout the project, program managers remain actively involved, and 

they have the ability to terminate projects early. Fuchs (2010) and Bonvillian and Van Atta 

(2011) describe the benefits of empowering program managers in their involvement with projects 

at the Defense Advanced Research Project Agency (DARPA). Finally, the time horizon given to 

the team is short, with less room for creative meandering. Sen (2013) and Lal et al. (2012) both 
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recommend some aspects of the mission bundle for innovation program design, but we are not 

aware of any empirical study on the effectiveness of this bundle of practices as a whole.  

We propose that, in addition to being philosophically aligned, the features in these two 

bundles are analogous to complementary practices identified in the manufacturing sector by 

Milgrom and Roberts (1990). Adopting one feature may increase the return to adopting another 

feature in the bundle. Conversely, mixing and matching practices from both bundles could have a 

negative impact on a program. For example, if a program allows the lead researcher to create a 

research agenda suited to the strengths of her team, it would be incompatible to empower the 

program staff to use active management, e.g. modify the technical trajectory of the project. 

Instead, a more efficient way to use active management would be in a scenario where the 

program manager has asserted the research mission and goals from the start of the project. 

Meanwhile, a hands-off management approach is better suited for a program which gives 

researchers the freedom to choose their goals and strategies.  

I.C Background on ARPA-E  

ARPA-E was designed in the model of DARPA to actively manage and fund high-risk, 

high-reward R&D projects in energy technology over a short timeframe; as such, it fits squarely 

in the mission bundle. Unlike other innovation funding programs within the DOE and the federal 

government at large, ARPA-E is considered a nimble organization characterized by its flexible 

contracting authority with grant recipients, a simple hiring process outside of the traditional 

federal hiring practices, flat organizational structure and significant autonomy from the rest of 

the DOE. The nimbleness and autonomy of the organization itself have allowed the leadership of 

ARPA-E to design a program with complementary features in pursuit of transformational energy 

innovation.  

Formed through the American Competes Act in 2007 and funded through the American 

Recovery Act in 2009, ARPA-E has a statutory goal of advancing energy technology that (1) 

reduces greenhouse gas emissions, (2) reduces energy imports and (3) improves energy 

efficiency of the US economy. To accomplish its goals, ARPA-E is charged with: 

A. Identifying and promoting revolutionary advances in fundamental sciences; 

B. Translating scientific discoveries and cutting-edge inventions into technological 

innovations; and  
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C. Accelerating transformational technological advances in areas that industry by itself is 

not likely to undertake because of technical and financial uncertainty (110th Congress 

2007, sec. 5012).  

ARPA-E funds projects through either open solicitations, which are large programs 

including many different technologies and managed by many different program directors, or 

focused solicitations, which are targeted to one technology area. The focused programs range 

across many technical categories including power generation, grid technology, energy storage, 

and transportation fuel. With each solicitation, applicants are asked to submit a brief concept 

paper for preliminary evaluation. Some applicants are encouraged to submit full applications. 

Each concept paper and full application is reviewed by at least one external expert, and a subset 

of full applications is subsequently reviewed on-site by a panel of external experts. Program 

directors (PDs) review feedback from experts and then select projects to receive an award. PDs 

then manage the projects going forward.  

Since its founding, ARPA-E has developed an energetic culture and seeks to attract the 

top-tier talent across science and engineering disciplines, particularly for program directors, 

which serve as the foundation of ARPA-E’s programming. Beginning in 2012, ARPA-E also 

employs a collection of technology-to-market advisors that work with program managers and 

portfolio teams to design business strategies to commercialize the technology. ARPA-E has been 

granted the ability to hire outside of the traditional hiring mechanisms at the Department of 

Energy. ARPA-E can recruit the best technologists in their fields and offer a more competitive 

salary than would be available elsewhere in the government. The intent is to maintain a constant 

stream of top-tier talent in the organization.  

Program directors serve terms of roughly three years, in which they are tasked with 

designing a funding program for solicitation and managing a set of projects within their field of 

expertise. PDs are tasked with identifying an under-investigated technology area, known as 

“white space,” that could have a significant impact on the energy landscape. PDs investigate the 

technology area, meet with experts in the field, convene symposia to evaluate the state of the art 

and draft a program to move the field forward. If the program is accepted by ARPA-E 

leadership, then the PD leads the selection of applications and manages those projects until the 

end of her tenure, at which point the projects are handed off to a new PD. Each program director 

invests significant time working with the portfolio of grant recipients, and ARPA-E prides itself 
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on this hands-on approach to program management. 

Comparing the operational features of ARPA-E with each of the four parameters of 

innovation management above, we place ARPA-E firmly within the mission bundle. As an R&D 

funding organization, ARPA-E is inherently mission-oriented in its focus on transformational 

energy innovation (Anadon 2012). The research team composition, though not explicitly 

engineered by ARPA-E staff, tends toward diverse teams as ARPA-E encourages partnerships 

between different organization types (e.g., university labs and established firms). The typical 

timeframe for ARPA-E projects is on the order 3 years, which is short relative to other science 

funding agencies. And finally, ARPA-E projects are actively managed by program directors, 

using quarterly reports to track progress toward technical milestones. 

Given ARPA-E’s goals to promote transformational energy innovation, it is difficult to 

conduct a retrospective evaluation of success after only 6 years of working data. Thirty years 

from now, looking back at the successes and failures of the companies and technologies that 

received ARPA-E funding will be relatively obvious. Retrospective analysis of transformational 

innovation is theoretically less complicated – as Dietz and Rogers (2012) point out, “you know it 

when you see it.”  At the present stage, because there is unlikely to be significant progress 

toward the long-term goals of ARPA-E, we cautiously focus on a set of intermediate outputs: 

metrics around inventions, publications and market engagement. For a complete understanding 

of ARPA-E’s potential impact, this approach should be combined with case studies and other 

qualitative methods.  

I.D Summary of Findings 

Our analysis proceeds as follows: (1) we assemble data on ARPA-E program directors; 

(2) we examine descriptive statistics for all submitted concept papers and full applications; (3) 

we investigate predictors of selection for full applications, including numerical scores from 

external reviews; (4) we examine descriptive statistics of completed projects, including the 

degree to which they were actively managed by program directors; (5) we investigate predictors 

of internal project performance as measured by the program director; (6) we investigate 

predictors of external project performance, using metrics relating to inventions, publications, and 

market engagement.    

This paper addresses two outstanding questions in the literature. First, what does an 
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actively managed program look like in practice, and second, does active management contribute 

to project success? Our main findings point to the effectiveness of the mission bundle approach. 

We find that: (i) ARPA-E program directors use significant discretion to select applications from 

across the full range of external review scores. They are slightly more likely to select 

applications with higher scores, yet they are also more likely to select applications with a wider 

range of scores, when controlling for mean score. (ii) The projects that were selected despite 

relatively low average review scores (“promoted” projects) are not distinguishable in terms of 

external impact of the project from those projects that received high average review scores. (iii) 

Program directors impact on-going projects by adjusting project milestones, budgets, and 

timelines—a clear sign of active management—and these adjustments correlate with project 

performance. (iv) Most ARPA-E projects experience a transition between program directors 

midway through the project; we find that this change does not impede progress, and it may in 

fact increase the inventive outputs of a project.  

In the sections that follow we will provide a detailed review of the data and analysis 

described above. Section II outlines the hypotheses that we will test in our analysis. Section III 

provides details on our data collection process. Section IV offers summary statistics for the 

datasets and analytical results obtained by modeling the effects of various elements of ARPA-E’s 

programming. Section V provides discussion and concluding statements.  

II. Hypothesis Development 

Given our assertion that ARPA-E fits in the mission bundle, we seek to use project 

selection and project management data from ARPA-E to determine the effectiveness of this 

bundle of practices. Of the four parameters of transformational innovation, the empowerment of 

program staff is ideal for testing in this setting. The other three parameters (degree of mission 

orientation, extent of team engineering, and time horizon) either do not exhibit significant 

variation across projects or are more difficult to observe. Using data on ARPA-E staff’s active 

involvement in both project selection and execution, we aim to determine the relationship 

between active management and project outcomes. 

First, we examine the process by which the field of applications is narrowed to select a 

set of projects. Each program advertises criteria for review of final applications, along with a 

weighting factor for each criterion. In addition, they list several “program policy factors” that 
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impact selection. ARPA-E has stated that they do not use a simple ranking system with a discrete 

score cutoff for selection. Additionally, ARPA-E has stated that its program directors have 

significant freedom in crafting a program. Based on this evidence, we hypothesize that the 

numerical scores from external reviews are not strong predictors of selection. 

H1 : Program directors do not rely heavily on external review scores when making 
their selection decisions. 

As an organization that aims to fund high risk projects, ARPA-E is expected to use the 

riskiness of a project as a factor in selection. Indeed, several funding opportunity announcements 

mention “programmatic balance of risk” as a program policy factor. However, as risk is not 

explicitly a weighted category for review, it is left to each program director to determine the risk 

level associated with an application and whether this risk is desirable for their program. We 

hypothesize that the dispersion of reviewer scores is a proxy for risk level, and that ARPA-E 

program directors on average prefer riskier projects.   

