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ABSTRACT
Evaluating the comparative performance of U.S. federal agencies is difficult, particularly since both tasks and missions vary
so dramatically. In addition, forces beyond an agency’s control (e.g., COVID, an economic downturn, etc.) can determine
outcomes even when agencies are performing at a high level. In this paper, we introduce a new approach to measuring
organizational performance, something conceptually distinct from, but correlated with, both organizational inputs and outcomes.
This measurement approach focuses on how well the internal machinery of agencies is functioning. We analyze a vast trove of
subjective and objective performance information and aggregate it using a Bayesian structural equation measurement (BSEM)
model. We isolate organizational performance from inputs and outcomes through careful model specification, information from
the BSEMmodels, and model identification through a careful evaluation of different models and diagnostics. Our analysis yields
2479 organizational performance estimates for 135U.S. federal departments and agencies spanning 19 years between 2002 and 2024.
We explore the validity of these estimates by comparing them with other measures of similar or related concepts. We conclude by
discussing the implications of our measurement approach and its usefulness for evaluating organizational performance in diverse
and changing contexts.

Modern governments are awash in data and activity and yet
elected officials rarely have a simple way to compare the per-
formance of one agency to another. Ideally, transition officials
would provide new executive and legislative officials with a
simple chart or heat map that detailed high and low agency
performance. This would allow new leaders to efficiently allo-
cate their management and oversight efforts. Developing an
overall picture requires aggregating and filtering a tremendous
amount of complex performance information. In the U.S. federal
government, for instance, there are dozens of subjective and

objectivemeasures for hundreds of agencies. Public officials need
to separate out the helpful from the misleading data (see, e.g.,
Cheon et al. 2021; Favero et al. 2025; Van Ryzin 2006). They
also need a principled way to aggregate performance data since
diverse measures reveal information about discrete activities and
use different criteria (e.g., efficiency, effectiveness, equity, etc.).
To complicate matters, agencies can be operating at a high level,
but political, economic, or societal events beyond their control
can decouple organizational performance from clear changes
in outcomes. Without a principled approach to aggregating
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performance information, public officials fall back on haphaz-
ard and informal patterns, increasing the chances they make
mistakes.

These challenges are not unique to federal officials in the
United States (Rogger and Schuster 2023). Indeed, we are in
what one author calls “the era of governance by performance
management” (Moynihan 2008, 4). Governments across contexts
and at all levels have adopted performance measures to inform
their budgeting and management processes (e.g., Boyne 2010;
Melkers andWilloughby 2005; Poister 2003; Rogger and Schuster
2023). Performance measures influence the ways elected offi-
cials oversee agencies—from budgets to public hearings—and
can drive decision making inside agencies in productive and
unproductive ways (Courty and Marschke 2011).

While use of performance information has expanded, it has been
difficult to find measures that allow for meaningful comparisons
across different kinds of programs and agencies (Andrews et al.
2006; Boyne et al. 2006; Rogger and Schuster 2023).1 Public sector
organizations perform a variety of functions that are hard to
observe and hard to connect to changes in outcomes (Wilson
1989). Indeed, such organizations can suffer what looks like
poor performance because of events beyond their control. While
scholars have made important progress measuring comparative
organizational performance through creative means, existing
efforts are often plagued by conceptual andmeasurement difficul-
ties (Andersen et al. 2016; Boyne 2010; Boyne et al. 2006). There
are numerousmeasures evaluating performance on discrete tasks
on different dimensions of performance in distinct parts of
agencies, but these do not equate with an aggregate measure of
organizational performance.

In this paper, we introduce a new approach to measuring
U.S. federal agency performance that overcomes many of these
difficulties. Our approach captures organizational performance—
that is, how the machinery of agencies is working, something
conceptually distinct from, but correlated with, both inputs
(e.g., budgets, staffing) and outcomes (i.e., results). This
includes the quality of management, execution of core tasks
(e.g., human resources, financial management), employee
morale, and other correlates of organizational health.We describe
a way to aggregate diverse subjective and objective performance
information at different levels. We use data from dozens of
different sources, including federal employee surveys, govern-
ment employment data, and other indicators of performance to
generate performance estimates via a Bayesian structural equa-
tion measurement (BSEM) model.2 We isolate organizational
performance—as opposed to inputs or outcomes—through
careful choice of which performance measures to include
in our models, information from parameter estimates about
which indicators load on the appropriate dimension, and model
identification through careful evaluation of different models and
diagnostics. We generate organizational performance estimates
for 135 U.S. federal departments and agencies between 2002
and 2024 that vary across agencies and time. To validate our
new measure of organizational performance, we compare our
estimates to other measures of similar or related concepts.
We conclude by discussing the contribution and limitations
our measurement approach and its usefulness for evaluating
organizational performance in diverse and changing contexts.

1 Challenges in Comparative Performance
Measurment

Scholars and practitioners have been interested in the measure-
ment of agency performance for some time, with this interest
accelerating as part of widespread enthusiasm for the New
Public Management (Moynihan 2008; Poister 2003). There is a
large literature on why performance management reforms are
adopted and whether they contribute to program or organiza-
tional improvement (e.g., Kroll and Moynihan 2021; Moynihan
2008; Poister et al. 2013; Sanger 2013; Wang 2002). Embedded in
these evaluations is an important debate about how to meaning-
fully measure performance in a way that is comparable across
contexts.

Public sector performance is difficult to compare across contexts
for many reasons (Nyhan and Marlowe 1995). First, observers
note that agencies often perform tasks and expend effort that
is hard to observe and this can lead performance measures
to be quite removed from what agencies actually do (Nyhan
and Marlowe 1995; Smith 2006). Organizational performance
can be decoupled from outcomes or results that ensue from
administrative activities. For example, it is hard to discern how
much credit to give the State Department for success or failure
of regional democratization regardless of how well the agency
performs. Factors well beyond the control of the agency combine
to determine democratization and sometimes their actions bear
no fruit immediately. A highly functioning agency may not be
rewardedwith immediate changes in outcomes. And, by contrast,
a poorly functioning agency may be the recipient of fortuitous
outcomes. The problem is further complicated by the fact that
programs and agencies have different or unclear goals (Chun and
Rainey 2005). Ideally, we would be able to observe how agency
activities change desired outcomes in a way that allowed direct
comparisons. Often, however, this is impossible.

A “levels of analysis” problem also complicates efforts tomeasure
administrative performance (e.g., Andersen et al. 2016). Some
performance measures are targeted at specific tasks. Others are
directed at discrete units such as bureaus that perform many
tasks. Still others focus on larger organizations that encompass
many smaller units such as an executive agency or depart-
ment. This makes comparisons across contexts difficult. This is
particularly the case since scholars and practitioners evaluate
performance using different criteria. Boyne (2002), for example,
identifies 16 different performance criteria for evaluation, includ-
ing equity, efficiency, effectiveness, and satisfaction. It is not clear
how to compare a good performance based upon efficiency in
one program against good performance on client satisfaction in
another program. Finally, stakeholders often disagree on what
defines good performance. For example, a Republican and a
Democrat looking at the Environmental ProtectionAgencymight
define good performance quite differently (e.g., Boyne and Dahya
2002, 181; Nyhan and Marlowe 1995, 335; cf. Richardson et al.
2025).

In response to these concerns, some forms of comparative perfor-
mance assessment focus on individual task-specific measurable
activities like revenue forecasting (e.g., Krause andDouglas 2006)
or payment error rates (e.g., Krause and Hong 2025; Park 2022).
Others restrict focus to a single sector such as law enforcement
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or education (e.g., Boylan 2004; Rutherford 2016). Scholars have
also made important advances using subjective assessments in
surveys that include comparable questions (Brewer and Selden
2000; Chun and Rainey 2005; Piper and Lewis 2023) and various
government generated performance scores (Kroll and Moynihan
2021; Lewis 2007).

Although such efforts have helped advance our knowledge and
practice of performance measurement, many questions remain.
Focusing on comparable tasks or sectors may limit our ability
to generalize to other government activities or components.
For example, if we focus on tasks like revenue forecasting or
responsiveness to information requests, this means measuring
performance on tasks that are not central to most agencies’
missions. Similarly, are factors correlated with performance in
education or law enforcement generalizable to other public sector
contexts like research and development or procurement? When
scholars and practitioners use surveys to measure performance
across contexts, they rely on subjective evaluations, including
self-reports (e.g., Lee and Whitford 2013; Meier et al. 2015;
Richardson et al. 2025). Moreover, the level of organization eval-
uated is often unclear (Thompson and Siciliano 2021), and many
survey questions and instruments are designed for purposes
other than measuring overall agency performance (Fernandez
et al. 2015; Rogger and Schuster 2023). Government generated
agency performance scores can be biased, poorly conceived, and
unsuccessfully implemented (e.g., Courty and Marschke 2011;
Lavertu and Moynihan 2013; Radin 2000). More generally, what
information existing measures convey can vary by stakeholder
since different stakeholders may define good performance differ-
ently (Andersen et al. 2016; Boyne andDahya 2002; cf. Richardson
et al. 2025).

