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TEACHER MERIT PAY
Abstract
Teacher merit pay programs have garnered both considerable support and stout opposition.
Perhaps in response to this vigorous debate, there has been rapid growth in the number of empirical
research studies investigating the association between teacher pay incentives and student test
scores over the last decade. In order to integrate findings from this rapidly expanding literature
and help inform the debate over teacher pay incentives, this meta-analysis synthesizes effect sizes
across 37 primary studies, 26 of which were conducted in the United States. Results suggest that
the presence of a merit pay program is associated with a statistically significant positive effect on
student test scores (0.043 standard deviations for U.S. based studies), roughly equivalent to 3
additional weeks of learning. This summary effect is sensitive to program design and study
context, which suggests that merit pay programs have the potential to improve student test scores
in some contexts, but researchers and policymakers should pay close attention to how the program
is structured and implemented.

Keywords: meta-analysis, review, teacher merit pay, teacher pay for performance, teacher
incentive pay
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Teacher Merit Pay: Revisiting the Great Debate
Salary incentive structures continue to be popular because of their straightforward logic
and seemingly simple application: reward employees for exceeding some pre-specified
performance criteria in order to maximize their efforts toward outputs that align with
organizational goals. However, practitioners, policymakers, and researchers have come to
appreciate that incentive structures work optimally under assumptions that rarely exist in
practice. In practical settings, organizational goals and employee tasks are not always easy to
define, measures of performance are incomplete and inexact, indicators of current productivity
are not reliably communicated, and environmental influences create situations where effort and
desired outputs are not necessarily proportionate.
Despite these practical challenges, salary incentive systems have grown in popularity,
especially after the U.S. Service Reform Act of 1978 (Heinrich & Marschke, 2010). The growing
number of differentiated compensation programs have given managers greater latitude over how
employees are compensated, but existing evaluations show mixed effects, and robust policy
debates endure over whether salary incentives are appropriate in complex organizational settings.
Fortunately, the ongoing expansion of incentive systems has produced a concomitant
proliferation of empirical research investigating more sophisticated incentive programs that are
explicitly designed to be more effective in complex organizational settings. To help inform the
broader policy conversation on salary incentives, we leverage meta-analytic methods in this
Policy Retrospective to contribute a novel synthesis of how teacher merit pay affects student test
scores. We focus on teacher merit pay incentives because it is an important policy area that has
received significant investment over the last ten years. Moreover, teacher merit pay programs
have grown more sophisticated in response to criticisms that apply widely to salary incentive
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systems in the public sector; therefore, the extant research on teacher pay incentives offers
valuable lessons for the design, implementation, and evolution of programs inside and outside of
education.
Teacher merit pay programs, also called performance pay, pay-for-performance, and
differentiated pay, have grown in popularity with considerable political and financial support.
Since 2006, the federal government has awarded over $2.5 billion in over 130 grants to
recipients in more than 30 states and the District of Columbia to design and implement
performance pay systems. In Florida, Texas, Colorado, and Minnesota alone, more than $550
million have been allotted to merit pay programs (Springer & Taylor, 2016). Much of the support
for merit pay has grown from frustrations with the single salary schedule used by almost all U.S.
school districts, where years of experience and highest degree earned are the primary
determinants of teachers’ salary. Critics of the single salary schedule propose merit pay systems
to better align teacher performance with compensation, because teaching experience and
education level are not highly correlated with student outcomes (Goldhaber, 2002; Hanushek,
2003; Podgursky & Springer, 2007, 2011; Springer, 2009).
Supporters of merit pay suggest that compensation can: (a) motivate employees to
improve performance (Heinrich & Marschke, 2010), and (b) improve the composition of the
workforce by attracting and retaining high performing teachers and discouraging lesser
performers from entering or staying in the profession (Lazear, 1998; Lazear & Shaw, 2007;
Springer, 2009). However, critics of merit pay contend that teaching is a multidimensional
process that is not easily incentivized (Clabaugh, 2010; Holmstrom & Milgrom, 1991). The
purpose of this review is to systematically summarize empirical evidence that will help inform
these arguments. Our meta-analytic method provides a novel update to previous narrative
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reviews of this literature (e.g., Chamberlin et al, 2002; Harvey-Beavis, 2003; Umansky, 2005;
Podgursky & Springer, 2007; Viscardi, 2012; Imberman and Lovenheim, 2015), helps to
quantify the amount of variance in estimated effect sizes across studies, and permits us to
investigate how different contextual factors and design features can lead to varying effect sizes.
To conduct the meta-analysis, we focus on the quantitative teacher merit pay literature, while
recognizing that sophisticated strands of qualitative evidence exist on this topic but are beyond
the scope of what we can meaningfully review here. Ultimately, our aim is to support a larger
understanding of the design, implementation, effects, and evolution of salary incentives when
production technologies are complex, worker tasks are non-manual, and outputs are not
standardized.
The rest of this paper proceeds as follows. In the next section, we explain the history,
context, and theoretical framework behind teacher merit pay. Then, we discuss our methodology.
Next, we present effect size estimates across different features of merit pay programs and discuss
areas where empirical evidence continues to be limited. Finally, we conclude with
recommendations for future teacher merit pay programs.
DIFFERENTIATED COMPENSATION IN PUBLIC SCHOOLING
Teacher compensation in the U.S. traces back to the room and board compensation model