H2 : Program directors favor applications with a wide range of reviewer scores, 
which may indicate risk tolerance or even a positive appetite for risk.  

Taken together, the two preceding hypotheses describe an organization where ARPA-E 

staff members use their discretion to select projects based in part on (i) their own subjective 

assessment of technical quality and (ii) riskiness, as measured by reviewer disagreement. If this 

is true, and if we are able to identify a set of projects that was specifically selected using 

discretion, then we can ask whether these projects have different results than those that received 

high external review scores. We hypothesize that the risky nature of these projects is evident in 

some way from the short-term project outputs, either in the form of higher productivity (which 

would validate the judgment of the program directors) or lower productivity (which would 

reinforce the judgment of the external reviewers). 

H3 : Applications that are “promoted” to selection despite a relatively low external 
review score perform differently than those that received higher scores. 

Program directors have an opportunity to impact a project’s performance through active 

management. One of the most obvious mechanisms of active management at ARPA-E is in the 

use of milestones; projects have specific technical milestones that are negotiated at the outset and 

able to be revised throughout the course of the project. Active management in general represents 

a significant investment of staff time and effort, so we seek to identify its effect on project 
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success, using milestone revisions as an indicator of the extent to which a project is actively 

managed.   

H4 : Active management through the revision of milestones has a positive effect on 
project performance. 

Another way to examine active management is through the lens of PD turnover within a 

particular project. The length of a project can be longer than the tenure of the original PD, and 

therefore many projects transition from one PD to another. Because the PDs are actively engaged 

in the project, we expect to see a drop in productivity associated with this transition, as the new 

PD takes time to become oriented to the details of the project.  

H5 : Disruption to PD involvement has a negative effect on project performance.  

III. The Data 

Over the course of two on-site visits to ARPA-E, we compiled datasets corresponding to 

three phases in the lifecycle of ARPA-E engagement: 

1. Concept papers 
2. Full applications 
3. Projects 

We supplemented these datasets with additional data, also collected from ARPA-E: 

• Program director management assignments 
• Project quarters 
• Intellectual property 

Finally, we collected information independently on the following areas: 

• Company founding year 
• Program director backgrounds 
• Publications 

These data were completely scrubbed of identifying information in order to protect the 

confidentiality of the awardees. In this section, we offer a brief description of each of the three 

main datasets (concept papers, full applications, and projects), as well as three types of data used 

to augment the projects dataset in particular (PD data, project management data, and output 

data). 
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III.A Applications 

Before describing the datasets of concept papers and applications, it is necessary to 

provide some background information on the review process at ARPA-E. Each Funding 

Opportunity Announcement (FOA) at ARPA-E is accompanied by a Merit Review Plan, which 

is executed by a Merit Review Board composed of ARPA-E staff members. The following 

description of the application and selection process is based on a Merit Review Plan provided by 

ARPA-E, as well as discussions with ARPA-E staff.  

The first phase of the application in response to an ARPA-E FOA is the concept paper. 

Applicants are asked to write a five page, high-level summary of the proposed effort with 

preliminary budget estimates. The concept papers are reviewed by external experts selected by 

ARPA-E. A subset of applicants is then encouraged by ARPA-E to submit a full application. Our 

concept papers dataset includes the organization type of the lead applicant, the FOA to which 

they responded, submission date, proposed budget, and whether they were encouraged to submit 

a full application. 

The stage following the concept paper is a full application. In a full application, the 

applicant provides a detailed account of the research effort, milestones, timeline and budget for 

the project. Each of these applications is reviewed by at least one external reviewer. For most 

FOAs,2 the external reviewers offered numerical scores in the following categories: 

1. Impact on ARPA-E Mission Area  
2. Overall Scientific and Technical Merit 
3. Qualifications, Experience and Capabilities 
4. Sound Management Plan3 

Reviewers rate an application on each category using a five-point scale, with 5 being the highest 

possible score, and they also provide comments to accompany the scores. Following review, 

applicants are provided with reviewer comments and are given the chance to briefly reply to 

these comments. We used the weights stated for each category in the FOA to calculate an overall 

score for each application-reviewer pair.4 Our full applications dataset includes statistics on the 

                                                 
2 Review questions for OPEN 2012, CHARGES and IDEAS did not fit this format. 

3 Before 2014, the ratings for “Sound Management Plan” were either “Yes” or “No”. We coded these as 5 and 1 
respectively.  

4 FOAs for the earliest programs did not quantify the category weights. Electrofuels, BEEST, and IMPACCT made 
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external review scores for each application, as well as whether or not the application was 

selected for negotiation. One obvious shortcoming of these review data is that ARPA-E may take 

into account the additional information provided in the replies to reviewer comments, whereas 

the scores are not revised to reflect the new information.  

In the case of focused programs, the merit review board is typically chaired by the 

program director that crafted the program. The PD submits a recommendation to the Director of 

ARPA-E of which applications to select based on their review of the application, the content of 

the external reviews, and the replies received from the applicant. Our discussions with ARPA-E 

staff suggest that a majority of selection decisions follow the recommendation of the PD. 

Using review score data for each application, we create an indicator variable for whether 

an application was selected based on significant discretion, as opposed to selection criteria based 

on a simple ranking of reviewer scores. Our general method for identifying applications that are 

“promoted” from a low score is to create a counter-factual score cutoff for each program; this is 

the cutoff that would be used if selection were based on a simple ranking of review scores. 

Applications selected from scores below this cutoff are considered “promoted.” In fact, we create 

two such cutoffs for each program: (i) based on the number of projects selected and (ii) based on 

the proposed budget for the FOA.  

In the first method, we consider the number of applications selected under a given FOA 

to be N. We then place the cutoff at the Nth highest mean overall score. In the second method, 

we tally the cumulative proposed budgets of the applications to a given FOA, starting from the 

highest mean overall score, and we compare this tally to the total budget listed in the FOA. 

When the cumulative budget reaches the total budget for the FOA, we place the cutoff at that 

score. For each program, we take the lowest of the two score cutoffs, and mark the applications 

as “promoted” if they received a mean overall score below this line. The “promoted” variable 

does not apply to open programs, because the applications span a wide range of technology types 

and the projects are not directly comparable. 

 

                                                                                                                                                             
no statements on the subject, and the FOA for OPEN 2009 stated that the categories as listed are “in descending 
order of importance.” The later programs in 2010 stated that the categories are of “equal weight,” so we gave 25% 
weight to each category for all these programs.  
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III.B Projects 

After the applicant and the PD negotiate on milestones, objectives, and budget, selected 

applications become projects. Each project in this dataset has a lead recipient, which is 

categorized as a university, national lab, non-profit or private company. Based on our research 

into the private company awardees, we separate these into two categories: startups founded no 

more than 5 years prior to the project start date and established firms, which are all private sector 

companies that are not considered startups. Many ARPA-E projects are executed as partnerships 

between multiple organizations; for simplicity, we categorize projects by the organization type of 

the lead recipient.  

The primary mechanism for ARPA-E funding is a cooperative agreement. When a 

national lab participates in a project, whether or not it is the lead recipient, it is funded separately 

through a contract mechanism. Additionally, some non-lead members of a project team may 

have a separate award issued to their organization, and some awards are novated during the 

course of the project and replaced with a new award. In all of these cases, we combine the data 

for multiple awards into a single project. As a result, our unit of analysis in this section is a 

cohesive technical effort by a team of researchers.   

Negotiations regarding project timeline, milestones, and budget may be repeated through 

the course of the project. Additionally, ARPA-E may choose to terminate a project before the 

originally negotiated end date if they determine that satisfactory progress is not being made. We 

received project level data on all projects in ARPA-E history, including original start dates and 

end date of each project, modified start and end dates, original budgets, modified budgets, and 

whether or not the project was terminated. We exclude projects that are still in progress and limit 

our dataset to only those that have end dates on or before Dec. 31, 2015.  

In order to examine the various characteristics and outputs of interest for these projects, 

we augmented the projects dataset using several additional data sources. These are each 

described in the following sections. 

III.B.1 Program Director Data 

The projects dataset includes the name of the PD in charge of selection and management 

at the start of the project. Using this information, we conducted research into the professional 

backgrounds of each of the PDs. We recorded the year they received their undergraduate degree, 
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and the number of years they spent in either an industry or academic position before joining 

ARPA-E.5 For those PDs who had spent less than 10% of their work experience in the private 

sector, we labeled their background as “pure academic;” for those with greater than 90%, we 

labeled their background as “pure industry.” PDs whose industry experience fell between 10% 

and 90% were labeled “blended.”  

PDs are typically hired for a three-year term. In the beginning of the term, a PD is 

expected to design a new program, while also taking on existing projects from a departing PD. 

Once approved by ARPA-E leadership, the new program is initiated and the PD coordinates 

review and makes selection recommendations for that program.6 The PD then manages the 

selected projects until the end of his or her term. Because projects may be as long as or longer 

than the tenure of their originating PDs, many projects experience a PD hand-off.  