What is needed is an approach to the measurement of adminis-
trative performance that overcomes these challenges. Ideally, the
approach would disentangle performance related to administra-
tive operations from factors that might influence performance
(e.g., budgets, staffing), as well as those beyond the control
of the agencies themselves that may well impact outcomes
(e.g., COVID-19, an economic downturn). The unit of analysis
and goals should be clear (e.g., task, bureau, or agency) and the
measures should accommodate and discriminate among various
subjective and objective indicators (e.g., surveys, awards, inves-
tigations) on different dimensions of performance (e.g., efficacy,
satisfaction) in a flexible, reasonable, and transparent way (see,
e.g., Cheon et al. 2021; Favero et al. 2025; Van Ryzin 2006). The
measure should be broadly acceptable to relevant stakeholders
(e.g., Republicans and Democrats in government) and comport
with common conceptions of good and bad performance.We turn
now to our approach.

2 Defining Elements of Organizational
Performance

Given the diverse approaches tomeasuring administrative perfor-
mance, it is important to be clear conceptually. To begin, we start
with the simplest assumption—an assumption we relax later—
that for each agency there is an underlying unobservable latent
dimension, organizational performance, that is a composite of

performance on numerous goals or tasks, large and small. This
includes the quality of management, execution of core tasks (e.g.,
human resources, financial management), employee morale,
and other correlates of organizational health. To measure this
underlying latent dimension, we must rely on various observable
indicators (e.g., average responses to a survey question, agency
awards, etc.). Each measure imperfectly reveals information
about latent organizational performance. The higher the quality
of measures we have, the better we can place the agency along
this latent performance dimension.

Of course, not all measures are useful or uncontested. Some
measures may not reveal much about agreed upon definitions of
good performance. We need to start by recognizing distinctions
among the concepts of inputs, performance, and outcomes (i.e.,
results). We then must clarify whether measuring performance
is even possible given the perspectives of different stakeholders
(e.g., Republicans and Democrats). A successful approach must
also disentangle task performance from aggregate performance at
different levels (i.e., performance of a subcomponent vs. perfor-
mance of the organization as a whole), and account for different
dimensions of performance. Hence, our measurement strategy
overcomes these limitations by offering a holistic assessment
of organizational performance anchored in the effectiveness of
administrative operations that is comparable both across agencies
and time.

2.1 Measuring Performance vs. Inputs

Scholars and users of performance measures often conflate
organizational performance with either inputs or outcomes even
though these concepts are distinct (Yang and Holzer 2006,
117; Rogger and Schuster 2023). Consider the Veterans Health
Administration (VHA) as an example. The mission of the VHA
is to provide high quality healthcare to veterans. How might we
measure the agency’s performance? To begin, wemight use inputs
such as a count of the number of physicians or hospitals funded
as measures of performance. In an important sense, however,
neither of these is a measure of the health of veterans. We
believe that each itemmeasured contributes to good performance.
The agency could be performing poorly with many physicians
and large numbers of healthcare facilities. Higher administrative
capacity, in the form of more physicians or facilities funded,
is a precondition that facilitates the agency in achieving its
goals.3

Being explicit about the relationship between inputs and perfor-
mance can help us properly interpret performance information.
First, it helps us prioritize some types of performance related
information over others. For example, if we have direct indica-
tors of performance (“is your agency performing well?”), these
should be prioritized over others. Second, it helps us understand
performance measures in context. Scholars using measures of
administrative capacity might argue that VHA officials that have
built capacity in the form of more physicians or more facilities
have performedwell on an administrative task. Information about
performance on this task can contribute to our understanding of
organizational performance even though such performance is not
the same as an agency providing excellent healthcare for veterans.
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2.2 Good Organizational Performance Does Not
Always Translate Into Success

In the same way that inputs are correlated with, but distinct
from, organizational performance, outcomes are also correlated
with, but distinct from, organizational performance. Scholars and
users of performance measures often conflate good performance
with success and poor performance with failure (Boyne 2010,
210–211; Smith 2006, 79–82). For example, economic development
in a specific area should be correlated with the performance of
the economic development bureaucracy in that jurisdiction, but
not perfectly. As the true performance of the agency improves,
so does the expected level of economic development. There are,
however, some instanceswhere an agency is performing verywell
but their level of economic development in that year does not
match it. They get lucky or unlucky. For example, it is possible
that the regional or world economy experiences a downturn
in a particular year. Similarly, while high quality veterans care
leads to better outcomes for patients, outcomes are conceptu-
ally distinct from administrative performance. Despite receiving
quality care, veterans may still die of cancer and other health
issues.

The distinction between organizational performance and out-
comes is true more generally. Indeed, a nontrivial gap exists
between these concepts. This gap can exist because of unforeseen
and uncontrollable factors in the environment. It can also emerge
because of the complexity of the work. Sometimes the legislature
has given an agency a very hard task (Netra et al. 2022). Some
agencies have simple tasks like cutting andmailing checks, others
endeavor to solve very hard problems like stopping drug addiction
or sending astronauts into space. This distinction between success
and performance has an important implication for performance
measurement since many indicators of performance actually
measure either success or results. So, for example, if scholars
compare the accuracy of budget forecasts across contexts, a
forecast with 0 error is a perfect forecast. Yet, the accuracy of
a forecast is somewhat stochastic and high performing budget
offices and employees can get it right and wrong. In fact, a
lower performing budget office can look better than a higher
performing office if they get lucky. Similarly, they may look
systematically better if the forecasting tasks are easier in their
jurisdiction. As the forecasting example suggests, the larger
the number of observations of success and failure, the more
confidence we can have in our estimates of latent performance,
conditional on some understanding of task complexity.

Scholars and practitioners have done significant work trying to
evaluate performance through the lens of an agency production
function, an approach that focuses on the relationship between
organizational inputs and outputs (or outcomes). Yet, a produc-
tion function approach obscures howwell internal administrative
processes are functioning, treating internal operations as a black
box. Nor does a production function approach solve the compara-
bility problem since agency outputs (e.g., air pollution, democracy
in the Balkans) are so varied. A focus on inputs and outputs can
also shift our attention toward efficiency and cost effectiveness,
while ignoring other vital administrative values such as equity,
client satisfaction, or output quality (Andersen et al. 2016; Boyne
2002; Gębczyńska and Brajer-Marczak 2020). In addition, how
effective an agency is at fulfilling its mission might be related

to factors that cannot be gleaned from the relationship between
inputs and outputs (or outcomes).

Although the measurement of public agencies’ performance is
both contested and complex, we seek to capture its inherent
process-based nature by emphasizing a common focus on orga-
nizational characteristics relating to the quality of individual
processes (e.g., human resources, procurement), and also the
collective outputs of those processes (e.g., effective goal setting
and accomplishment) that can be compared across agencies and
through time.

2.3 Different Stakeholder Conceptions of
Administrative Performance

In the prior sub-section, we established that our concept of
interest is the organizational performance of public agencies.
Measuring the organizational performance of U.S. federal agen-
cies is complicated by the fact that stakeholders, such as political
parties, clientele groups, or citizens, can disagree about the
definition of good agency performance. This can mean different
things. It can mean that parties evaluate agency performance
on different dimensions. For example, one observer may care
more about efficacy while another cares more about efficiency
(something we discuss further below). More troubling is the
possibility that stakeholders accurately observing the same latent
agency performance might classify it differently. For example,
a Democrat might suggest that an agency is effective and high
performing while Republicans would classify the same agency as
low performing. We assume here that if stakeholders were able to
observe this latent performance dimension perfectly, they would
classify it similarly. That is, both parties can look at organizational
performance data and determinewhether the agency is healthy or
sick even when they disagree about what the agency does.

Of course, politicians have policy goals and may prefer that
agency officials use their legal authority to pursue some policy
goals and not others. This often gets conflated with performance.
Agency policy choices influence whether political actors define
agency performance as good or bad. When we measure organiza-
tional performance, we are not measuring agency policy choices
that might reflect differences in taste or preference. Rather, we
are interested in evaluating what politicians of different parties
or ideological leanings can agree on—Is the organization healthy
and marked by all the relevant characteristics of well-functioning
agencies such as high morale, few scandals, low employee turnover,
evidence of goal setting and accomplishment, and the like?