common in early 19th century one-room schoolhouses (Protsik, 1995). Under this model, teachers
rotated their residence between students’ homes, receiving a small stipend along with room and
board. Industrialization in the late 1800s meant greater need for a better educated work force,
resulting in increased demand for more and better-trained teachers. To meet this need, teacher
compensation was reconceptualized to the grade-based model, which sought to imitate factory
production models by paying teachers based on skill (Podgursky & Springer, 2007). Since it was
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believed that younger students were easier to educate, secondary teachers were paid more than
elementary school teachers (Guthrie, Springer, Rolle, & Houck, 2007). By the beginning of the
20th century, teacher compensation changed again as labor leaders used collective bargaining to
advocate for better working conditions and salaries. During this period, the single salary
schedule emerged where teachers were paid according to uniform pay steps that meant teachers
with the same amount of experience and education level were paid equally (Podgursky &
Springer, 2007). Currently, the vast majority of public school districts continue to use the single
salary pay system.
Despite its widespread acceptance, the single salary schedule has been criticized because
public school administrators could not adjust teacher pay to reflect either performance or labor
market realities. One prominent compensation reform model proposed to address this issue is
merit-based pay. Merit-based pay incentives in education is a longstanding idea dating back to
Great Britain in the early 1700s (Stucker & Hall, 1971). In the United States, Evenden (1919)
reported 48 percent of the over 300 cities he studied in 1918 used merit pay of some sort. In the
1920s, when scientific management was common, administrators adapted evaluations from
business management to schools, leading to widespread use of merit pay (Johnson & Papay,
2010). These programs quietly dissipated and merit pay faded from public interest between the
1930s and 1950s. Then, driven by public concern with international competition, interest in merit
pay re-emerged briefly during the Cold War only to wane again in the 1970s.
With the release of A Nation at Risk in 1983, school districts again revisited merit pay
models as alternatives or supplements to the single salary schedule (Podgursky & Springer,
2007; Guthrie and Springer, 2004). Distinct from knowledge- and skill-based compensation
where teachers are paid based on inputs, merit-based systems pay teachers, groups of teachers or
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schools based on outcomes such as student test scores, classroom observations, or teacher
portfolios. National interest in merit-based pay has steadily grown in recent years with wellknown programs such as Denver Public Schools’ Professional Compensation System for
Teachers (ProComp), Florida’s Merit Award Program (MAP), Minnesota’s Quality
Compensation Program (Q Comp), Texas’ Governor’s Educator Excellence Award Programs,
and national programs such as the Milken Family Foundation’s Teacher Advancement Program
(TAP) and the U.S. Department of Education’s Teacher Incentive Fund (TIF). While interest in
merit pay programs in K-12 public schools has historically waxed and waned, current merit pay
programs share at least one common theme with these past movements: theoretical belief in the
efficacy of incentives in motivating teachers.
THEORETICAL FRAMEWORK
The motivating theoretical idea behind teacher merit pay, and pay incentives more
generally, has been developed most deeply from the economic perspective using principal-agent
theory (Burgess & Ratto, 2003; Dixit, 2002) and the organizational perspective using
motivational theories (Bajorek & Bevan, 2015). From the economic perspective, principal-agent
theory assumes effort is costly to the agent and suggests agents will either expend suboptimal
effort or exert effort on tasks that are not aligned with organizational goals when paid a flat
salary (Heinrich & Marschke, 2010). In education, this principal-agent problem arises when the
goal of schools (the principal) is to improve student learning, but the compensation schools
provide to teachers (the agents) is not based on measures of student learning. In the single salary
system, teacher compensation is usually based on degree attainment and years of experience,
which are factors that prior research has shown to be weakly correlated with student achievement
(Goldhaber, 2002; Hanushek, 2003; Springer, 2009). If schools compensated teachers based on
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their contribution to student achievement, teachers would be incentivized to exert effort toward
improving student performance outcomes. This argument situates merit pay programs within
principles of efficiency where greater effort and better service yield higher salaries. Moreover, in
schooling environments where teacher actions are not easily monitored, an advantageous feature
of merit pay schedules is that employment contracts do not need to specify details for how the
outcome is to be achieved (Asch, 2005); therefore, teachers can choose their preferred
instructional methods as long as their students meet the target criteria.
From the organizational perspective, scholars in the incentive pay literature and the
general personnel economics literature suggest two high-level pathways through which incentive
pay improves student outcomes (Podgursky & Springer, 2007). First, merit pay encourages and
motivates teachers to improve because their increased efforts will be rewarded. This pathway
aligns with principal-agent theory. Second, pay incentives can be used to attract and retain higher
performing teachers who are most likely to be rewarded under the metered activity. These
recruitment and retention bonuses are often called staffing incentives. Evaluations of staffing
incentives have been emerging over the last few years (e.g., Clotfelter, Ladd, & Vigdor, 2011;
Dee & Wyckoff, 2015; Fulbeck, 2014; Glazerman et al., 2013; Springer, Swain, & Rodriguez,
2015; Steele, Murnane, & Willett, 2010), but most of the scholarship on teacher merit pay has
focused on the motivational pathway. In this review, we apply meta-analytical methods to
synthesize studies that link merit pay with student test scores through improved teacher
motivation and performance. Then, because the small number of studies on staffing incentives
presents effect sizes that are not readily comparable in a meta-analysis, we present a narrative
review of the literature on how pay incentives have been used to attract and retain effective