To follow when projects are handed off between PDs, we use a series of snapshots taken 

from the ARPA-E project management software. These snapshots form a timeline of which 

program directors were managing which projects at a given time (on approximately a weekly 

basis). We code each date when a project changes hands as a PD change event, and tally those 

changes for each project.7 The projects dataset contains both the raw number of PD changes and 

the rate of PD change (number of changes divided by project duration in years). Additionally, we 

calculate the fraction of the project managed by each PD.  

III.B.2 Project Management Data 

As an ARPA-E project proceeds, awardees submit quarterly reports that include percent 

completion of each of the project’s negotiated milestones. We have these data from reports for 

the quarters beginning Jan. 1, 2012 through October 1, 2015. One aspect of active management 

at ARPA-E is the revision of milestones based on technical progress. Our discussions with 

ARPA-E staff indicate that there are two possible paths to changing a milestone: the text of a 
                                                 

5 Some PDs had work experience at national labs or in government. 

6 Exceptions to this practice are made when the PD has a conflict of interest for a particular application. If this 
happens, an alternate PD coordinates review and selection, as well as management if the application is selected. 

7 If the PD for a particular entry in the management timeline did not match either the PD in the previous or the 
subsequent entry, it was considered a “one-off” change and was removed from the dataset. We also excluded any 
changes that occurred outside of the bounds of the project, i.e. before the project start date or after the project end 
date.   
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milestone may be revised, or the milestone itself may be deleted and a new milestone created in 

its place. There seems to be no functional difference between these two paths. However, we are 

only able observe the latter. Using anonymous identifiers for a given task, we track which 

quarterly reports contain which milestones; we do not have a record of whether the content of a 

milestone is edited. For each project, we calculate the percent of recorded quarters in which the 

project experienced a milestone “change” (creation, deletion, or both).  

Following the quarterly report from the awardee, the PD submits quarterly status updates 

to rate the project’s performance along several dimensions: technical, cost, schedule, and overall. 

The ratings are given as stoplight colors (red, yellow, or green). According to our discussions 

with ARPA-E staff, the current definition of these colors are as follows: green for projects that 

are on track and meeting milestones; yellow for a project that has missed milestones but can 

recover; red for a project that has missed significant (“go/no-go”) milestones and may not be 

able to recover. Using the quarterly status data, which cover quarters starting July 1, 2010 

through July 1, 2015, we create two types of metrics for internal status. First, we create indicator 

variables for the overall status in the final quarter of the project, to represent the ultimate fate of 

the project as determined subjectively by the PD. Second, we calculate the percent of quarters in 

which a project received a particular color rating for overall status. These metrics tell us about 

the performance of the project throughout its duration, rather than solely at the end.  

III.B.3 Project Output Data 

We created a publication-level dataset collected by searching Web of Science for all 

publications through Dec. 31, 2015 citing the award or work authorization number for an ARPA-

E project.8 Highly cited publications are defined as publications with more citations than the top 

1% of most cited papers in a given research field in a given year. Top journal publications are 

defined as publications in the top 40 journals in science and engineering fields, ranked by 

number of highly cited papers. Energy journal publications are those from the subject category 

“Energy & Fuels.” We created variables in the projects dataset for the number of total 

publications from a project, as well as the number of each of the three particular types of 

publication. 

                                                 
8 See Goldstein (2016) for more details on the methods of publication data collection. 
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Awardees are required as part of their cooperative agreement to acknowledge ARPA-E 

support in any patents and also to report intellectual property to DOE. ARPA-E has, in 

collaboration with the DOE General Counsel’s office, collected data on invention disclosures, 

patent applications, and patents reported as a result of each ARPA-E award. We obtained the 

count data on these inventive outcomes for each award through the end of 2015; we also have the 

filing date of the patent applications and the issue date for the patents.  

ARPA-E also tracks the progress of awardees in market engagement metrics. Each 

spring, to coincide with the annual summit, ARPA-E publishes a list of projects that have 

received (i) follow-on private funding, (ii) those that have additional government partnerships 

and (iii) those that have formed companies.9 We separately obtained from ARPA-E a list of 

awards that have led to (iv) Initial Public Offerings (IPOs), (v) acquisitions, or (vi) commercial 

products. All these outputs are those that the awardee reports as being directly attributable to 

ARPA-E support, as of February 2016. We created indicator variables for each of these outputs 

in the projects dataset, as well as a variable for whether the project received at least one of the 

six. We also have data on the amount of private funding reported by the awardee in each year 

and in total.  

Finally, we created two additional metrics to combine the three categories of external 

outputs that we measure: publications, inventions and market engagement. We create a 

“minimum standard” variable that captures whether a project had at least one publication, at least 

one patent application, or some form of market engagement (as defined by the six (6) market 

engagement metrics described in the preceding paragraph). We also create a “gold standard” 

variable, indicating that the project received all three of the above mentioned metrics. 

IV. Results 

IV.A Program Directors 

Our biographical research on ARPA-E program directors demonstrates that this group is 

diverse in terms of professional backgrounds and career stage. We collected data on 31 PDs—28 

male and 3 female. The year PDs received their undergraduate degree ranges from 1971 to 2007. 

                                                 
9 Company formation for these purposes includes startup company awardees for which the ARPA-E award was their 
first funding.  
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We divide the PDs into groups based on their career stage: late career (undergraduate degree pre-

1985), mid-career (undergraduate degree 1985-2000, inclusive), and early career (undergraduate 

degree post-2000). The PDs are also divided into groups based on the nature of their work 

experience, using the definitions in Section III. Figure 17 and Figure 18 show the proportion of 

projects selected by PDs from these various groups. The projects are roughly evenly distributed 

among the three categories of PD work experience; 41% of projects in the dataset were managed 

by “pure  academic” PDs, 33% by “blended” PDs, and 26% by “pure industry” PDs. More 

projects have been managed by mid-career and late-career PDs (41% and 43% respectively) than 

early-career PDs (16%). 

IV.B Applications 

Our concept papers dataset contains 10,227 concept papers submitted to ARPA-E 

through Dec. 31, 2015.10 Of these, 19% overall were encouraged to submit a full application 

(Figure 2). The proportion of encouraged concept papers varies greatly by program, as shown in 

Figure 3. A majority of the encouraged concept papers (88%) go on to become a full application. 

The encouragement decision is not binding; 1% of concept papers that are not encouraged go on 

to become full applications. Interestingly, we observe 5 concept papers (< 0.1% of the total) that 

were not encouraged but were ultimately selected as projects after the full application stage.  

The full applications dataset contains 2,335 applications submitted through Dec. 31, 

2015; we exclude applications for the CONNECT program, because these are for outreach 

projects rather than technology development. 24% of full applications were selected for 

negotiation.11 As with concept papers, the selection rate for full applications varies by program. 

The proportion of selected applications for each program, as a percentage of full applications, is 

shown in Figure 5. The overall selection rate as a percentage of concept papers is shown in 

Figure 7. In total, only 5% of concept papers are selected to become projects. 

Concept papers and applications in our datasets were submitted in response to FOAs for 

                                                 
10 We do not have data on concept papers from the first ARPA-E program, OPEN 2009. Some FOAs requested full 
applications directly rather than soliciting concept papers as a first stage.  

11 Some projects marked as “Selected” did not become projects, and some projects marked as “Not Selected” did in 
fact become projects. Our variable for selection includes both of these categories. 
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37 different technical programs.12 A majority of these programs were targeted toward particular 

technology areas; we call these “focused” programs. Four programs consisted of “open” 

solicitations (OPEN 2009, OPEN 2012, OPEN 2015, and IDEAS), where applicants submitted 

proposals across all areas of advanced energy technology.  Details on each program, including 

their size and start year, are listed in Table 1.  Open programs received by far the greatest 

number of concept paper submissions and applications, and they are also the most selective; the 

average selection rate for concept papers to an open program is 2%. Focused programs, on the 

other hand, have an 11% selection rate for concept papers. 
We have statistics on external review scores for 1,800 of the 2,335 full applications. The 

number of reviews per application ranges from 1 to 18, with a median of 3. Mean overall scores 

for these applications cover the full range of scores from 1 to 5, with an average of 3.4. The 

standard deviation of overall score for the average project is 0.68, though it ranges from 0 to 2.6. 

For 20% of applications, the standard deviation of overall scores is greater than 1 point. This 

suggests that there is a significant extent of reviewer disagreement regarding the quality of some 

applications. As an example, the ranges of scores for full applications to OPEN 2009 are plotted 

in Figure 8, in increasing order of mean score. 

Comparing the mean overall scores among all selected applications to the full distribution 

of scores in Figure 9, we see that the selected applications are not differentiated by their scores. 

The mean overall score for selected projects was 3.7 out of 5, compared to 3.3 out of 5 for non-

selected projects. By ranking the applications in order of mean overall score within a program, 

we see that PDs frequently choose applications from across the full range of scores. This is 

illustrated for the RANGE program as an example in Figure 10.  

Also shown in Figure 10 are those applications that are considered “promoted” because 

their mean overall scores fall below our hypothetical score cutoff, as discussed in Section III. 