We acknowledge that our approach is limited insofar that cases
exist where it can be difficult to distinguish organizational
performance fromdisagreements over policy goals. It is important
to remember, however, that most programs enjoy bipartisan
support and many aspects of administrative performance have
little to do with policy per se (Bednar and Lewis 2024; Gramlich
2017).4 This is borne out by a recent study showing a strong
positive correlation between agency performance ratings by
Republicans and Democrats in the United States (Richardson
et al. 2025). When Democrats thought agencies were performing
well, so did Republicans and vice versa. Although scholarly
attention often focuses on sources of partisan or ideological
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FIGURE 1 Measuring department performance by aggregating subcomponent performance.

disagreement, a wide consensus exists for a considerable amount
of government activity, particularly activity related to effective
operations (Richardson 2024).

2.4 Aggregating Performance Information
Across Levels

Organizational performance is a composite concept, aggregating
performance on numerous tasks, large and small. Some of these
tasks relate to agency core missions and others to auxiliary
statutorily mandated tasks, including internal agency operations
and processes like financial management, purchasing, human
resources, and so forth. An agency might be performing at a
high level on one task (e.g., catching criminals) and poorly on
another (e.g., freedom of information requests). Our approach to
measuring latent organizational performance involves weighted
averaging across observable indicators that reflect different tasks
or aspects of agency operations (see Figure 1 below). Depending
upon size, an agency’s overall performance can also be a compos-
ite of the performance of many different agency subcomponents.
One subcomponent can have high overall performance and
another low overall performance. When we measure aggregate
organizational performance we are implicitly averaging across
multiple units (and tasks) within each public agency.

Given this complexity, scholars do not observe true performance
directly.5 They observe something analogous to responses to
questions on an aptitude test. No one question can reveal
true performance, but a set of questions properly designed and
evaluated can get you closer. In aptitude testing, the greater the
number of effective questions, the more confident the evaluator.

Similarly, each observable performance indicator provides infor-
mation about the underlying latent dimension. Some perfor-
mancemeasures help separate very low performing agencies from
the low performing and others high performing agencies from
very high performing. Some measures provide a noisy signal
of underlying performance and others offer a clear signal. We
evaluate aggregate agency performance in a manner that can
incorporate many different measures, accounting for the fact that
such measures reflect the complexity of tasks. Some measures
will do a better job separating low and high performers, as well
as perform better at mapping an observed measures onto a level
of performance. The key is to have a principled, explicit way
of aggregating this information. Our approach will not infer
performance based upon either a single measure or small set of
measures (e.g., employee turnover quality of work unit, caliber

of program management). Rather, it uses many different indi-
cators, carefully selected and appropriately weighted to develop
organizational performance estimates.

2.5 Different Criteria for Evaluating
Performance

Evaluations of performance on tasks can encompass different
criteria such as efficiency, efficacy, equity, client satisfaction, or
other dimensions (Andersen et al. 2016; Boyne 2002; Gębczyńska
and Brajer-Marczak 2020). Some measures tap into performance
directly, aggregating across the different criteria. For example, a
survey of executives might ask, “How would you rate the overall
performance of the VHA in carrying out itsmission?” (i.e., overall
performance). By contrast, other measures might tap costs per
patient (efficiency), average return visits per patient (effective-
ness), or the percentage of veterans satisfied with their treatment
(client satisfaction). That is, some measures of performance can
measure accomplishment across tasks but are restricted to a
single criterion—for example, evaluating the extent to which an
agency is meeting its equity goals across different tasks.

Each performance criterion relates to our overall notions of
organizational performance. Agencies producing outputs that
have the desired effect on outcomes and do so in a way that is
cost-effective, generates satisfaction, and treats clients equitably
is performing better than one that perhaps accomplished all of
these things but wasted funds. Performancemeasures, when they
are used, are implicitly aggregating evaluations across different
performance metrics. When stakeholders report their subjective
evaluations of performance, they are themselves usually aggre-
gating across criteria to give an overall rating. Our approach
attempts to aggregate evaluations of organizational performance
on different criteria and allow details of the estimation to tell us
what measures are best at uncovering this latent construct, and
how much they do so.

3 Organizational Performance Data

To develop our measures of performance we collected data
from a variety of government and nonprofit sources, including
the General Services Administration (GSA), the Government
Accountability Office (GAO), theMerit Systems Protection Board
(MSPB), the Office of Management and Budget (OMB), the
Office of Personnel Management (OPM), and the Partnership for
Public Service (PPS). Some of these data are subjective, indicators
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TABLE 1 U.S. federal agency performance information, 2002–2024.

Source Title Years

Subjective
Office of Personnel Management FHCS/FEVS 2002–2008 (biannual); 2010–2024 (annual)
Merit Systems Protection Board Merit Principles Survey 2005, 2007, 2010, 2011, 2016, 2021
Richardson et al. (2018, 2025) Survey on the Future of Government Service 2014, 2020
General Services Administration Customer Satisfaction Survey 2015–2024
Partnership or Public Service Best Places to Work Index 2002–2010 (biannual); 2011–2024 (annual)
National Quality Research Center American Consumer Satisfaction Index 2011–2024

Objective
Government Accountability Office High Risk List 2002–2023 (biannual)
Government Accountability Office Congressionally Requested Reports (bipartisan) 2002–2023
Office of Personnel Management Employee Performance Awards 2002–2023
Office of Personnel Management Employee Turnover Data 2002–2023
Partnership for Public Service Sammies 2003–2024
Office of Management and Budget Program Assessment Rating Tool (PART) 2002–2008
Office of Management and Budget Performance & Accountability Reports (PARS) 2002–2011

Note: Our models only include data from 2002, 2004, 2006, 2008, and 2010–2024 due to available performance data limitations.

based upon the perception of persons working in or close to
agencies. Other data are objective, presenting counts of good
or bad indicators of administrative performance (e.g., presence
of award-winning employees, employee turnover). We list data
sources in Table 1. The sources provide data on 135 agencies for
19 years during the 2002–2024 period (Appendix A for a full list).

3.1 Subjective Data: Surveys of U.S. Federal
Employees and Citizens

During 2002–2024, theOPM,GSA, andMSPB all surveyed federal
employees about factors related to organizational performance.
For example, since 2015 theGSAhas surveyed tens of thousands of
federal employees each year about the quality of services and sup-
port that they receive in their agencies in information technology,
acquisition, human resources, and financial management. The
MSPB and OPM regularly survey employees about the quality of
managers in their agencies or the quality of work their organiza-
tions deliver. Several outside groups have also conducted federal
employee surveys during this period asking performance-related
questions.6 Collectively, there are 37 different surveys of federal
employeeswith 32 different performance-related questions.Many
questions repeat across surveys and years. In Appendix B we
include a list of surveys of federal employees, the author of the
survey, the number of agencies evaluated, and the number of
performance-related questions. We also include the overlapping
performance-related questions from the surveys. Federal execu-
tives and rank-in-file employees have themost direct information
about what is working well or poorly and provide informative
measures of organizational performance.

Since 2003, the PPS has used OPM survey data to create perfor-
mance indices, including a Best Places to Work in Government
index.7 According to the PPS, “The index score is calculated using

a proprietary weighted formula that looks at responses to three
different questions in the federal survey. The more the ques-
tion predicts intent to remain, the higher the weighting.”8 The
Partnership also created a 2002 and 2004 Effective Leadership
index comprised of answers to 13 different leadership questions
on the survey. Component questions for both indices appear in
Appendix B.

Our final subjective performance indicator is a measure of
customer satisfaction. In 1994, the National Quality Research
Center at the University of Michigan developed the American
customer satisfaction index (ACSI). The ACSI uses customer-
survey responses to questions about customer expectations,
perceived quality, satisfaction, and complaints, tailored to the
public sector context, to create an index of public satisfactionwith
different agencies. The ACSI provided one aggregate government
index rating until 2010, while expanding to asmany as 28 different
agencies as of 2011.

3.2 Objective Data: GAO Analysis, PART Scores,
and Employee Award and Turnover Data

The federal government and outside groups have actively col-
lected objective indicators of performance during this period. The
GAO, OMB, OPM, and PPS all sought to evaluate or reward agen-
cies for good performance during this period. Starting in 1990,
the GAO began publishing a self-initiated report on government
activities they considered high risk, called the “High-Risk List.”
The GAO defines high risk as areas of significant weakness in
government activities or programs, particularly if the activities
involve substantial resources or provide critical services.9 We
collected counts of programs on the list by agency and year. We
also collected data on counts of GAO reports from 2002 to 2023
resulting from bipartisan requests for GAO investigations.10 We
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do so on the assumption that bipartisan requests likely reflect real
performance concerns, rather than simple efforts to discredit the
presidential administration. A total of 122 of the 135 agencies in
our data have been the subject of a GAO investigation, with some
exceeding 300 for a given year.