8

TEACHER MERIT PAY
teachers. This narrative review presents valuable findings from existing work that elucidate
distinct uses for merit pay beyond exclusively targeting teacher effort.
DIFFERING VIEWPOINTS ON TEACHER MERIT PAY
Before synthesizing the research literature, we present prevalent points of contention over
merit pay in order to construct a framework that structures our consideration of the available
empirical evidence. In building this framework, we also attend to how this meta-analysis
leverages the most updated research evidence to answer lingering questions posed in previous
reviews of this literature. Table 1 shows supporting arguments for merit pay, critical responses,
and a description of the empirical evidence that should be considered in order to assess these
arguments.
[Insert Table 1 Here]
Critics of teacher merit pay argue that salary incentives work optimally when teacher
effort and student outcomes are tightly linked, but the correlation between teacher effort and
student test scores varies depending on the context (Leigh, 2012; Liang, 2013). Contextual
factors both inside and outside of the school affect student performance, such that increased
teacher effort may not produce the same test score gains across all contexts. For example,
elementary school teachers interact with the same students throughout the school day, whereas
middle and high school teachers teach different groups of students for a limited part of the day.
Therefore, elementary school teachers may have a proportionally larger influence on students
than secondary teachers whose personal influence must be considered in light of students’ other
teachers. In order to better assess how context influences the effects of merit pay, we examine
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the effects of merit pay varies across grade levels and subject areas. 1 The link between teacher
effort and student outcomes is also influenced by teachers’ peers and their collaborative efforts.
Many scholars and practitioners in education advocate for teacher collaboration, and merit pay
schedules could discourage teachers from working together. We can better understand whether
merit pay creates counterproductive competition between teachers by comparing the effects of
group incentives, which encourage collaboration, with rank-order tournaments that explicitly
create competition.
Salary incentives also assume a clearly defined outcome, but teachers and schools have
multidimensional goals for students including academic mastery, citizenship, character
development, and career preparation, and there is no agreement on which goals are most
important. Moreover, regardless of the chosen goal, scholars have suggested that incentivizing
any one outcome could lead to unintended consequences for student learning. An early review
of the teacher merit pay literature by Chamberlin and colleagues (2002) described possible
unintended consequences from incentivizing only one measure of student performance. For
example, linking incentives to test scores may encourage teachers to focus only on tested content
or test taking skills. Some researchers have even provided evidence of outright cheating in high
stakes accountability environments (Jacob & Levitt, 2003). To assess this argument, we examine
the effects of merit pay on alternative test outcomes that are not part of the criteria for teachers to
receive a merit pay award.
Even within the singular educational goal of increasing student test scores, effective merit
pay programs require that teacher contributions to student learning be verifiable and effectively

Unfortunately, the available literature does not provide enough evidence to assess the influence of contextual
factors outside of the school such as community characteristics, and we encourage future research to explore
differential effects of merit pay across different community contexts.