Nearly half (49%) of all the selected applications in the dataset are marked as “promoted.” The 

degree to which PD discretion was used within a given program, as measured by the percent of 

selected applications that are “promoted,” is plotted in Figure 11. The proportion of “promoted” 

applications ranges from 10% to 91%, suggesting that PD discretion is not applied uniformly 

                                                 
12 Five programs (IDEAS, GENSETS, MOSAIC, SHIELD, and SWITCHES) had two FOAs. The FOA for the 
CHARGES program was not publicly available and was only distributed to eligible applicants by invitation. 
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across programs. 

IV.C Econometric Model for Predicting Selection 

In order to understand exactly how PDs use score data to make their selection 

recommendations, we created a linear probability model to predict selection based on the various 

score-related data available for each application. The following ordinary least squares (OLS) 

model captures the outcome variable in question (e.g. selection) as a function of a variable of 

interest (e.g. mean overall review score), along with program fixed effects:  

 
where  is the binary outcome variable for whether application i was selected;  is the variable 

of interest for application i, e.g. mean overall review score;  is a fixed effect for the technical 

program. Our choice of a linear probability model is based on the ease of interpretation for these 

results.  

Table 2 presents results from a statistical model that predicts project selection as a 

function of review attributes.  The regression results show that the mean Impact and Merit 

categorical scores have some predictive power on selection within ARPA-E programs, whereas 

qualifications and management scores do not.  

Using Impact and Merit as the two potentially predictive score elements, we examine 

how the distribution of these two scores impacts selection. Table 3 shows three regression results 

testing the predictive impact of the mean, minimum and maximum values, respectively, of the 

Impact and Merit scores for an application. We see that Impact and Merit considerations are both 

most impactful as mean values (~10% increased probability of selection for an increase of 1 

point in score); the maximum value has less of an effect (7-9%), and the minimum has the least 

effect (4-5%).  

The overall review score for an application is 50-60% determined by the Impact and 

Merit scores, so it is not surprising that the mean overall score itself is also predictive of 

selection (Model 1 in Table 4), with a ~20% increased probability of selection for each 

additional point. To gauge the magnitude of this result, we compare it to the coefficient in a 

regression where the outcome variable is completely determined by the mean score. In Model 2, 

the outcome variable is whether an application is above the hypothetical cutoff described above 
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for determining “promotion,” and the result is a 47% increase in linear probability for each 

additional point in score. This sets the ceiling for comparison—the effect of mean score on 

selection is in reality much lower than it would be if ARPA-E used a sharp score cutoff to select 

applications, rather than allowing the use of discretion in selection. 

Another way to examine the effect of score distribution is by including standard deviation 

of scores as a regressor, as we show in Table 4. Though having a larger range does not increase 

the probability of selection by itself (Model 3), when mean score and standard deviation are both 

present (Model 4) we see that they both have a positive effect. Given a set of applications with 

the same mean overall score, the application with a wider range of scores is more likely to be 

selected. 

IV.D Projects 

ARPA-E had initiated 471 projects by the end of 2015. Because we limit our projects 

dataset to only completed projects, we exclude those that were active at the start of 2016. This 

leaves 234 projects with end dates on or before Dec. 31, 2015. The median start date for a project 

in our dataset is Dec. 9, 2011, the median end date is July 22, 2014. The dataset includes 25 

projects (11% of all projects) that were terminated early. The average project length for a 

terminated project is 1.7 years (approximately 7 quarters) compared to a mean length for all 

projects of 2.6 years. 

Twenty-three programs to date have yielded at least one completed project for inclusion 

in this dataset, as shown in Table 1. The projects are distributed among the five organization 

types, with the largest number of lead recipients from universities, as shown in Figure 12. 

Projects vary widely in their initially-negotiated funding amount; the mean award at the start of 

the project is $2.3 million USD, and the largest is $9.1 million USD. Projects also vary in their 

originally negotiated time period, from two quarters up to 4 years. Distributions of both the 

initial award amount and initial project length are shown in Figure 13 and Figure 14. 

Budgets and timelines are modified mid-project for many of the projects in the dataset. 

Distributions of these changes are shown in Figure 15 and Figure 16. The average project is 

extended by 0.5 years, and has a budget increase of $0.2 million USD. A majority of projects 

(85%) have some change in project length, and 43% have some change in budget. The frequency 

of these award modifications is evidence of active management by ARPA-E PDs.  
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The frequency of milestone changes demonstrates the dynamic nature of ARPA-E 

projects. With this data set, we are limited to measuring only the subset of milestone changes 

which involve creating a new milestone or deleting an old one. A large portion of projects (45%) 

experience a milestone change of this type.13 We further divide these projects into two groups, 

based on what percentage of measured quarters involved milestone creation or deletion. We find 

that 28% of projects have “infrequent” milestone changes (milestones changed in less than 25% 

of the measured quarters) and 17% of projects have “frequent” milestone changes (milestones 

changed in 25% or more of the measured quarters, i.e. at least once per year). The distribution of 

projects among these groups is illustrated in Figure 19.  

Based on the PD management timeline, we see that projects commonly change hands 

between PDs. A majority of projects (70%) have at least one PD change. The number of PD 

changes is 0.89 on average and the median is 1, meaning that the typical project experiences one 

PD change. When the number of PD changes is scaled by the length of the project, we get a 

measure of the rate of PD turnover. The mean value for turnover is 0.3 changes per year, and the 

distribution among all projects is shown in Figure 20. We divide the projects that have 

experienced PD changes into two groups: one with “low turnover,” with at least one change but 

less than 0.5 changes per year (comprising 49% of projects), and one with “high turnover,” 

defined as 0.5 changes per year or more (comprising 21% of projects). The remaining 30% of 

projects did not experience a PD change.  

IV.E Econometric Model for Project-Level Analysis 

In the following sections, we present two sets of metrics used to assess ARPA-E project 

performance. The first set of metrics captures internal status as perceived by the ARPA-E PD 

assigned to a given project. The second set of metrics aggregates a variety of external markers of 

project performance including patents, publications and indicators of market engagement. We 

evaluate the variation in project outcomes as a result of project level variation in the active 

management practices described above.  

Our analysis uses a linear probability model to determine the effects of certain variables 

on a project’s internal and external metrics. Our ordinary least squares (OLS) model captures the 
                                                 

13 Our record from ARPA-E’s project management software begins in January 2012, so we are only able to partially 
measure milestone changes for projects that were in progress at that time. 
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outcome variable in question (e.g. a binary indicator variable for whether a project produced a 

publication) as a function of a variable of interest (e.g. frequency of PD changes), along with a 

set of control variables:  

 
where  is the outcome variable for project i and  is the variable of interest for project i,  is a 

fixed effect for the organization type and  is a fixed effect for the program. Including controls 

for initial project length and award amount allow us to compare outcomes of projects with 

similar characteristics at the project outset, assuming a non-linear effect of project length and 

size on the probability of outcomes. Similarly, including fixed effects for organization type and 

technical program provide more precision by comparing variation within groups of projects of 

similar technical area, time period, and institutional priorities.  

Here, we choose a linear probability model for two reasons: ease of interpretation and 

sample size. Because we include program fixed effects, use of a logit model for binary outcomes 

(publishing, patenting, etc.) would require eliminating all observations from programs with no 

variation among project-level outcomes, i.e. all 1s or all 0s. With a sample of only 234 

completed projects, we opt to preserve the existing observations using a simple linear model.  

Unless otherwise stated, we use the initially-negotiated values for project length and 

award amount as controls instead of actual values, because the actual values are endogenous to 

the process of active management that we try to capture. If these adjustments are correlated with 

project performance, e.g. if more successful projects are more likely to receive a budget increase 

beyond the original award, then using actual award amount as a control would bias our 

measurement of various effects on project performance.  

IV.F Internal Metrics 

In order to evaluate our hypotheses regarding project performance, we first develop a set 

of metrics related to internal status. These variables indicate project performance as judged by 

the PDs over the course of a project. In this section, we describe the available metrics and then 

proceed to analyze how variables of interest may affect them.  

Using our data on overall status for all project-quarters, we find that 55% of quarters are 

green, 38% are yellow, and the remaining 7% are red. Table 5 shows a transition matrix that 
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describes the dynamics of changing colors from one quarter to the next. We find a high degree of 

rating persistence.  Green ratings are especially stable (78% chance of persisting) compared to 

yellow and red (71% and 66% chance of persisting, respectively). Positive changes in status are 

relatively more likely than negative changes; for example, there is a 21% chance of a yellow 

status becoming green, compared to an 8% chance of a yellow status becoming red.  

Considering the trajectory of projects through different status ratings, we see that green 

status ratings are common across the dataset. Figure 21 and Figure 22 show that a majority of 

projects (88%) have at least one overall green quarter, and a majority of projects (61%) never 

have a red quarter. Furthermore, 9% of projects are overall green for the entire duration of the 

project. Regarding the final quarter, we find that terminated projects are very likely to have 

ended with an overall red status, whereas a much smaller portion of other projects end in red 

(Figure 23).  

IV.F.1 Variation in Internal Status 

The first part of the analysis evaluates the degree of variance in project outcomes 

attributable to control variables for organization type, initial award amount and initial project 

length. We evaluate the degree to which our control variables explain variation in project 

outcomes, using the above model without an input variable .We find that established 

companies are more likely to be terminated early, and non-profits are less likely to be given red 

project statuses or terminated (Table 6).  