In addition to GAO data, we include two different government
performance scores. First, we collected data on all federal pro-
grams evaluated during the George W. Bush Administration
using the ProgramAssessmentRatingTool (PART). Between 2002
and 2008, the Bush Administration evaluated the performance
of 1016 programs on four categories of performance (program
purpose and design, strategic planning, program management,
and program results).We analyze strategic planning and program
management scores here since they are closest to the concept
of organizational performance. We will later compare them
to program results component of the PART scores that reflect
administrative outcomes.

Second, we include Performance and Accountability Reports
(PAR). The Government Performance and Results Act (GPRA)
of 1993 required agencies to set performance goals and document
progress toward goals. Between 2002 and 2011, agencies identified
more than 20,000 goals and reported progress on these goals (Lee
and Whitford 2013; Resh and Cho 2020). We use data provided
by Resh and Cho (2020) to generate agency-year averages of
goals unmet, met, and exceeded for 27 agencies from 2002
to 2011.11

We also make use of both government and nonprofit data on
agencieswith employeeswinning awards. Agencies that regularly
produce award winning employees are also seeing improvements
in programs or efficiency since these criteria determine employee
awards. We obtained government employee performance award
data from the OPM for four types of awards: high performance
award—rating based (2002–2023), high performance award—not
rating based (2003–2023), individual suggestion/invention award
(2002–2023), and quality step increases (2002–2023).12 Each year
since 2001, the PPS has awarded dozens of federal employees
Samuel J. Heyman Service to America Medals (also known as
“SAMMIES”). In total, more than 700 federal employees working
across the executive branch have been awarded this prize. In
each year, agencies have had up to four employees as finalists
for performance awards in different areas and agencies have
had up to three employees win awards for a given year. Among
the agencies with the most nominees and winners across this
period are the Departments of Commerce, Defense, and Health
and Human Services. Some have never had a winner, including
agencies like the Department of the Air Force and the National
Labor Relations Board.

Finally, we collected data from OPM on employee separations,
both aggregate agency-year percentages and turnover percentages
for subsets of different kinds of employees (e.g., probationary,
experienced). We obtained this data from the OPM’s Employee
HumanResources Integration (EHRI). These data account for the
plausible view that high percentages of turnover reflect problems
in administrative performance. Because this or any performance
measurement approach depends upon the quality and availability
of data, we are only able to generate valid performance estimates
for 2002, 2004, 2006, 2008, and 2010–2024. Omitted years could

not yield valid estimates due to sparseness of data in select years
before 2010 (2003, 2005, 2007, and 2009).13

4 Methods

The goal of our measurement strategy is to model the rela-
tionship between agencies’ latent organizational performance
and observed performance indicators of various types. To
isolate organizational performance—as opposed to inputs or
outputs—we make careful specification choices, glean infor-
mation from parameter estimates, and conduct a variety of
diagnostic tests. These performance indicators consist of process-
oriented measures—as opposed to inputs or outcomes. Our
model produces a set of numerical estimates that we compare
to other measures of the same concept (convergent validity) and
related concepts (predictive validity). These steps together help us
isolate operational performance fromother conceptions of agency
performance.

Model specification: To begin, we choose subjective and objective
measures to include in models that are closest to the concept
of organizational performance. We exclude measures of inputs
(e.g., budgets, employment) and outcomes (e.g., number of
permits, inspections). So, for example, our models include yearly
agency average responses to questions like “My agency is success-
ful at accomplishing its mission.” We also prioritized measures
that cover a large number of agencies and years to facilitate
comparability and yield reliable estimates based on sufficient
data. For example, OPM turnover data or data from the Federal
Employee Viewpoint Survey (FEVS) are useful here since these
data cover most agencies in all years we examine.

Parameter estimates: After deciding on an initial specification,
we estimated models and use the resulting parameter estimates
to determine which measures helped separate low and high
performing agencies. One useful feature of the BSEM models is
that the parameters provide information about whether the per-
formance measures we include distinguish agencies on the latent
dimension. In the same way that a standardized test question
asking “Is blue a good color?” does not help us measure latent
academic ability, so some performance measures do not help
us measure organizational performance. Some measures offer
only modest insight into actual performance, perhaps because
agencies game the measures, the measures are politicized, or the
measures are poorly designed (e.g., Andrews et al. 2006; Bertelli
and John 2010; Moynihan 2009). In such instances, although
these measures might offer some limited useful information
into actual performance, they will do so in a “noisy” manner
by containing a substantial amount of measurement error and
reflected in low standardized factor loadings.14 We dropped
measures that were not helpful predicting latent operational
performance.

How many dimensions? To isolate organizational performance
we need to verify that this concept can be characterized by
one dimension. This is something we have explored thoroughly.
We used different conceptions of performance and Bayesian
exploratory factor analysis (BEFA) as a starting point. We then
estimated BSEM models accounting for multiple dimensions in
different ways and evaluated the comparative fit of different
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approaches using model diagnostics. The model fit statistics
reveal that BSEM models analyzed containing two dimensions
are better fitting than the reported model based on root mean
square error approximation (RMSEA), comparative fit index
(CFI), and Tucker–Lewis index (TLI) model fit criteria.15 We
could not, however, reject the one-dimensional model as the best
model because of a high correlation between latent constructs in
two-dimensional models and the similarity of estimates across
simpler and more complex models.16 The posterior medians from
the different one and two-dimensional models are correlated at
between 0.9859 and 0.9995 and posterior standard deviations are
correlated between 0.9828 and 0.9976 (see Appendix D, Tables
D2A,B). In addition, there was no clear theoretical coherence in
the measures that loaded on a second dimension, consistent with
the high latent factor correlation among dimensions. Given these
considerations, we focus on estimates from a one-dimensional
model in the main text and put estimates for two-dimensional
models inAppendixD.We providemore detail on the basic BSEM
model below.

Model identification: While information from multiple measures
properly aggregated is better than a single measure, we still need
tomake sure that the resulting estimates reflect what we thinkwe
are measuring (i.e., organizational performance). It is possible,
for example, that the inclusion of variables related to employee
satisfaction or PART scores may create a measure of some
concept other than organizational performance. To address this,
we evaluate a variety of different model specifications to deter-
mine whether model estimates change appreciably with different
specifications.17 For example, what happens if we exclude certain
FEVS questions from the model? Are estimates still similar? We
also subject our measurement models to various diagnostic tests
to determine (1) whether the indicator variables load on the
correct/main dimension (Average Variance Extracted, Construct
Reliability) and (2) are not overly correlated with another latent
dimension(s). This allows us to map each indicator variable to
only a single latent construct (Discriminant Validity), as well as
ensure that the latent constructs are empirically distinct from one
another (Nomological Validity).

Since the organizational performance estimates are very strongly
correlated across BSEM models with different specifications, we
have confidence that they are isolating organizational perfor-
mance rather than some other concept. Our estimates are neither
sensitive to model specification nor alternative identification
choices. In addition, we show below that our estimates correlate
with other measures of organizational performance (e.g., from a
different SFGS survey in 2014) or things that should correlatewith
organizational performance (e.g., COVID-19 response).

4.1 Generating Latent Administrative
Performance Estimates (𝜽) From the BSEMModel

The BSEM modeling approach is sensible for both practical and
statistical purposes. The BSEMmodel does not restrict estimation
to a single dimension of performance. Nor does it assume that
multiple latent dimensions are independent of (uncorrelated) one
another. The approach also allows post-estimation diagnostics
beyond standard model fit statistics. Indeed, the BSEM approach
provides information that helps evaluate model identification

assumptions by assessing model-based convergent validity, con-
struct reliability, discriminant validity, and nomological validity.
A Bayesian estimation approach to structural measurement
models is helpful since it allows us to deal with the missing data
that naturally arises from using a wide range of data sources.18
By implementing a BSEM modeling approach, we can generate
unique uncertainty estimates for each agency-year observation
from the Bayesian posterior distributions.