1
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communicated (Rothstein, 2009), but accurately measuring teacher performance is a well-known
and ongoing challenge (Guarino, Reckase, & Wooldridge, 2014). Previous reviews have
hypothesized that faulty performance measures can lead to distrust and demoralization among
teachers whose efforts are not accurately measured and recognized (Neal, 2011). We examine
this criticism by synthesizing effects from studies using more sophisticated, multi-measured
systems for assessing teacher performance to help elucidate whether merit pay programs using
better measures of teacher effectiveness can avoid some of negative effects from teacher distrust
and demoralization.
Critics also highlight practical failures with the argument that merit awards are an
efficient use of financial resources, because pay incentives can be expensive when award
amounts are too high and fail to motivate when the amount is too low. Relevant to considerations
of cost, a review by Harvey-Beavis (2003) points out two concerns: a need to better understand
returns to award amounts and the question of whether a merit pay program continues to improve
student performance as it accumulates costs across multiple years. A systematic comparison
across programs with differing pay amounts and operating for different lengths of time will help
answer these questions.
Besides issues of cost, critics contend that merit pay systems assume teachers know how
to improve and are simply unmotivated to do so, but research has shown that many highly
motivated teachers do not have the individual capacity to improve their own practice (Thoonen,
Sleegers, Oort, Peetsma, & Geijsel, 2011). In a review of the international merit pay literature,
Umansky (2005) focused on how teacher practices changed in response to merit pay, but could
not cite studies at the time which paired merit pay with teacher capacity-building. Systematic
analyses of these multi-pronged programs would shed light on whether merit pay can influence
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student outcomes while also helping teachers improve their practice. Relevant to questions
around teacher behavior, critical perspectives of merit pay in the form of recruitment or retention
bonuses have questioned the sustainability of these incentives, because teachers may not stay
when the bonuses run out. We address this question in our narrative review of the literature on
recruitment and retention bonuses.
Vigorous debate and rising investment in teacher merit pay signal a need for careful
synthesis of available research findings on teacher merit pay programs. Responding to this need,
this meta-analysis synthesizes the available empirical literature in order to help assess some of
the arguments for and against merit pay. We also build on previous narrative reviews of this
literature with an update of recent studies, a systematic method for integrating effects across
studies, and evidence to help address lingering questions posed in these previous reviews.
METHODS
We follow the Preferred Reporting Items for Systematic Reviews and Meta-Analysis, or
PRISMA, standards to define eligibility criteria, search the literature, code reports, analyze data,
and report results (Moher et al., 2009). Here, we present a brief summary of our methods and
include more details in the technical appendix.
Eligibility Criteria and Search Strategy
Primary studies eligible for inclusion in this meta-analysis needed to meet the following
criteria: (a) the sample comprises teachers and students in K-12 education; (b) the teachers are
located in a school, district, state, or country with a teacher merit pay program; (c) the study
reports student outcomes on standardized tests, such as state end of course exams; (d) there is a
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business-as-usual comparison group; 2 and (e) the study uses a randomized control trial (RCT) or
a quasi-experimental design. We chose standardized test scores as an outcome because of its
prevalent use in school accountability policy including as measures of teacher effectiveness and
school performance, but we recognized that test scores are only one measure of effective
schooling. Using these eligibility criteria, we retained studies conducted outside of the United
States in our sample. However, aggregating effects derived from countries with different
economic and social contexts may be potentially misleading, so we present summary effect
estimates separating studies conducted in the United States from studies in other countries and
focus our attention on U.S. based studies. This decision is aligned with our primary goal of
informing merit pay policies in the U.S. context. We present results from international studies as
a point of comparison, noting that many of these studies have been cited heavily in the extant
literature.
Using a common search string (see the technical appendix), we obtained primary studies
from 20 commonly used social science databases, existing reviews of the literature, and a general
Google search for evaluations of well-known merit pay programs (e.g., the Teacher Incentive
Fund). Two authors independently conducted searches for eligible studies, but in order to
mitigate concerns that potentially eligible studies were missed in our search, we sent our list of
eligible studies to four content experts. None were able to identify studies outside our list. When
otherwise eligible studies were missing key information, we sent e-mails to lead authors
requesting information. After screening, we were left with a preliminary sample of 45 primary

2

One study (Wellington et al., 2016) falls slightly outside of this scope as the comparison group has three out of
four components of a reform program without the merit pay component, but it was included due to its national
scope. The estimates are robust to the exclusion of this study. Results are available upon request.
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studies that met all eligibility criteria, 33 were studies conducted in the United States and 12
were conducted outside of the United States. 3
The search process sometimes yielded multiple policy reports and research articles
studying the same merit pay program. To avoid overweighting results from almost identical data,
we only kept the most recent results if multiple versions of a study were published by the same
authors. If different groups of researchers investigated the same merit pay program and its effects
on the same sample of students in overlapping years, we averaged effect sizes from these studies
together, giving each equal weight. Specifically, we averaged together four primary studies
utilizing data from the School-wide Performance Bonus Program (SPBP) in New York City
Public Schools. 4 Also, two reports evaluated the Teacher Advancement Program (TAP) in the
same district with overlapping time periods and were also averaged together. 5 Thus, we coded 45
separate reports, but after combining the SPBP and TAP reports, we were left with 41 studies. 6
Finally, to ease the interpretation of our summary effect sizes, we restricted the
quantitative meta-analysis to only studies that report average treatment effects, excluding effect
sizes that are interpreted as local average treatment effects. Four studies using regression

In order to have comparable effect sizes, we excluded studies that reported proficiency rates or percentage pass as
their outcome – such as Choi (2015), Dowling, Murphy, & Wang (2007), and Ladd (1999). While these studies
represent high quality work, their outcomes were not comparable to our outcome of interest: student test scores. We
also excluded studies that compared the effect of getting a bonus against failing to get a bonus (e.g., Jinnai, 2016),
because we focus on comparing teachers who have the opportunity to win a pay incentive with teachers who do not
have the opportunity. We do not compare teachers who won an incentive award with teachers who did not win an
award within a system where all teachers had the opportunity to receive incentive pay. Finally, we sought primary
studies aimed at isolating the effect of merit pay with randomized designs or quasi-experimental designs that paid
careful attention to drawing a causal connection. As such, non-randomized studies conducting significance tests on
mean differences without covariate adjustments were excluded (e.g., Razo, 2014).
4
The four reports/articles on SPBP include Fryer (2013), Goodman & Turner (2011), Marsh, Springer, McCaffrey,
Yuan, & Epstein (2011), and Springer & Winters (2009).
5
The two TAP reports include Schacter & Thum (2005) and Schacter, Thum, Reifsneider, & Schiff (2004).
6
The results remain qualitatively and quantitatively similar if we treat these reports as individual studies. For the
remainder of this paper, we refer to 41 “studies” as our primary analysis sample, recognizing that one such “study”
is an average of four reports or articles on SPBP and another is an average of two reports on TAP.
3
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discontinuity designs reported local average treatment effects (Brehm, Imberman, & Lovenheim,
2015; Cowan & Goldhaber, 2015; Santibañez et al., 2007; Springer et al., 2009). Though effect
sizes from these studies are excluded, we note that including them changes our reported effect
sizes only in the thousandth decimal place. Excluding studies that report local average treatment
effects left us with a final analysis sample of 37 studies, 26 of which were based in the United
States.
Coding Reports and Effect Sizes
Two authors independently coded relevant information for each of the eligible studies,
meeting frequently to compare codes. Treating each cell of our coding matrix as an input, coders
agreement occurred in 98% of the cells, with discrepancies resolved by the third author. All
coded variables and their descriptions can be found in Appendix Table A1. Relevant coded items
included (1) information necessary to compute common effect sizes; (2) study and program
characteristics; and (3) information to assess risk of bias.
Effect Size. Our effect size of interest is the standardized mean difference (𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 ) between