In the second part of the analysis, we individually examine how variables of interest (PD 

discretion, task changes, and PD turnover) affect the internal status of the projects. First, we find 

that “promoted” projects are more likely to be given a red status and more likely to be terminated 

than projects that are not “promoted” (Table 7).  

Next, we see a relationship between projects with green status and projects that have had 

at least one milestone added or deleted.  In Table 8, we see that having a milestone added or 

deleted makes a project both more likely to have ended with an overall green status and more 

likely to have had green status throughout the project. However, the causality of the relationship 

is unclear. For a closer look at the dynamics of project status and milestone addition or deletion, 

we also run a regression within the dataset of project quarters. A quarter in which a project is 

rated “green” is 2-3% more likely to be a quarter in which milestones were added or deleted, 
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compared to a “red” or “yellow” quarter (Table 9).   

When we regress internal status metrics on PD transitions using the controls stated above, 

the results (not shown) indicate that projects with at least one PD change are 30% less likely to 

be terminated. The simplest explanation for this trend is that terminated projects are shorter and 

thus have less opportunity for a PD change compared to other projects of the same initial length. 

To avoid this complication, we use the actual project length and actual award amount as an 

alternative set of controls.14 In Table 10, there is no significant relationship between PD 

transitions and internal status.   

 In summary, we find that (i) “promoted” projects are reviewed with more scrutiny 

compared to projects that are not “promoted,” (ii) there exists a positive correlation between 

green project status and active management activity; and (iii) PD changes do not affect internal 

status ratings.  

IV.G External Metrics 

Having established several trends regarding project performance as measured internally 

at ARPA-E, we now extend our analysis to external evidence of impact. In this section, we 

summarize the external outputs and combined metrics for the projects dataset, and we investigate 

their relationship with the same variables of interest in the previous section.   

We count the number of publications acknowledging a project’s award number, and we 

also categorize these publications as being in an energy journal, in a top journal, and/or highly 

cited. The mean number of publications per project across the dataset is 2.3 publications, though 

only 43% of the projects in the dataset have published. The distribution of publications across 

projects is shown in Figure 24. The percentages of projects that have produced publications 

among the three categories are as follows: 15% have an energy journal publication, 18% have a 

publication in a top journal, and 11% have a highly cited publication.  

With respect to invention outputs, we count invention disclosures, patent applications and 

patents. Invention disclosures are a relatively common outcome (71% of projects have at least 

one). Patent applications are less common, and skewed similarly to publications, with 44% of 

                                                 
14 Our prior reasoning for using initial award length and initial award amount does not apply to analysis of PD 
turnover. PD changes occur systematically as the PD completes their contracted term, and so they are not at risk of 
being applied differentially to projects with greater or lesser technical success. 
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projects in the data set having at least one patent application. As a result of the significant delay 

in patent approval, the data for patents is sparse – only 17% of projects have produced a patent.  

We do not focus on invention disclosures as a key output in our analysis. Invention 

disclosures, while more common than either patents or patent applications, do not necessarily 

capture significant improvements in technology status. Disclosure does not require meaningful 

action on the part of the awardee. Awardees must decide whether to fund the preparation and 

submission of a patent application from a given invention disclosure, and this decision process 

provides a signal of the relative merit of ideas that are worth patenting and those that are not.15 

For this reason, we focus our analysis of inventive outcomes on patent applications. The 

distribution of patent applications per project is shown in Figure 25.  

Market engagement outputs are less frequent than publications and patent applications. 

We find that 31 projects in the dataset (13%) have received follow-on private capital, in amounts 

ranging from $200,000 to over $150 million, and 38 projects in the dataset (16%) have received 

follow-on public capital from other government agencies, including other parts of DOE, 

Department of Defense, NASA, or state agencies. Of the completed projects, 20 have resulted in 

the formation of a company; 3 have led to an IPO for the awardee; 6 have led to acquisition of 

the awardee, and 11 have led to commercial products. Combining all these metrics, 77 projects in 

the dataset (33%) have received at least one signal of market engagement. 

There is an inherent time lag between execution of the project and its observable outputs; 

we see this lag across all of the metrics for which we have timing data—publications, inventions 

and funding. Among projects that have published, the mean time to first paper is 1.9 years from 

project start. Similarly, among projects that have applied for a patent, the mean time to first 

patent application is 2.0 years, and among projects that have received private sector funding, the 

mean time to first private sector funding for a project is 1.6 years. As a result, 6% of projects 

have not yet reached average time to first paper, 8% have not reached average time to first patent 

application, and 2% have not reached average time to first funding. (In contrast, the mean time to 

first patent granted is 4.0 years, and 49% have not reached average time to first patent.)  

Our combined metrics demonstrate how often ARPA-E projects succeed in producing 

                                                 
15 This reasoning may not apply to certain organization types, particularly established firms. We discuss this in 
greater detail in the discussion section.  
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multiple outputs, as well as how often they produce no outputs at all. The relative size of these 

groups is shown in Figure 26. The “minimum standard,” where a project has at least one 

measurable output described above, applies to 74% of projects in the dataset. This means that for 

26% of projects, we cannot identify any external signs of success. The “gold standard,” for 

projects that have at least one publication, one patent application, and one form of market 

engagement, applies to only 9% of projects in the dataset. These 9% can be considered the most 

productive subset of ARPA-E projects to date. 

IV.G.1 Variation in External Outputs 

A natural first question in considering the outcome metrics described above is to what 

extent are the internal and external metrics related. Using OLS, we regressed final quarter red, 

final quarter green, percent quarters red and percent quarters green on indicator variables for the 

presence of at least one publication, patent application or market engagement metric. The results 

in Table 11 show a statistically significant, though relatively weak, association among nearly all 

the internal and external metrics.  

Our control variables explain some portion of the observed variance in project outputs 

(Table 12). We find that initial award amount has a positive impact on whether a project 

achieves the “gold standard;” in other words, a big project is more likely to have broad success 

than a small project. Interestingly, however, initial award amount does not have a significant 

effect on a project’s likelihood of achieving the “minimum standard,” meaning that a big project 

is just as likely as a small project to have no observable success. Organization type predicts some 

outputs in predictable ways: academic awardees are the most likely to publish papers, and start-

ups are the most likely to engage the market in some way. With the combined metrics, we find 

that established firms are least likely to achieve the “minimum standard.”  

We turn now to examine the external impact of the selection process and PD discretion. 

First, we evaluate the impact of the mean overall review score on outcome variables. We find 

that the mean score does not correlate with external metrics in any way (Table 13). Next, we 

seek to determine whether PDs use their discretion to select particularly productive projects. We 

find that “promoted” projects are statistically identical in their performance by the available 

external metrics, relative to other projects (Table 14).   

The next phase of the analysis is evaluating the effect of milestone changes on external 
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measures of project performance. We first evaluate the effect of an indicator variable for at least 

one milestone change, and then by segmenting the data into three groups for comparison: no 

milestone changes, low frequency of milestone changes and high frequency of milestone 

changes. Table 15 shows the positive impact that at least one milestone change has on a given 

project; projects with at least one milestone added or deleted are more likely to receive an 

indicator of market engagement by 18%. However, it is difficult to separate this effect from the 

observed correlation with internal status, which we will discuss further in Section V. When we 

separate projects into two groups on the basis of milestone change frequency (Table 16), we do 

not see consistent evidence that more frequent milestone changes result in more external impact. 

In fact, a project’s likelihood of publishing is highest if it has only infrequent milestone changes; 

the positive impact is absent for project with frequent milestone changes.  

Finally, we evaluate the effect of PD transitions on project performance with respect to 

external metrics. We first regress the set of external outputs on an indicator variable for at least 

one PD change, using actual award amount and project length as controls. Table 17 shows that 

projects with at least one PD change are 15% more likely to have at least one patent application. 

Next, we regress the set of external outputs on indicator variables for high and low PD change 

rates relative to no PD changes (Table 18). Projects with a low PD turnover rate are just as likely 

as those with a high turnover rate to have at least one patent application, and we see no other 

significant effects on external metrics.    

V. Discussion and Conclusions 

The goal of this paper is to identify active management in practice and determine the 

effectiveness of those practices in the context of energy innovation at ARPA-E. In the sections 

above, we present descriptive summary statistics and empirical analysis to show that active 

program management is present within ARPA-E and that it correlates with positive project 

outcomes. We specifically examine data on discretion used in project selection, adjustment of 

project goals over the course of a project, and the transitions between program directors on 

specific projects. In this section, we review the relationships presented above and discuss the 

mechanisms by which these practices may influence project performance.   

 Throughout this analysis, we compare projects that have experienced the effects of active 

program management in some way to a set of projects that have not experienced these same 
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effects. For example, in the section on PD discretion, we compare “promoted” projects to those 

that probably would have been funded by other federal grant-making organizations. However, it 

is undoubtedly true that even those projects that were not “promoted” were nonetheless 

recommended for selection based on the PD’s judgment as they actively crafted a program 

around particular technical goals. Similar statements can be made about projects that did not 

have any milestone changes or those that did not have any PD changes—these projects were still 

impacted by active program management. Because all of our comparisons are within the context 

of ARPA-E, and ARPA-E as a whole practices active program management, our findings relate 

more to the degree of active management than to the binary presence of active management in 

design of a funding organization.  