The most general model form that we estimate is a two-factor
confirmatory factor Bayesian structuralmeasurementmodelwith
correlated errors. The latent traits for the first and second dimen-
sions of organizational performance are defined respectively as
yi*F1 and yi*F2. The BSEMmodel is defined as:

𝑦∗𝐹1
𝑖

= 𝜐𝐹1 + Λ𝑝𝜂
𝐹1
𝑝𝑖

+ 𝜀𝐹1
𝑖

(1)

𝑦∗𝐹2
𝑖

= 𝜔𝐹2 +Π𝐹2
𝑞 𝜃

𝐹2
𝑞𝑖

+ 𝜁𝐹2
𝑖

(2)

where υF1,ωF2 constitute intercept terms for each respective latent
trait equation; 𝜂𝐹1𝑝𝑖 , 𝜃

𝐹2
𝑞𝑖

represent p, q dimensional vectors of
observed indicator variables in each measurement equation for
each respective latent trait, whileΛp

F1, Πq
F2 are the corresponding

p × 1, q × 1 parameter matrices of factor loadings and εF1,
ζF2 constitute the residual vectors for each latent trait equation
that are allowed to be correlated. Their corresponding variance-
covariance matrix is denoted as Θ = ρ(εF1, ζF2). Estimates are
generated via the Bayesian posterior density of the parameter
distributions for the slope, intercept, and loading parameters (νF1,
ωF2; Λp

F1, Πq
F2), the variance-covariance parameters (εF1, ζF2),

and the latent variables of interest (ηpF1, θqF2). The conjugate
non-informative priors for all the free parameters (νF1, ωF2; Λp

F1,
Πq

F2) are normally distributed with mean zero, and positive
infinity variance; the variance-covariance parameters (εF1, ζF2)
follow an inverse Wishart distribution containing a mean of 0
(nonbinary probit links) or 1 (binary probit links) and a variance
of 3; except for the variance parameters that are block diagonal
of size 1, and hence follow an inverse gamma distribution with
mean set to −1 and variance set equal to zero that is equivalent
to a uniform prior on [0, ∞).19 In those instances where only a
single latent administrative performance dimension is estimated
(such as in the reported Model 1 in Table 2), the BSEM depicted
above simplifies to only consisting of equation (1), sans latent
factor correlations due to being premised only on a single latent
dimension.

We estimated the model with Bayesian Markov Chain Monte
Carlo simulation methods, implemented via Gibbs sampling,
employing 100,000 iterations, with 2 chains, and 100 intervals
employed for thinning using Mplus statistical software (Version
8.10). Our analysis utilizes multiple imputation to generate
plausible values consistent with the observed data through
1000 draws, which form the basis for the Bayesian posterior
distribution for each indicator variable, and more importantly,
generate the resulting latent factor estimates based on plausi-
ble values for these latent measures by treating the indicator
variables as containing missing data on all agency-year observa-
tions (Asparouhov and Muthen 2021). Estimation of this model
generates 1000 sets of Bayesian posterior theta (θ) factor score
estimates corresponding to each agency-year observation. The
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TABLE 2 BSEMmodel of organizational performance, U.S. federal agencies 2002–2024.

Variables Model 1

Subjective measures
FEVS: Fulfilling agency mission 0.887*** (0.008)
FEVS: Quality of work unit [2002–2019] 0.801*** (0.013)
FEVS: Quality of work unit [2020–2024] 0.770*** (0.027)
FHCS: Organization as a place to work compared to others 0.978*** (0.019)
MSPB: Satisfaction with supervisor 0.921*** (0.016)
MSPB: Satisfaction with managers above supervisor 0.942*** (0.014)
PPS: Best places to work score [2002–2019] 0.916*** (0.008)
PPS: Best places to work score [2020–2024] 0.848*** (0.018)
FHCS: Effective leadership [2002 and 2004] 0.772*** (0.047)
GSA acquisition 0.495*** (0.038)
GSA financial management 0.554*** (0.034)
GSA human capital 0.610*** (0.031)
GSA information technology 0.489*** (0.036)

Objective measures
Agency turnover (total percentage) −0.085*** (0.024)
PART score (Section 2) 0.215** (0.100)
PART score (Section 3) 0.200** (0.102)

Model fit and diagnostic statistics
Comparison fit index (CFI) 0.831 [0.823, 0.840]
Tucker–Lewis fit index (TLI) 0.806 [0.797, 0.816]
Root mean square error of approximation (RMSEA) 0.052 [0.050, 0.053]
Average variance extracted (convergent validity) 0.508
Proportion of model variance explained (construct reliability) 0.931

Note: Models estimated with 2479 observations on 135 agencies in 2002, 2004, 2006, 2008, and 2010–2024. Model estimates generated from 1000 Bayesian posterior
empirical distribution functions (EDFs) based on 100,000MCMC iterationswith two chains using Gibbs samplingwith datamissing at random for imputed values.
Entries are standardized factor loadings with standard errors inside parentheses, except for model fit statistics content that reports 90% credibility interval values
inside brackets. The Deviance Information Criterion is 4219.46. The Bayesian Information Criterion is 4499.25.
**p ≤ 0.05. ***p ≤ 0.01.

Bayesian posterior median theta (θ) estimates yield point esti-
mates of latent organizational performance, while the Bayesian
posterior standard deviation and corresponding 95% credibility
intervals provides measures of uncertainty surrounding these
point estimates. One of the advantages of the Bayesian approach
is that it requires less stringent model identification assumptions
compared to a standard frequentist model since the former
explicitly accounts formodel uncertainty. In our case, each BSEM
model estimated in this study relies on an empirical posterior
sampling distribution of 1000 sets of models, as opposed to
a single set of estimates for a given model generated from a
frequentist modeling approach.

5 Empirical Results

Table 2 lists the BSEM model estimates in the form of standard-
ized factor loading coefficients. Each coefficient represents how
well the observed indicator correlates with the underlying latent

dimension. Each of the 16 coefficient estimates is appropriately
signed, substantial, and statistically significant at the p ≤ 0.05
level. Larger values of the standardized factor coefficients cor-
respond to a greater amount of each indicator’s variance being
explained by the latent trait. The survey questions related to
one’s organization as a place to work, agency leadership, and
the success of the agency in fulfilling its mission explain the
most variance. Those closest to the agency may provide the most
revealing information about administrative performance when
these measures are properly constructed.

The cases with standardized factor loadings below 0.50 include
GSA surveys of users about the quality of Acquisition (0.495) and
Informational Technology (0.489) functions in their agencies. The
standardized factor loadings for the objective indicators, that is,
agency turnover and PART scores, were also estimated to be less
than 0.50. While these latter measures help parse performance,
they contribute less than other indicators since they contain
nontrivial measurement error with respect to the latent construct
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of interest—organizational performance. The objective measures
may contain higher levels of measurement error than subjective
measures because they represent crudermeasures of howwell the
agency is functioning as an organization.20

Overall, the model fit statistics and structural measurement
model diagnostics reveal that the reported model specification is
mixed in terms of model fit. The root mean square approximation
(RMSEA) is 0.052 for Model 1. This is close to the threshold
of excellent model fit (0.050), while being in the acceptable
level (0.05 ≤ 0.10). The CFI (0.831) and Tucker–Lewis fit index
(0.806) values fall below the 0.90 threshold for acceptable fit
criterion, possibly due to more comprehensive (and less parsimo-
nious) nature of this model specification.21 Moreover, convergent
validity (denoted by average variance extracted) and construct
reliability (denoted by proportion of model variance explained)
are above acceptable levels of 0.50 (0.508) and 0.80 (0.931),
respectively. We chose to employ this model for purposes of com-
bining subjective and objective measures in one general model of
organizational performance. As noted earlier, the latent organiza-
tional performance estimates generated here (based on posterior
median) are indistinguishable from those produced by both less
and more complex alternative BSEM models. We have been able
to aggregate diverse performance information in away that allows
comparison. This approach has potential applicability to other
organizations with diverse performance measures and contexts.

We now use the specified model to generate comparable esti-
mates of administrative performance for 135 agencies across 19
years. The estimates provide a type of “heat map” for decision
makers. The organizational performance estimates vary both
across agencies and through time. The performance numbers
are accompanied by uncertainty estimates since the raw data
has errors and our estimates average across tasks, units and
performance criteria. The estimates are not a substitute for a full
evaluation of performance. Rather, they offer what can be viewed
as a heuristic, something like an “organizational health scan” that
can provide summary aggregate measures of federal agencies’
administrative performance for a given year.