average student test scores among teachers participating in a merit pay program and comparison
teachers not participating in a merit pay program. Following Lipsey and Wilson (2001), this
effect size is a measure of the difference in student test scores between the merit pay and no
merit pay groups, which has a continuous underlying distribution. That is, the effect size can be
calculated using the general formula 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 =

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝 −𝑋𝑋�𝑛𝑛𝑛𝑛 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝
𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

, where the numerator is the

mean difference and the denominator standardizes the mean difference based on the pooled
standard deviation of student test scores (Lipsey & Wilson, 2001). We calculate this effect size
following methods outlined in Lipsey and Wilson (2001, p. 180 and 199) and utilized in previous
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meta-analytical studies (e.g., Abrami et al., 2015; Greenwald, Hedges, & Laine, 1996; Lee,
Patall, Cawthon, & Steingut, 2015; Valentine, Konstantopoulos, & Goldrick - Rab, 2017).
Study and Program Characteristics. In alignment with our framework for assessing the
debate over merit pay, we coded a series of a priori variables for sub-group analyses in order to
better understand the variability of effect sizes across study characteristics and program features.
Study characteristics include (a) whether the study was published in a peer-reviewed journal; (b)
whether the study was a research report; (c) the year of publication; (d) whether the study
randomly assigned participants to control and treatment conditions; (e) the study design and
analytic model(s); (f) whether the study tested effects on alternative test outcomes that were not
part of the criteria for receiving a pay incentive; and (g) whether the study analyzed the effects of
merit pay on teacher turnover. Program characteristics include (a) the school level (elementary,
middle, or high school); (b) whether the merit pay program was a rank-order tournament; (c)
whether the program provided incentives to groups of teachers; (d) whether the program
included merit pay along with other interventions such as job training; (e) the average incentive
amount per teacher (in percent per capita); (f) the program duration (measured in years); and (g)
whether the criteria for meeting the bonus eligibility threshold was based on test scores and at
least one other performance measure (e.g., observation scores). Relevant indicators of study
quality used to assess risk of bias were also coded, as described further below.
These study and program characteristics were selected to help inform the policy debate
over merit pay as discussed in the existing literature, especially in previous reviews.
Understanding the effects of merit pay at different school levels and subject areas helps identify
heterogeneous effects across different teaching contexts (Leigh, 2012; Liang, 2013). Comparing
the effects of group incentives and rank-order tournaments sheds light on whether pay incentives
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can also support collaborative school cultures (Chamberlin et al., 2002). Examining merit pay in
combination with in-service training helps address the criticism that incentives alone do not build
capacity among teachers who are already motivated (LaFee, 2003; Umansky, 2005). Analyzing
alternative test outcomes clarifies whether merit pay causes teachers to focus too narrowly on a
particular test (Fryer, 2013). Synthesizing effect estimates under more sophisticated measures of
performance elucidates whether merit pay is more effective when teachers trust their
effectiveness ratings (Heinrich & Marschke, 2010). Focusing on award amounts helps to clarify
whether some programs fail to produce substantive results because the pre-specified amounts are
insufficient to motivate teachers (Podgursky & Springer, 2011). Finally, attention to the program
duration is important because effects on student achievement may not last after multiple years as
pay incentives continue to accrue costs (Harvey-Beavis, 2003).
Analytic Strategy
Our analytic strategy follows methods as presented by Borenstein, Hedges, Higgins, &
Rothstein (2009) and Hedges, Tipton, & Johnson (2010). Most studies reported effect sizes at
multiple time points, with multiple model specifications, for different subject areas, and at
different levels of analysis; therefore, the quantitative synthesis of 37 studies contained 244
effect sizes. Given multiple effect sizes per study, one important analytical decision was between
a fixed-effect versus a random-effects model. The fixed-effect model assumes a common true
effect size across all studies, whereas the random-effects model views effect sizes as a
distribution centered about a mean (Borenstein et al., 2009). For this investigation, a randomeffects model is more appropriate because substantial variation exists across studies in terms of
program characteristics such as the amount of the bonus payment and how long the programs
were implemented. Moreover, the effect of teacher merit pay is unlikely to be homogenous