V.A Organization Type 

 In Section IV, we find that the control variables in the model account for a portion of the 

variance in project output. In particular, we find that productivity varies by organization type of 

the lead awardee. Projects led by established firms and national labs have not performed as well 

as other projects with respect to the “minimum standard” of achieving at least one of any of the 

external output variables – publications, patent applications and market engagement.  

Regarding the performance of national lab projects, it is apparent from the coefficients in 

Table 12 that these projects have particularly low rates of publishing. It is important to note here 

that our publication data requires that a paper specifically acknowledges an ARPA-E award or 

work authorization. Only two of the work authorizations for national labs projects returned any 

results in our automated search of Web of Science. We are aware of papers from these projects 

that were not captured in our data, because they stated ARPA-E support without acknowledging 

a specific award number. It is possible that the work authorization number (which is formatted 

differently than the award number given to other organization types) is less accessible to 

researchers and therefore less likely to appear in the acknowledgements of a paper. For this 

reason, the productivity of national lab projects should not be judged as inherently lower than the 

other awardee types based on our data. 

We also recommend caution in interpreting the weaker performance of projects led by 

established companies, as the outcome metrics may not appropriately capture success for these 

organizations. The incentives to publish and receive follow-on funding differ significantly for 
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these awardees compared to universities and start-ups. It could be argued that established firms 

are a more efficient avenue for ARPA-E funding than start-ups; for example, at an established 

firm more of the funding can go directly toward research efforts, whereas at a start-up, a higher 

portion of funding may go toward expanding infrastructure capability. However, we are limited 

here to studying the data available, which does not include information on internal development 

of projects within firms. 

V.B Discretion in Project Selection 

Using the dataset of full applications and reviews, we find evidence to support hypothesis 

H1, that PDs do not rely heavily on review scores to select applications. This finding is also 

supported by our conversations with ARPA-E staff, who indicate that reviewer comments are 

given much greater emphasis than numeric scores. In the regression results, mean score alone is 

less predictive of selection than would expect if ARPA-E relied entirely on reviewer scores to 

make funding decisions. Of the four score categories, only Impact and Merit show any 

relationship at all to selection, on average. Considering the distribution of these two categorical 

scores, we find that for both Impact and Merit, the mean score is most predictive, followed by 

the maximum, and the minimum is much less predictive. This suggests that of the limited weight 

that ARPA-E PDs do give to review scores, the lowest scores are given the least consideration.  

We also find supporting evidence for H2, that PDs favor applications with a wide range 

of scores, by showing that a larger standard deviation of scores increases probability of selection 

when we control for mean score. Taken together, our results for predicting selection can be 

interpreted in at least two ways. ARPA-E PDs might take review scores into account, but only to 

a limited extent, and with an explicit preference for applications on which reviewers disagree 

with each other. Or ARPA-E PDs might recommend applications based entirely on their own 

expert judgment, which only somewhat agrees with that of the reviewers, and tends to favor 

applications that lack reviewer consensus. In either case, we see here clear evidence of active 

program management in the form of discretion during project selection.  

Given that ARPA-E programs are crafted using discretion rather than strict reliance on 

numerical peer review scores, we turn to the question of whether this strategy results in better or 

worse project performance. First, we find that mean overall review score is not predictive of 

performance toward the external metrics. Relatedly, we find that promoted projects are 
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statistically identical in external impact to non-“promoted” projects. This finding contradicts 

hypothesis H3 and supports the selection of “promoted” projects, because they perform equally 

well relative to the rest of the ARPA-E portfolio, and yet they are less likely to be funded via 

more conservative peer review systems. It is still early to say what the true impact of many 

ARPA-E projects will be, and we will never know the counterfactual impact of the projects that 

were not selected. Nonetheless, we have shown evidence that ARPA-E selects projects of 

uniform quality, from across a range of external review scores.  

Our findings on the use of discretion have important implications in the realm of program 

design. They suggest that expert review consensus, which is the standard process for project 

selection at many funding agencies, is inadequate for capturing the possible value of early-stage 

innovations. This result is intuitive when one considers the goal of funding high-risk technical 

trajectories. If everyone in the field agrees on a particular technical path, it is unlikely to be 

sufficiently high risk. This suggests that use of discretion by individual experts, especially those 

working in a culture of risk acceptance, is advisable for other early-stage, high-risk research 

programs.  

V.C Project Modifications 

We find a great deal of evidence that ARPA-E staff are actively involved in managing 

projects. Nearly half of all projects have their budget modified over the course of the project, and 

a large majority (85%) of projects are either shortened or extended from the initially negotiated 

length. We also find that many ARPA-E projects have actively edited milestones. Our 

measurement of milestone editing is conservative, as we are only able to capture events in which 

a milestone was created or deleted, and still we find events of this kind to be quite commonplace 

(occurring in 45% of projects). 

The findings in Section IV suggest a positive association between milestone 

additions/deletions and performance in external metrics. However, these findings are 

complicated by the relationship between internal status and milestone changes – projects that are 

rated green tend to receive more milestone changes. One interpretation of this trend (which is 

supported by discussions with ARPA-E staff) is that if a project is going well, PDs push 

performers harder. It is interesting to note that the positive association between milestone 

changes and external impact does not consistently scale with the frequency of such changes. It 
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could be that there are diminishing returns to frequent milestone changes. However, knowing 

that internal status and external impact are themselves correlated, we are not able to determine 

whether the group of projects that experience milestone changes are simply higher quality. 

Because milestone changes are not applied randomly between projects, we are not able to make a 

claim regarding the impact of active management on project performance (hypothesis H4). 

In total, the results on project modifications depict ARPA-E as an actively managed 

program. Our data do not speak to the origin of the changes that a project undergoes, i.e. whether 

they are at the request of the performer, mandated by the PD, or the result of a mutual agreement. 

It is clear, however, that ARPA-E staff participate in the detailed decision-making process 

regarding the technical trajectory of research projects. 

V.D Program Director Transitions 

Hypothesis H5 was that PD transitions would have a negative impact on a project as a 

result of a loss in management continuity. The data provides strong evidence to counter this 

hypothesis, and indicates that projects may actually benefit from having a PD change. 

Specifically, having a PD change increases the likelihood of the project filing a patent 

application. The positive association with patent applications is the same for both projects with 

low PD turnover and those with high PD turnover. In all other external metrics, the presence or 

rate of PD turnover appears to have no statistical impact on a project.  

The framing of hypothesis H5 was that a change in PD represents a disruption to active 

management because it interrupts the involvement of the original PD, who was presumably 

invested in the project from the outset. We pause here to reconsider our understanding of PD 

changes, in light of the finding that they have either no impact or positive impact on project 

performance. One possible interpretation is that the relationship between a PD and a performer is 

less important than we assumed and can therefore be interrupted without consequence. This 

interpretation seems unlikely, given our conversations with PDs and awardees, as well as the 

evidence of substantial PD involvement via frequent milestone revisions, budget modifications, 

and project length changes.  

An alternative interpretation is that there is a tradeoff between the benefits of 

management continuity and the benefits of management change. On one hand, a PD that is 

continuously engaged can ensure that performers are on task, on budget and not straying from 
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project goals. On the other hand, a new PD may have different domains of experience and 

different technical perspectives with which to manage the project and generate an infusion of 

new ideas. The lack of effect that we observe could be in fact the sum of a productivity loss from 

the departure of one PD and a productivity gain from the arrival of a new one. 

Given this tradeoff, one could ask: are PD changes important or necessary for the design 

of an actively managed program? To answer this question, we consider the reason PD changes 

occur. The time-scale of ARPA-E projects is short (the longest project lasted 5 years), but the 

contract of each PD is only 3 years. Moreover, a PDs first responsibility upon joining ARPA-E is 

to design a thoughtful program, a process that can take over a year. Thus, projects are likely to 

outlive their original PD. If PDs had a longer tenure, then fewer projects would require 

transitions between PDs, but this would also result in a major change in recruitment and hiring. 

ARPA-E is limited by its statutory authority to 3-year initial terms for its program directors 

(110th Congress 2007, sec. 5012), and PD changes occur as a result of this short tenure.  

This discussion brings to light a necessary element of the mission bundle of management 

practices: hiring excellent technical staff. An active, hands-on approach to project management 

calls for a deeper scientific and technological understanding than is required for a more laissez-

faire program. Discussions with multiple ARPA-E staff members indicated that recruitment of 

expert scientists and engineers is facilitated by short-term contracts. Therefore, programs must 

compromise between their ability to hire staff short-term and the period of time staff can spend 

engaged with a project. We conclude that, in the case of ARPA-E, PD changes are a necessary 

component of the mission bundle, as their existence enables the hiring of the highest quality 

technical experts to be actively involved in research. The fact that PD changes have little to no 

impact on project performance is therefore a welcome conclusion for proponents of active 

program management.  