5.1 Descriptive Patterns of the Organizational
Performance Estimates for U.S. Federal Agencies

Figure 2 displays the Bayesian posterior medians and 95% confi-
dence intervals for the major executive branch departments and
agencies (excluding subcomponents) before the start of the last
four presidential administrations (i.e., end of 2008, 2016, 2020,
and 2024). This information could be helpful in decidingwhere to
allocate time or attention or what kind of person to nominate to
lead an agency. During the 2024 transition, for example, President
Trump’s team might quickly see that some agencies were doing
better than others and particular attention might be paid to
places like the Social Security Administration and Department
of Justice. Both agencies were reporting problems of morale and
performance before the start of the Trump Administration.22 By
contrast, the Environmental Protection Agency or the Depart-
ment of Education were struggling before the start of the Biden
Administration. The low scores for these agencies are hardly
surprising given what we know about President Trump’s first
term efforts to reduce the federal support and reach of both

departments. President Trump proposed a 26% reduction in EPA
funding and an 8% cut for Education. These proposals, along
with other statements and actions, led to decreases in morale and
performance in both agencies.23 Both presidents would also see
that the National Aeronautics and Space Administration (NASA)
and GSA, two agencies with very different core missions, were
doing relatively well.

While these estimates appear consistent with common percep-
tions about the departments, a focus on large entities might
obscure the real source of performance problems and successes
in the agencies. Figure 3 includes organizational performance
estimates for the major subcomponents of several larger depart-
ments. They reveal significant variation. For example, while
critics have targeted theDepartment ofHomeland Security (DHS)
across the last three administrations, the data reveal significant
variation within the department. The Transportation Security
Administration, Immigration and Customs Enforcement, and
Customs and Border Protection appear to be struggling the
most.24 In the Department of Health and Human Services the
National Institutes of Health (NIH) and Centers forMedicare and
Medicaid Services (CMS) were estimated to be performing well
compared to agencies such as the Indian Health Service (IHS).
This is no surprise to those familiar with the department. The
CMS and NIH are regularly ranked in the top third of all agencies
to work for in government while the IHS has been described
as a “never ending crisis.”25 In the Department of Justice, the
Bureau of Prisons is estimated to be struggling compared to the
rest of the department, something noted by the department’s
inspector general in 2023 and 2024.26 In the Department of Labor
the Bureau of Labor Statistics is estimated to operating well
compared to other parts of the department, including the part
dealing with veterans’ employment. The Veterans Employment
and Training Service experienced a dramatic decline in both
employee engagement and respect for senior leaders during the
Biden Administration and veterans unemployment continues to
be a significant problem.27 In total, the estimates appear to have
face validity.

To further explore the estimates, Table 3 includes a list of the top-
10 and bottom-10 agencies across the entire 2002–2024 period by
average median agency-year performance estimate. Among the
high performers are several well-regarded independent agencies
as well some science agencies and the largely evidence-based
Federal Highway Administration. Not surprisingly, agencies
dealing with immigration and homeland security are among
the lowest scoring agencies. In addition, agencies providing
services to Native American populations and the U.S. Agency
for Global Media are among the low scores. This is consistent
with widespread perceptions and other scholarly research as
recent investigations and reports by the GAO and Congressional
Research Service indicate.28

The cross-sectional rankings obscure important changes within
agencies over time. Some agencies are doing well, particularly
relative to their historical performance and others have a history
of excellent or poor performance and one that continues to the
present. In Figure 4 we graph box plots of the performance
estimates for the executive departments and major independent
agencies over the 2002–2024 period. A few things stand out.
First, some departments and agencies generally performed better
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FIGURE 2 Organizational performance estimates, U.S. CFO Act Agencies [Start of Obama, Trump, Biden, Trump Administrations]. Note: The
figure includes posterior median estimates and 95% confidence intervals from the end of 2008, 2016, 2020, 2024.

FIGURE 3 Organizational performance estimates, subcomponents of selected cabinet departments, 2024. Note: The figure includes posterior
median estimates and 95% confidence intervals from the end of 2024 for the Departments of Homeland Security (DHS), Health and Human Services
(HHS), Justice (DOJ), and Labor (DOL).
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TABLE 3 Average top and bottom 10performingU.S. federal agencies: Average posteriormedian organizational performance estimates, 2002–2024.

Department Agency Management performance

Top 10
Independent National Aeronautics and Space Administration 0.292
Independent Federal Trade Commission 0.290
Independent Federal Energy Regulatory Commission 0.289
Department of the Treasury Alcohol and Tobacco Tax and Trade Bureau 0.287
Department of Justice Executive Office of U.S. Attorneys 0.278
Independent National Science Foundation 0.272
Department of Transportation Federal Highway Administration 0.251
Independent Peace Corps 0.248
Independent Nuclear Regulatory Commission 0.213
Independent U.S. International Trade Commission 0.206

Bottom 10
Department of Health and Human Services Indian Health Service −0.219
Department of Justice Bureau of Prisons −0.231
Department of Homeland Security −0.240
Department of Education Office of Postsecondary Education −0.257
Department of the Interior Bureau of Indian Affairs −0.261
Department of Homeland Security Customs and Border Protection −0.306
Independent U.S. Agency for Global Media −0.309
Department of Homeland Security Transportation Security Administration −0.323
Department of Homeland Security Immigration and Customs Enforcement −0.327
Independent Federal Election Commission −0.346

Note: BSEM models produce 1000 posterior distributions for each organizational performance estimate. Table includes annual average of the posterior median
estimates for each agency’s posterior distributions.

across the entire time period. The agencies that stood out in 2024
in Figure 2 also appear to have performedwell duringmost of this
period, though GSA appears to be performing better than normal
relative to its historical pattern.

Second, some agencies are regularly lower performers than
others, while others seem to fluctuate. Notably, the DHS, the
Department of Housing and Urban Development (HUD), and
the Department of Education seem to regularly be among the
low performers. Other agencies such as the Small Business
Administration (SBA) and the Department of Transportation
fluctuate more. This is reinforced by graphs of agency estimates
over time (Figure 5). These graphs of estimates show the variation
cross-sectionally—, for example, DHS and HUD are on average
lower performers—and over time. We note that a dip in the
performance of the Department of Veterans Affairs is evident
before its wait-list scandal in 2014.29 The efforts President Trump
took to redirect the EPA and Department of State are reflected
in declines in those agencies during his administration. They
notably recover under the Biden Administration.

In total, the descriptive look at the estimates illustrates how they
could be useful and demonstrate a significant amount of face
validity. Few that follow government closely would be surprised
by the high and low performers and expected patterns of change

across time are revealed in the estimates. As we should expect,
however, there are also some surprises, cases where we expect
change and do not see it and cases where agencies are estimated
to be performing worse or better than expected. A useful measure
should both strike us as valid and reveal something we did not
know. The usefulness of any measure depends upon it telling
us something real. The primary way to determine whether a
measure tells us something real is whether it seems to correlate
with other measures we consider valid.

5.2 External ValidationWith Out-of-Sample Data

We evaluate external validity by comparing our estimates to
out-of-sample performance measures excluded from our BSEM
model specifications. This includes time-bound measures of the
agencies’ abilities to accomplish their core missions, useful for
convergent validity since a FEVS question about core mission is a
key element of our latent measure. We also compare our organi-
zational performance estimates tomeasures of outputs/outcomes
more generally. These should also be correlated (i.e., predictive
validity). Recall, that our estimates are measures of operational
performance and are distinct from measures assessing outcome
performance. These alternative measures of performance should
be correlated with one another, however.
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FIGURE 4 Boxplot of organizational performance estimates ofU.S. CFOActAgencies, 2002–2024.Note: Box plot vertical lines are posteriormedian
estimates. Boxes indicate interquartile range and lines indicate minimum and maximums, excluding clear outliers from distribution (dots).

FIGURE 5 Organizational performance estimates of U.S. CFO Act Agencies, 2002–2024. Posterior median estimates and 95% confidence intervals
from 2002, 2004, 2006, 2008, 2010–2024.
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FIGURE 6 Correlation between new organizational performance estimates and other measures. Note: Panels include correlations between our
performance estimates and four outside measures: (1) 2020 elite perceptions of agency performance (Richardson et al. 2025); (2) 2020 weighted agency
average self-reports to question “I am confident in the ability of [my agency] to successfully fulfill its core mission” (Piper and Lewis 2023); (3) 2014
weighted agency average self-reports to question “I am confident in the ability of [my agency] to successfully fulfill its core mission” (Richardson 2019);
(4) 2002–2008 PART program results scores (Gallo and Lewis 2012).