17

TEACHER MERIT PAY
across different contexts. In the results section below, we also present quantitative evidence that
a random-effects model is more appropriate than the fixed-effect model.
In order to account for multiple outcomes within a study, we chose not to treat each
within-study outcome as independent, because this method unfairly assigns more weight to
studies with more reported outcomes. For example, math and reading scores within a study of
teachers in the same district are likely correlated. We use robust variance estimation to account
for dependence among multiple within-study effect sizes (Hedges et al., 2010). Similar to
strategies for adjusting standard errors in the presence of clustering, robust variance estimation
(RVE) is appealing because it does not require information about the covariance structure of the
effect size estimates (Tanner-Smith & Tipton, 2014). For example, we do not need to know the
covariance between math and reading scores reported in the same study, a value often unreported
in primary studies. We also assessed how results from RVE compare to meta-analytic models
that do not utilize robust standard errors, and overall, the summary effect is substantively similar
to our preferred RVE results (see technical appendix).
Finally, sample size, determined as the number of primary studies, is an important
consideration in RVE. In a couple of simulation studies, Tipton (2015) and Hedges et al. (2010)
suggest that RVE performs best when meta-analyses have more than 40 studies and can be done
with as few as 10 studies, but these authors warn that meta-analyses with between 10 and 40
primary studies may be vulnerable to inflated Type I errors if no small sample corrections are
made. Since our final analytic sample consists of 37 studies overall and 26 studies conducted in
the United States, we utilize small sample corrections developed by Tipton (2015) to correct for
inflated Type I errors in all analyses. Tipton’s small sample adjustments involve correcting the
degrees of freedom using a Satterthwaite approximation, which was shown to have reliable p-
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values if adjusted degrees of freedom are above four. Throughout our analysis, we report
Tipton’s adjusted degrees of freedom and note where p-values from subgroup analyses with
fewer than four degrees of freedom should not be trusted. All analyses used the ROBUMETA
module in Stata (Hedberg, 2014; StataCorp, 2015).
Risk of Bias Assessment
The selection of studies for meta-analysis is important because included primary studies
determine the scope and validity of meta-analytic results. We used an inclusive screening
strategy which may lead to biased results because poorly produced studies can inject
considerable bias into our estimate of the merit pay summary effect. To address the risk of bias,
we used two different approaches: a method-specific approach we developed to account for
different analytical methods and domains of bias and the quality rating approach as defined by
Lipsey and Wilson (2001).
In the quality rating approach, each author independently rated each study holistically
using our professional judgment of study quality on a scale of 1 to 5 where 1 has high risk of bias
and 5 has low risk of bias. After independently rating each study, we discussed our individual
scores until we obtained consensus on a final quality rating for each study. The vast majority of
our independent quality ratings were either exactly the same or differed by one point. Studies
receiving a quality score of 4 or higher out of 5 were considered low risk of bias.
Recognizing concerns against reducing multiple dimensions of bias into a single scale
score and in order to account for differing analytical strategies, we also developed a methodspecific approach based on the Cochrane Collaborative’s tool for assessing risk of bias (Higgins
& Altman, 2008), which allows for evaluating different domains of bias. First, we address the
concern that our broad inclusion criteria introduced bias by estimating the summary effect only
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for studies that utilize randomized designs, because randomized control trials are widely
considered to be the “gold standard” for evaluating interventions. We also estimated effect sizes
for the subset of studies using non-randomized designs that control for student test scores prior to
being part of a merit pay program, because previous research suggests that controlling for a “pretreatment” outcome measure is important in reducing bias (Bifulco, 2012). These examinations
utilize study screening as part of the quality assessment (DuBois, Portillo, Rhodes, Silverthorn,
& Valentine, 2011).
Second, we assessed bias along five domains: selection bias, confounder bias,
performance bias, attrition bias, and detection bias (Higgins & Altman, 2008). Selection bias
refers to systematic differences between baseline characteristics of the merit pay group and no
merit pay comparison group. Confounder bias refers to whether studies controlled for core
confounders associated with both teacher effectiveness (the most common criterion for receiving
a merit pay award) and student test scores. 7 Performance bias refers to systematic differences in
external influences on either the merit pay or no merit pay groups (other than the merit pay
program). Attrition bias refers to systematic differences in missing student test scores. Detection
bias refers to systematic differences in how student test scores are measures across the merit pay
and no merit pay groups.
We follow guidelines from the Cochrane Collaborative’s tool for our method-specific
approach by (1) examining evidence in primary studies and (2) providing a judgment on the
adequacy of each study for each domain. The judgment is made by answering a pre-specified
guiding question where an answer of “Yes” indicates low risk of bias, “No” indicates a higher
risk of bias, and “Unclear” indicates an unknown risk of bias. In Appendix Table A2, we provide