V.E Conclusion 

Overall, the results in this paper describe the functions of active management within a 

high-risk, high-reward grant-making program. Using data from the Department of Energy’s 

ARPA-E program, we find a statistical association between active management and project 

productivity with respect to inventive, publication and market engagement metrics. ARPA-E’s 

active management practices manifest through three variables: program director discretion, 
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milestone additions and subtractions, and PD transitions. We have studied all three elements and 

their relationship to external impact, as well as internal status ratings. We find that ARPA-E staff 

judgment is instrumental in selecting projects, in some cases despite low or wide-ranging scores 

from external reviewers. We also find that they remain actively involved throughout a project, 

adding and deleting milestones selectively for projects that are experiencing technical success. 

And finally, we see no detrimental impact of either the use of discretion in project selection or 

the transitioning of projects between program directors. Ultimately, these results support ARPA-

E’s choice of active management strategies.   

 It is important to note that this paper does not compare an actively managed program to a 

program characterized by researcher freedom, as would be the case in the freedom bundle. In 

fact, we are not aware of any programs in the energy innovation landscape that fit the practices 

of the freedom bundle. Therefore, we do not make any claims regarding the relative effectiveness 

of the two bundles of management practices. Our contribution lies in the empirical evidence that 

(i) active management is implemented at ARPA-E in observable ways, and that (ii) within 

ARPA-E, the use of active management strategies does not diminish productivity.   
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Figure 1: Department of Energy Research, Development and Deployment 
Landscape (US Department of Energy 2014) 
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Figure 2: Concept Paper Encouragement 
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Figure 3: Concept Paper Encouragement by Program 
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Figure 4: Full Application Selection 
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Figure 5: Full Application Selection by Program 
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Figure 6: Concept Paper Selection 
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Figure 7: Concept Paper Selection by Program 
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Figure 8: Range of Overall Scores (OPEN 2009 Program) 
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Figure 9: Mean Overall Scores 
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Figure 10: PD Discretion in Selection (RANGE Program) 
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Figure 11: PD Discretion in Selection by Program 
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Figure 12: Organization Type for Awardees 
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Figure 13: Initial Award Amount 
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Figure 14: Initial Project Length 
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Figure 15: Change in Award Amount 
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Figure 16: Change in Project Length 
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Figure 17: Projects Selected by PDs from Different Work Backgrounds 
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Figure 18: Projects Selected by PDs at Different Career Stages 
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Figure 19: Frequency of Milestone Creations and Deletions 
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Figure 20: Frequency of PD Changes 
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Figure 21: Percent of Quarters with Overall Green Status 
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Figure 22: Percent of Quarters with Overall Red Status 
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Figure 23: Final Quarter Overall Status 
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Figure 24: Publication Count 
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Figure 25: Patent Application Count 
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Figure 26: Combined Metrics 
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Table 1: ARPA-E Applications and Projects as of Dec. 31, 2015 

Program Name 

C
on

ce
pt

 
Pa

pe
rs

 

Fu
ll 

A
pp

lic
at

io
ns

 

Pr
oj

ec
ts

 

C
om

pl
et

ed
 

Pr
oj

ec
ts

 Start 

Year 
Technical Category 

OPEN 2009 n/a 337 41 36 2010 [Multiple categories] 

IMPACCT 225 57 15 15 2010 Transportation Fuels 

Electrofuels 95 53 13 13 2010 Materials 

BEEST 255 76 10 10 2010 Energy Storage 

BEETIT 143 63 17 15 2010 Building Efficiency 

GRIDS 244 69 12 11 2010 Energy Storage 

ADEPT 135 32 14 14 2010 Power Electronics 

GENI 105 39 15 12 2012 Building Efficiency 

Solar ADEPT 82 22 7 6 2012 Grid Technology 

PETRO 37 20 10 4 2012 Materials 

REACT 86 43 14 13 2012 Transportation Fuels 

HEATS 115 42 15 13 2012 Energy Storage 

SBIR/STTR 2012 n/a 58 6 3 2013 Energy Storage 

AMPED n/a 62 14 6 2013 Energy Storage 

MOVE 108 29 13 8 2012 Materials 

OPEN 2012 4007 421 67 21 2013 [Multiple categories] 

Navy BEETIT 13 7 5 2 2013 Building Efficiency 

RANGE 175 53 22 13 2014 Energy Storage 

METALS 71 32 18 5 2014 Materials 

SWITCHES n/a 62 14 2 2014 Power Electronics 

REMOTE 82 37 15 4 2014 Transportation Fuels 

FOCUS 147 36 13 1 2014 Electricity Generation 

IDEAS 807 53 20 7 2014 [Multiple categories] 

REBELS 99 43 13 0 2014 -- 

CHARGES n/a 9 2 0 2015 -- 
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DELTA 94 46 11 0 2015 -- 

MONITOR 116 49 11 0 2015 -- 

ALPHA 35 17 9 0 2015 -- 

ARID 90 33 14 0 2015 -- 

TERRA 40 20 6 0 2015 -- 

GENSETS 95 61 11 0 2016 -- 

TRANSNET 38 17 2 0 2016 -- 

MOSAIC 60 26 2 0 2016 -- 

OPEN 2015 2370 251 0 0 -- -- 

NODES 142 44 0 0 -- -- 

GRID DATA 39 16 0 0 -- -- 

SHIELD 77 0 0 0 -- -- 
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Table 2: Effect of Mean Scores on Selection 

 
Model 1 

Dependent Variable Selected 

Review Characteristics 

Mean Impact Score 0.102*** 
(0.019) 

Mean Merit Score 0.122*** 
(0.029) 

Mean Qualifications Score -0.025 
(0.026) 

Mean Management Score -0.012 
(0.015) 

Program FE Y 

Regression Statistics 

Observations 1800 

R2 0.166 

Mean of Dep. Var. 0.253 
 

Sample: Full applications to ARPA-E with weighted review scores 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 3: Effect of Impact and Merit Scores on Selection 

Model 1 2 3 

Dependent Variable Selected Selected Selected 

Review Characteristics 

Mean Impact Score 0.096*** 
(0.021) 

 
 

 
 

Mean Merit Score 0.101*** 
(0.024) 

 
 

 
 

Max. Impact Score  0.071*** 
(0.013) 

 

Max. Merit Score  0.088*** 
(0.022) 

 

Min. Impact Score  
 

 0.050** 
(0.022) 

Min. Merit Score  
 

 0.044** 
(0.021) 

Regression Statistics 

Observations 1800 1800 1800 

R2 0.164 0.149 0.108 

Mean of Dep. Var. 0.253 0.253 0.253 
 
Sample: Full applications to ARPA-E with weighted review scores 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 4: Effect of Mean Score and Range on Selection 

Model 1 2 3 4 

Dependent Variable Selected Above 
Hypothetical 

Cutoff 

Selected Selected 

Review Characteristics 

Mean Overall Score 0.210*** 
(0.026) 

0.472*** 
(0.035) 

 
 

0.231*** 
(0.022) 

SD Overall Score  
 

 
 

0.018 
(0.065) 

0.111* 
(0.056) 

Regression Statistics 

Observations 1722 1722 1722 1722 

R2 0.154 0.476 0.075 0.163 

Mean of Dep. Var. 0.258 0.277 0.258 0.258 
 
Sample: Full applications to ARPA-E with weighted review scores and >1 review 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 5: Transition Matrix for Overall Status 

 Statust+1  

Red Yellow Green Total 

Statust 

Red 66.0% 28.7% 5.3% 100.0% 

Yellow 7.9% 71.4% 20.8% 100.0% 

Green 1.2% 20.5% 78.3% 100.0% 
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Table 6: Effect of Control Variables on Internal Status 

Model 1 2 3 4 5 

Dependent Variable Final 
Quarter Red 

Final 
Quarter 
Green 

Percent 
Quarters 

Red 

Percent 
Quarters 
Green 

Early 
Termination 

Project Characteristics 

Ln(Initial Project 
Length) 

0.164* 
(0.088) 

-0.243* 
(0.125) 

0.137** 
(0.061) 

-0.173** 
(0.069) 

0.145 
(0.113) 

Ln(Initial Award 
Amount) 

0.044 
(0.055) 

0.048 
(0.095) 

-0.017 
(0.030) 

0.080* 
(0.044) 

-0.032 
(0.049) 

Program FE Y Y Y Y Y 

Organization Type 

National Lab 0.070 
(0.136) 

0.051 
(0.114) 

0.035 
(0.047) 

0.047 
(0.062) 

-0.056* 
(0.032) 

Non-Profit -0.258*** 
(0.082) 

-0.033 
(0.175) 

-0.092 
(0.064) 

-0.105 
(0.085) 

-0.161*** 
(0.042) 

Established 
Company 

0.027 
(0.098) 

-0.046 
(0.106) 

0.024 
(0.041) 

-0.010 
(0.083) 

0.107* 
(0.057) 

Startup Company -0.033 
(0.120) 

0.066 
(0.122) 

0.022 
(0.057) 

0.019 
(0.068) 

0.032 
(0.063) 