In Figure 6 we graph the correlations between our estimates and
four external performance measures from various years. The top
two panels in the figure correlate our estimateswith data from the
2020 Survey on the Future of Government Service (SFGS), a non-
partisan and non-governmental survey of thousands of federal
executives (Piper and Lewis 2023; Richardson et al. 2025). The
survey asked a series of questions intended to provide different
perspectives on overall agency performance. Importantly, the
survey asked, “How would you rate the overall performance of
[your agency] in carrying out its mission?” Respondents were
given a sliding scale from 1—Not at all effective to 5—Very effective.
They could also indicate a “Don’t know” response. Weighted
agency average responses to this self-assessment can be compared
to our estimates of 𝜃 from 2020. In addition, the 2020 survey
asked respondents to rate the performance of other agencies.
Specifically, the survey began by asking respondents: “Please
select the three agencies you have worked with the most in order
of how often you work with them.” Each respondent was given
a drop-down menu. Later in the survey, respondents were asked
“How would you rate the overall performance of the following
agencies in carrying out their missions?” and given the list of
agencies they provided plus two others. Richardson et al. (2025)
generated performance estimates based upon the thousands of
ratings federal executives. These scores can be compared to our
2020 estimates.

The third panel includes a correlation between our 2014 per-
formance estimates and a measure of performance from the

2014 SFGS. In 2014, the SFGS asked respondents whether they
agree or disagree with the statement, “I am confident in the
ability of [my agency] to successfully fulfill its core mission”
(strongly disagree, disagree, neither agree nor disagree, agree,
strongly agree, don’t know). This measure nicely fits with our
desire to measure performance on key tasks and is similar to a
FEVS question included in our model estimation. The final panel
correlates our performance estimates in 2002, 2004, 2006, and
2008 with average agency PART scores from those same years.
dealing with results demonstrated.30 Specifically, we correlate
our estimates with agency average PART scores from the Results
Demonstrated section of the PART. We include agencies with at
least 3 programs evaluated in a year.

The figure reveals a correlation between the 2020 evaluations
of federal executives and our 2020 performance estimates, 0.41
(p = 0.00) and 0.42 (p = 0.00), respectively. As our performance
estimates increase, so does the SFGS performance scores for the
agency, both the average self-reported performance of agency
executives and the agency’s reputational score. There are some
notable outliers. For example, the OPM and the GSA do better
on our administrative performance estimates than the SFGS
measures. This may be due to the emphasis that both OPM
and GSA place on the surveys used in the organizational per-
formance estimates. In general, however, higher organizational
performance in our estimates is correlated with higher outsider
and insider perceptions on agencies’ core missions (conver-
gent validity). Interestingly, our estimates have a much higher
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correlation with the other measures. Our measure correlates
at 0.70 with agency average responses to questions about the
agency’s performance on its core mission in 2014. The measures
correlatewithBushAdministrationPART“results demonstrated”
scores at 0.49 (p < 0.01) (predictive validity). Overall, our measure
of administrative performance is correlated with other subjective
and objective measures of overall performance.

5.3 External ValidationWith Excluded FEVS
Data

Another unique new source of data comes from a special battery
of questions on the 2020 FEVS. During the COVID-19 pandemic,
theOPM included a series of questions about agency performance
that were unique to that year’s survey. While the data come from
the 2020 FEVS, a survey we use in our estimation, we did not
include responses to these survey questions in our models. These
questions tap into agency performance before the pandemic and
during the pandemic and are as follows:

∙ Question 1: Prior to the COVID-19 pandemic, my work
unit. . .produced high-quality work.

∙ Question 2: Prior to the COVID-19 pandemic, my work
unit. . . achieved our goals.

∙ Question 3: During the COVID-19 pandemic, my work
unit. . .has produced high quality work.

∙ Question 4: During the COVID-19 pandemic, my work
unit. . .has achieved our goals.

The response categories are 5 “Always”; 4 “Most of the time”;
3 “Sometime”; 2 “Rarely”; 1 “Never”; X “No basis to judge.” We
compare agency average responses to these questions to our
estimates from 2020 to see whether our estimates correlate with
goal achievement and the quality of agency work. These are
useful tests of convergent validity since goal achievement and
work quality are components of our measure of organizational
performance.

When we compare the 2020 performance estimates to the
newly added 2020 FEVS questions, the correlations appearing in
Figure 7 are strong, ranging from0.43 (p= 0.00) to 0.69 (p< 0.00).
The 2020 administrative performance estimates are a reasonably
good predictor of how agencies respond to questions about their
performance before and during the COVID-19 pandemic. It is
important to note that the agency average responses to the FEVS
questions do not vary much, primarily between 4 and 5 on a
5-point scale. Still, what variation exists, correlates with our
estimates. There are fewer consistent outliers and the estimates
are tightly organized around a regression line fitted to the data.
Notably, the correlations are higher between our estimates and
agency assessments of their performance before COVID.

In total, despite the variation, the validation results are encourag-
ing for these set of agency performance estimates. We would not
expect a perfect correlation because both the SFGS data and FEVS
provide one way of revealing performance but not the only one.
Indeed, the goal of our project is to aggregate data like the SFGS
andFEVSdatawith other objective and subjective data to produce

better organizational performancemeasures. The convergent and
predictive validity of the estimates provides confidence that the
approach has promise.

6 Discussion

With the advent of each new presidential administration, a
fresh team must determine which agencies are performing at
a high level and which are struggling. This team and their
counterparts in Congress also need the ability to determine
whether changes the administration has made to government,
including dramatic changes to agency structure and personnel,
have led to higher performance. The administration cannot
control many of the external factors that influence outcomes but
they can shape organizational performance, including the quality
of management, execution of core tasks (e.g., human resources,
financial management), employee morale, and other correlates
of organizational health and well-being. It is difficult to measure
administrative performance across agencies and time without
a principled way of aggregating voluminous amounts of data.
This problem is one that affects performance measurement for
both the public and private sectors. When it comes to measuring
organizational performance, Richard et al. (2009, 737–738) note:

Performance measurement is further complicated by the
availability of the data needed to construct the measures
and the need to carefully specify how the data and
measures relate to other constructs in amodel and to one
another. . . There is little agreement between researchers
on either an accepted definition of performance or the
appropriate structural form of the relationships between
measures

This paper has attempted to provide a systematic way of aggre-
gating organizational performance information to provide a
roadmap for those managers in the executive and legislative
branches seeking to measure and improve agency performance.
Perhaps the key difficulty with measuring comparative agency
performance is the complexity of the enterprise. Scholars have
identified dozens of processes, unclear goals, anddifferent criteria
for evaluating performance. No one measure is likely to satisfy
all the requirements of an effective performance measurement
regime. Both the measures and statistical method we propose
and evaluate here, however, constitute an important step for-
ward in thinking about how to aggregate different performance
information. We assume that there is true latent administrative
performance, even while acknowledging that there is high and
low performance on different tasks and in different parts of the
organization. Agencies can also be good on some dimensions and
poor on others. That said, while noisy, our method and resulting
measures hold out hope for a more robust discussion of ways
to aggregate different kinds of performance information—both
subjective and objective—and let the data help us arbitrate what
is useful and what is not.

Several notes of caution are in order. First, the reliability of our
estimates depends upon the quality of available data. In the
context of the U.S. federal government there is more data for
some agencies than others and in some years than others. For
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FIGURE 7 Correlation between 2020 organizational performance estimates and 2020 FEVSCOVID-19 questions.Note: Panels include correlations
between our performance estimates and four FEVS survey measures unique to the 2020 survey: “Prior to the COVID-19 pandemic, my work
unit. . .produced high-quality work”; “Prior to the COVID-19 pandemic, my work unit. . . achieved our goals”; “During the COVID-19 pandemic, my
work unit. . .has produced high quality work”; “During the COVID-19 pandemic, my work unit. . .has achieved our goals.” The response categories are
5 “Always”; 4 “Most of the time”; 3 “Sometime”; 2 “Rarely”; 1 “Never”; X “No basis to judge.”

example, we are limited in our ability to generate estimates before
2010. Similarly, should a new administration reduce the quality or
amount of performance data, or introduce bias into the data, this
will make the efforts like this one more difficult.

In addition, most of the available performance information
is survey data. Respondents to government surveys may be
better or worse equipped to observe performance and their
own perceptions may be shaped by implicit agency benchmarks
or political views (e.g., Meier and O’Toole 2012; Meier et al.
2015).31 While some scholars rightly question the use of subjective
measures, subjective measures load highly in our models. We
note, however, that our measures come from different sources,
subjects, and instruments and are less subject to common source
bias. The helpfulness of the subjective measures in our models
is likely since they are aligned with the key concept.32 This is
particularly the case sincewe adjust formeasurement error in our
BSEM models, partly by including objective measures alongside
subjective measures. The BSEMs also account for measurement
error by separating the variance common to all the indicators of
a particular construct from the variance unique to a particular
measure (Lee 2007).