7

See the coding guide and technical appendix for a full list of confounders.
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further explanation of the five domains, the guiding question for each domain, and
operationalized criteria for answering “Yes,” “No,” or “Unclear” to each guiding question. In the
results reported below, we compare the summary effect across subgroups of studies judged to
have a low risk of bias in each of the five domains.
Given the inclusion of nonrandomized designs in this analysis, selection bias is an
especially salient domain requiring careful attention. We judged a study as a low risk of selection
bias if it satisfies a set of quality characteristics specific to each study’s analytical method. These
method-specific quality measures are based on recommendations from methodological texts such
as Green et al. (2006) and Murnane & Willett (2010) and standards from the What Works
Clearinghouse (Clearinghouse, 2014). For example, in studies that use a difference-indifferences design, we coded a set of quality criteria that includes whether the parallel trends
assumption was met. The full list of quality criteria for each study design is contained in the
coding guide.
RESULTS
Table 2 presents descriptive information about the 41 primary studies that met all
eligibility criteria, but, as mentioned above, four studies reporting local average treatment effects
were not used to obtain summary effect estimates. We report this information for studies
conducted in the U.S., for studies conducted outside of the U.S, and for all studies. In terms of
study characteristics, about 46 percent of all studies and 34 percent of the U.S. based studies
were published in peer-reviewed journals. About 28 percent of U.S. based studies used an
experimental design. The majority of studies (78 percent) were published after 2005. Sample
sizes for U.S. based studies ranged from 316 to 8,579,308 student-level observations or 10 to
1,003 school-level observations.
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[Insert Table 2 Here]
The descriptive information in Table 2 show that characteristics of merit pay programs
implemented in the United States differ from those implemented abroad. Merit pay programs in
the U.S. are implemented for a shorter amount of time on average (3.5 years) than programs
outside of the U.S. (5.9 years). The amount pay awards in the U.S. are also not as large (10.1
percent of per capita income) as pay awards abroad (45.5 percent of per capita income). Even
within the U.S., the design features of teacher merit pay programs vary widely. About 17 percent
of studies conducted in the U.S. report effect sizes for programs designed as rank-order
tournaments, 28 percent report on group incentive programs, 24 percent report on merit pay
programs that also provide training, and 38 percent report on programs that use multiple
measures of teacher effectiveness to determine eligibility for the pay award. Variations in
program characteristics provide an opportunity to better understand how program design
influences the effects of merit pay.
Effect of Merit Pay on Student Test Scores
Table 3 presents random-effects estimates of the association between teacher merit pay
and student test scores delineated by U.S. based studies, studies conducted outside of the U.S.,
and all studies. In the full sample, summary effect sizes range between 0.037 and 0.067 standard
deviations (SD); however, summary effect estimates are noticeably larger for studies conducted
outside of the U.S. (0.070 to 0.215 SD), compared to U.S. based studies (0.029 to 0.050 SD).
The descriptive characteristics of international studies suggest that differences in program
features (e.g., relatively larger award amounts) may be part of the reason studies report larger
effect sizes in merit pay programs implemented outside the United States. Although differences
between U.S. and international studies are not statistically different at conventional levels, given
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non-negligible contextual differences between the U.S. and the diverse settings outside of the
U.S. (e.g., Portugal, India, Israel, and Kenya), we mainly report estimates from U.S. based
studies.
Among studies conducted in the U.S., the effect of teacher participation in a merit pay
program is associated with a statistically significant, though rather modest, 0.043 SD increase in
student test scores. 8 To aid in the interpretation of the effect sizes, we turn to empirical
benchmarks established by Hill, Bloom, Black, and Lipsey (2008). Assuming a gain of 0.46
standard deviation per year (an average of gains from first to twelfth grade) and 36 weeks in a
school year, the summary effect of merit pay on student test scores in the U.S. (0.043 SD) is
roughly equivalent to about 3 additional weeks of learning.
[Insert Table 3 Here]
Student level effect sizes (0.049 SD) are somewhat larger than the school level effect size
(0.030 SD), which is statistically insignificant. However, school-level effect sizes come from
only four studies and have fewer than 4 adjusted degrees of freedoms, which makes the p-value
unreliable (Tipton, 2015). The same issue precludes tests for whether student-level effects
differed significantly from school-level effects for U.S. based studies, but the point estimates are
qualitatively similar. Further determinations about school-level effects must wait for more
studies with school-level outcomes, but available evidence suggests similar estimates from
student-level and school-level data. Table 3 also presents estimates by two subject areas most
often reported in the literature: mathematics and reading/English Language Arts (language). On
average, the effect of merit pay in math (0.05 SD) is larger than in language (0.029 SD), aligning

Note that this estimate excludes effect sizes that are local average treatment effects, including these effect sizes
changes the summary effect to 0.037 SD, which continues to be statistically significant at the 5 percent level.