Regression Statistics 

Observations 230 230 233 233 234 

R2 0.245 0.148 0.237 0.172 0.141 

Mean of Dep. Var. 0.222 0.387 0.132 0.470 0.107 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
Omitted organization type is “University” 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 7: Effect of PD Discretion on Internal Status 

Model 1 2 3 4 5 

Dependent Variable Final 
Quarter Red 

Final 
Quarter 
Green 

Percent 
Quarters 

Red 

Percent 
Quarters 
Green 

Early 
Termination 

Project Characteristics 

"Promoted" 0.203*** 
(0.065) 

0.111 
(0.097) 

0.103*** 
(0.037) 

-0.020 
(0.055) 

0.092* 
(0.051) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 162 162 165 165 165 

R2 0.269 0.176 0.295 0.191 0.223 

Mean of Dep. Var. 0.179 0.383 0.116 0.477 0.091 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 8: Effect of Milestone Addition and Deletion on Internal Status 

Model 1 2 3 4 5 

Dependent Variable Final 
Quarter Red 

Final 
Quarter 
Green 

Percent 
Quarters 

Red 

Percent 
Quarters 
Green 

Early 
Termination 

Project Characteristics 

At Least One 
Milestone Added or 

Deleted 

-0.081 
(0.064) 

0.183** 
(0.081) 

-0.051* 
(0.030) 

0.156*** 
(0.050) 

0.025 
(0.046) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 192 192 194 194 194 

R2 0.309 0.181 0.343 0.209 0.191 

Mean of Dep. Var. 0.198 0.401 0.111 0.482 0.067 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 9: Effect of Milestone Addition and Deletion on Quarterly Status 

Model 1 2 3 4 

Dependent Variable Overall 
Status Red 

Overall 
Status Red 

Overall 
Status 
Green 

Overall 
Status 
Green 

Project-Quarter Characteristics 

At Least One 
Milestone Added or 

Deleted 

-0.009 
(0.013) 

-0.008 
(0.013) 

0.068** 
(0.027) 

0.075*** 
(0.028) 

Managing PD Fixed 
Effect 

N Y N Y 

Regression Statistics 

Observations 2996 2935 2996 2935 

R2 0.000 0.027 0.002 0.051 

Mean of Dep. Var. 0.068 0.069 0.537 0.534 
 
Sample: ARPA-E project-quarters with status and task data recorded 
Standard errors in parentheses 
OLS regression with robust SE 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 10: Effect of PD Transition on Internal Status 

Model 1 2 3 4 5 

Dependent Variable Final 
Quarter Red 

Final 
Quarter 
Green 

Percent 
Quarters 

Red 

Percent 
Quarters 
Green 

Early 
Termination 

Project Characteristics 

At Least 1 PD 
Change 

-0.038 
(0.094) 

-0.077 
(0.123) 

0.027 
(0.049) 

-0.089 
(0.078) 

-0.084 
(0.087) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Actual Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 192 192 194 194 194 

R2 0.309 0.181 0.343 0.209 0.191 

Mean of Dep. Var. 0.198 0.401 0.111 0.482 0.067 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 11: Effect of External Outputs on Internal Status 

Model 1 2 3 4 5 

Dependent Variable Final 
Quarter Red 

Final 
Quarter 
Green 

Percent 
Quarters 

Red 

Percent 
Quarters 
Green 

Early 
Termination 

Project Characteristics 

At Least 1 
Publication 

-0.136** 
(0.058) 

0.190*** 
(0.062) 

-0.052** 
(0.025) 

0.118*** 
(0.036) 

-0.025 
(0.035) 

At Least 1 Patent 
Application 

-0.072 
(0.057) 

0.099 
(0.083) 

-0.075* 
(0.037) 

0.143** 
(0.052) 

-0.146* 
(0.073) 

Market Engagement -0.177*** 
(0.048) 

0.238*** 
(0.082) 

-0.118*** 
(0.023) 

0.108** 
(0.043) 

-0.153** 
(0.057) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 230 230 233 233 234 

R2 0.298 0.220 0.309 0.253 0.225 

Mean of Dep. Var. 0.222 0.387 0.132 0.470 0.107 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 12: Effect of Control Variables on External Outputs 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

Ln(Initial Project 
Length) 

-0.085 
(0.108) 

-0.039 
(0.085) 

-0.143 
(0.104) 

-0.093 
(0.078) 

-0.111 
(0.091) 

Ln(Initial Award 
Amount) 

0.090** 
(0.033) 

0.026 
(0.034) 

0.143*** 
(0.046) 

0.038 
(0.029) 

0.077*** 
(0.026) 

Program FE Y Y Y Y Y 

Organization Type 

National Lab -0.599*** 
(0.064) 

0.028 
(0.076) 

-0.013 
(0.117) 

-0.267** 
(0.102) 

-0.098** 
(0.045) 

Non-Profit -0.350 
(0.223) 

0.033 
(0.222) 

-0.003 
(0.182) 

-0.072 
(0.118) 

-0.080 
(0.057) 

Established 
Company 

-0.388*** 
(0.069) 

0.016 
(0.082) 

0.015 
(0.060) 

-0.203*** 
(0.070) 

-0.015 
(0.045) 

Startup Company -0.507*** 
(0.078) 

-0.026 
(0.057) 

0.323*** 
(0.102) 

-0.111 
(0.066) 

-0.023 
(0.068) 

Regression Statistics 

Observations 234 234 234 234 234 

R2 0.349 0.297 0.252 0.394 0.149 

Mean of Dep. Var. 0.432 0.436 0.329 0.744 0.094 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
Omitted organization type is “University” 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 13: Effect of Mean Score and Range on External Outputs 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

Mean Overall Score 0.057 
(0.067) 

-0.018 
(0.083) 

0.004 
(0.054) 

0.030 
(0.080) 

0.010 
(0.032) 

SD Overall Score 0.005 
(0.100) 

-0.086 
(0.053) 

0.052 
(0.057) 

-0.064 
(0.092) 

-0.022 
(0.027) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 190 190 190 190 190 

R2 0.318 0.313 0.270 0.372 0.138 

Mean of Dep. Var. 0.432 0.463 0.347 0.768 0.089 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 14: Effect of PD Discretion on External Outputs 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

"Promoted" -0.051 
(0.077) 

0.025 
(0.117) 

0.040 
(0.082) 

0.044 
(0.071) 

-0.009 
(0.072) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 165 165 165 165 165 

R2 0.368 0.327 0.290 0.362 0.171 

Mean of Dep. Var. 0.455 0.424 0.321 0.745 0.085 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 15: Effect of Milestone Addition and Deletion on External Outputs 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

At Least One 
Milestone Added or 

Deleted 

0.121 
(0.078) 

-0.005 
(0.088) 

0.176** 
(0.073) 

0.098* 
(0.051) 

0.097 
(0.064) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 194 194 194 194 194 

R2 0.387 0.347 0.300 0.444 0.161 

Mean of Dep. Var. 0.459 0.448 0.335 0.763 0.093 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 16: Effect of Frequency of Milestone Addition and Deletion on External 
Metrics 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

Infrequent Milestone 
Changes 

0.150* 
(0.087) 

0.016 
(0.082) 

0.134* 
(0.069) 

0.082* 
(0.042) 

0.110 
(0.066) 

Frequent Milestone 
Changes 

0.073 
(0.084) 

-0.041 
(0.125) 

0.248** 
(0.109) 

0.124 
(0.079) 

0.074 
(0.077) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Initial Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 194 194 194 194 194 

R2 0.389 0.348 0.305 0.445 0.162 

Mean of Dep. Var. 0.459 0.448 0.335 0.763 0.093 
  
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 17: Effect of PD Transition on External Outputs 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

At Least 1 PD 
Change 

0.003 
(0.072) 

0.154** 
(0.070) 

-0.012 
(0.096) 

0.090 
(0.101) 

0.052 
(0.073) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Actual Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 228 228 228 228 228 

R2 0.341 0.325 0.269 0.412 0.152 

Mean of Dep. Var. 0.434 0.434 0.333 0.746 0.096 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 18 Effect of Frequency of PD Transition on External Outputs 

Model 1 2 3 4 5 

Dependent Variable At Least 1 
Publication 

At Least 1 
Patent 

Application 

Market 
Engagement 

Any 
External 
Output 

All External 
Outputs 

Project Characteristics 

Low PD Turnover 
Rate 

0.020 
(0.081) 

0.156* 
(0.081) 

0.004 
(0.079) 

0.107 
(0.100) 

0.058 
(0.084) 

High PD Turnover 
Rate 

-0.021 
(0.087) 

0.151* 
(0.087) 

-0.035 
(0.142) 

0.064 
(0.110) 

0.042 
(0.067) 

Program and Org. 
Type FE 

Y Y Y Y Y 

Controls for Log of 
Actual Project 

Amount and Length 

Y Y Y Y Y 

Regression Statistics 

Observations 228 228 228 228 228 

R2 0.341 0.325 0.270 0.413 0.152 

Mean of Dep. Var. 0.434 0.434 0.333 0.746 0.096 
 
Sample: ARPA-E completed projects 
Standard errors in parentheses 
OLS regression with robust SE clustered by program 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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