Second, to generate estimates for government agencies we must
average across tasks, units, and criteria. Yet, agencies have
multiple, competing, and often unclear goals (Chun and Rainey

2005). Indeed, better performance on one goal may lead to poorer
performance on another. In addition, effective performance may
not equate with efficient performance or customer satisfaction.
At a fundamental level, the process of aggregating might pro-
duce biased or inaccurate assessments of how well the entire
organization is functioning from a holistic perspective. This is a
consideration to keep in mind. There are inherent challenges in
aggregating across somany different kinds ofmeasures. That said,
when public officials make evaluations informally of how well
an organization is performing, they are implicitly aggregating a
lot of different performance information, including stories they
read, reports consumed, personal experiences, and so forth. If
aggregation is unavoidable in assessing organizational perfor-
mance, it should be done in a principled and transparent manner.
The alternative is to focus on single measures of organizational
performance. This is unlikely to be adequate for accurately char-
acterizing overall organizational performance. This is particularly
the case since many available measures may not be correlated
with the concept of interest. Our approach provides a transparent
way of aggregating available information and assessing which
measures are useful (and which are not) for measuring the
concept of interest (i.e., organizational performance).

Third, the usefulness of estimates like ours depends upon their
credibility with government leaders and other stakeholders.
We have assumed that inputs are generally unbiased and that
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Republicans and Democrats would agree on good administrative
performance if they saw it, even if they disagreed on agency
mission. However, increasing political polarization may bring
even measures such as employee satisfaction or good procure-
ment outcomes into political contestation. If this happens, the
measures would lose credibility and become less useful. Such
an eventuality, however, reinforces the importance of relying on
multiple different measures collated in a statistically sound and
transparent manner. Indeed, one benefit of this approach is that
we can account for some amount of error inmodel estimation and
evaluate its effects in validation.

With these caveats, the agency performance estimates we have
generated are promising on two levels. First, these estimates
contain face validity compared to the perceptions of agency
performance of informed observers. Second, the estimates are
robust to alternative model specifications, poor item predictors,
and alternative model identification choices. Finally, these per-
formance estimates exhibit convergent and predictive validity
with subjective and objective out-of-sample measures, showing
reasonable correlation with other measures of organizational
performance.

While these estimates are promising, what is perhaps more
exciting is how they can be expanded as new and better data
emerges and as scholars adopt a similar approach in different
contexts. There should be widespread interest, including from a
presidential administration, but also from governors, legislators,
and the public in comparative agency performance. Government
agencies implement programs that voters themselves support and
have been enacted with the approval of legislative majorities.
They provide essential services, including income security, health
care, and public safety. At a fundamental level, the efficacy
of these services is what governance and elections are about.
Better tools can help managers from the president down to
advance the efficacy of government and improve bureaucratic
accountability.
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Endnotes
1Public organizations can rarely be evaluated with anything like simple
private sector metrics such as profit, sales growth, or return on

equity that can facilitate comparative performances assessments (e.g.,
Andersen et al. 2016, 853; Niskanen 1971, 29; Rainey and Bozeman
2000). Notably, some scholars argue that private sector organizations
cannot easily by measured by these metrics either and that the goals of
firms aremore complicated than such economic performancemeasures
(e.g., Hubbard 2009).

2See Bertelli et al. (2015) for a latent measurement approach applied to
evaluating public agency characteristics.

3This is not to say that the statutory requirements for the VHA could
not include a goal funding more facilities. If the statute specified
expanding the VHA network, then the number of facilities, particularly
relative to some baseline, could be a measure of performance. The
point is that scholars and practitioners can conflate contributors to high
performance with actual high performance. We thank an anonymous
reviewer for sharing this insight.

4This is to be expected since most statutory government activity was
supported by majorities in both chambers and the president at the time
of enactment.

5Agency performance also does not depend upon observability. Agencies
can be performing well or poorly on different tasks whether anyone
observes them or not.

6Specifically, we use data from the Survey on the Future of Government
Service (SFGS), a 2014 and 2020 non-partisan and nongovernmental
survey of thousands of federal executives (Piper and Lewis 2023;
Richardson et al. 2025). This survey covered hundreds of agencies and
included several agency performancemeasures in those years. They are
particularly useful as outside validation of our measures.

7The PPS first produced their scores occur in 2003, but these scores were
generated using 2002 data. We associate the rankings with the years of
the survey.

8See 2022 Best Places to Work in the Federal Government Rankings
(https://bestplacestowork.org/rankings/about, accessed June 19, 2023).
Links to the rankings themselves provides details on the specific
questions used.

9This description is based on GAO’s own description of the program
(https://www.gao.gov/high-risk-list).

10We thank Cody Drolc for providing us with this data.
11We thank William Resh for providing us with this data.
12For descriptions of each type see Appendix B.
13 Initial attempts to generate estimates based on these sparse data years
resulted in unusual shifts in theta (θ) estimates, coupled with a sharp
rise in the imprecision of the estimates.

14 In a latent measurement modeling context, measurement error is
formally defined as 1 − (standardized factor loading estimate)2. That
is, the proportion of variance associated with a given indicator variable
that cannot be explained by the latent concept (i.e., organizational
performance).

15The most parsimonious fitting BSEM models based on these model
fit criteria are the one-dimensional model that omits the GSA survey
items [Model 3], and the two-dimension models predicated on sub-
dimensions of the organizational performance indicator variables
analyzed in Model 1 [Models 5 and 6]. See Appendix D: Tables D1A,B.

16One set of two-dimensional BSEM models focused on distinguishing
between latent organizational performance versus an outcome-based
performance dimensions (Models 2 and 4). Another set of analyses
focused on modeling two separate “sub-dimensions” of the Model 1
specification based on the results fromaBEFA (Models 5 and 6). The full
information on these respective set of model estimates can be obtained
in Appendix D: Tables D1A,B.

17See Appendix D (e.g., Tables D1A,B and D2).
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18The number of missing cases on all indicator variables is 26 agency-
years (1.049% of full sample of 2479 agency-year observations) in the
reported BSEM model (Model 1), as well as Models 5, 6, 7, and 8 that
contain the same sample sizes. In BSEM models with varying sample
sizes, the number of missing cases on all indicator variables for Model
2 (Appendix D, Table D1A) is a total of 7 agency-years — 0.288% of full
sample of 2,498 agency-year observations; 29 agency-years for Model
3 (Appendix D, Table D1A) – 1.171% of full sample of 2,476 agency-year
observations; and 10 agency-years forModel 4 (Appendix D, Table D1A)
– 0.401% of full sample of 2,495 agency-year observations.

19Additional information and technical details can be obtained from
Asparouhov and Muthen (2021).

20This cannot be attributed to data sparseness since the agency turnover
measure covers all agencies over the sample period, while some
subjective measures (e.g., FHCS, GSA, MSPB) have rather limited
temporal coverage.

21These criteria are not immutably fixed since considerations such as
our large sample size and model complexity can affect these model
fit statistics (e.g., see Shi et al. 2018). Moreover, analyses of alternative
BSEMmodels reveals that these model fit statistics are much improved
and at desirable levels for all but Model 8 (see Appendix D: Table
D1A,B). Finally, the latent organizational performance estimates gen-
erated from Model 1 exhibit exceptionally strong positive correlations
with those generated from these alternativemodels (Appendix D: Table
D2).

22Among the departments and large agencies, these are the two that were
rated the worst places to work in government in 2024. Partnership for
Public Service (2024). See also, Temin (2024).

23Beitsch and Frazin (2020); Badger et al. (2021).
24Blake (2014); Jansen and Silverleib (2012).
25Siddons (2018).
26See Office of the Inspector General. Department of Justice (2023, 2024).
27Partnership for Public Service (2024); Sisk (2025).
28See, for example, Government Accountability Office (2019); Congres-
sional Research Service (2021).

29Bronstein and Griffin (2014).
30Agencies generated these scores via a response to a series of questions
about program planning,management, and results. TheOMB reviewed
each set of scores.

31 Scholars using our estimates that are concerned about implicit bench-
marks may consider estimating models with agency fixed effects to
isolate within-agency changes in performance.

32Private sector management research on organizational performance
measures underscores the limits of objective measures, as well as
the validity of subjective measures (e.g., Singh et al. 2016). In the
realm of public management research, Schacter (2010, 562) concludes
that the distinction between objective versus subjective measures
should be guided by the same measurement principle: “How well does
the indicator help the agency move toward attaining the underlying
conceptual goal?”—in our case,measuring organizational performance.
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