8
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with a body of previous research work suggesting that math is more directly learned in school
than language or reading. 9
Additionally, Table 3 contains empirical evidence in support of a random-effects model,
which we believe is also more conceptually appropriate (Borenstein et al., 2009). Panel B of
Table 3 includes three statistics relevant to the heterogeneity of study effects. For U.S. based
studies, the percent of total variation across studies that is due to heterogeneity rather than
chance (I2) is 89.3, which previous literature has categorized as a “high” amount of heterogeneity
(Higgins, Thompson, Deeks, & Altman, 2003). Relatedly, the estimated variance of the
distribution of true effect size parameters across studies (𝑇𝑇 2 ) is 0.002. Together the values of 𝐼𝐼 2

and 𝑇𝑇 2 suggest a tight distribution of true effect sizes across studies, but most of this variation is
explained by heterogeneity in study effects, rather than chance. Finally, Cochrane’s Q statistic,

which is classically used to test the null hypothesis of homogeneity across studies, is 234.2 and
statistically significant (𝑝𝑝𝑄𝑄 < 0.001). This is evidence to reject the null hypothesis that the true

dispersion of effect sizes is zero. Together, these three measures provide evidence that there is
significant heterogeneity in effect sizes across studies, justifying the random-effects model.
Summary Effect by Study Features and Program Characteristics
Next, we turn to results which will help shed light on some of the policy debates
surrounding teacher merit pay by assessing how effect sizes vary across different characteristics
of teacher merit pay programs. We considered using a meta-regression approach to explore how
the effects of merit pay vary by program characteristics; however, sample sizes for metaregressions are based on the number of studies, and given the 26 U.S. based studies in our
sample, a multivariate meta-regression was inappropriate, because a sample size of 26 studies
These estimates are not statistically different from the overall effect, nor are they significantly different from each
other.

9
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means a severely under-powered analysis that risks regression coefficients driven by only a few
studies. 10 Given these concerns, and as suggested by Bartolucci and Hillegass (2010), we opted
for a subgroup analysis where we describe how the summary effect varies when restricting our
sample to studies with certain features. Thus, these subgroup results, displayed in Table 4, are
best understood as descriptive findings.
[Insert Table 4 Here]
Table 4 helps shed light on how teacher merit pay varies across different contexts, with
effect sizes for the elementary, middle, and high school levels. Merit pay programs at the
elementary school level are associated with larger effects than at the middle school level. 11 Using
Hill et al. (2008) as a rough guide, these effect sizes translate to about four weeks of learning
gains in elementary schools and a week and a half in middle schools. The estimate at the high
school level is based on too few studies to be reliable. These estimates suggest that merit pay
incentives do not function in the same way across contexts. Next, Table 4 helps assess the
argument that merit pay incentives diminished productive collaborations by comparing merit pay
programs that employ a group incentive design with competitive, rank-order tournaments. The
point estimates suggest that rank-order tournaments produce a larger summary effect (0.80 SD),
but this estimate is based on too few studies to assess statistical significance. Group incentives,
however, have a summary effect that is statistically indistinguishable from zero, suggesting
encouraging collaboration did not lead to larger effects.
Next, to assess the criticism that merit pay ignores teachers who are already motivated
but do not have the individual capacity to improve, we examine merit pay programs that are

10

As a check, we conducted meta-regressions to cross validate results from our subgroup analysis and found that
the meta-regressions results supported similar conclusions to what we describe here. Results are available upon
request.
11
At the middle school level, the summary effect is not statistically significant.
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paired with other school improvement interventions, especially in-service professional training.
Both subgroups of studies produce estimates that are larger than the overall effect. Notably, merit
pay programs that are paired with professional training opportunities produce one of the largest
effect sizes across the different program characteristics (0.083 SD), supporting the argument that
merit pay programs should be attentive to building teacher capacity. Turning to whether merit
pay programs are more effective when more trustworthy evaluation systems are used to
determine award eligibility, Table 4 shows that merit pay programs using pay criteria based on
multiple measures of teacher effectiveness produce an effect size (0.064 SD) that is larger than
the overall summary effect. This result supports the argument that merit pay programs are more
effective when teachers find their performance measure to be more trustworthy.
In order to better understand the costs of merit pay, Table 4 also shows results for
programs with higher incentive awards (above the median amount of 7.5 percent per capita) and
programs with longer duration (more than the median length of three years). The results suggest
that larger incentives are associated with larger effect sizes (0.056 SD versus 0.034 SD), though
it is important to keep in mind that these estimates are based on a small number of studies. 12
Finally, the results suggest a possibly counterintuitive finding that incentive programs in
operation for fewer years tend to have larger effects than longer running programs (0.056 SD
versus 0.036 SD). Probing further into this analysis, we find that three of the studies reporting
the largest average effect sizes (Barnett et al., 2014; Schacter & Thum, 2005; Schacter et al.,
2004) studied programs that were in operation for only one or two years. When removing these
somewhat outlier studies, the summary effect for studies of programs in operation for three or

12

In the analysis, we chose the median as a cut point for higher versus lower incentive amount and longer versus
shorter program duration because both variables are right skewed, through results are substantively similar when
choosing the mean as a cut point or when dividing these subgroups into quartiles.
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fewer years is 0.04 SD. Even so, these results suggest that merit pay programs have larger effects
in earlier years of implementation.
Finally, we summarize the effect of merit pay incentives on test scores that are not
incentivized in order to better understand whether test scores improvements are the result of
“teaching to the test.” Three studies in the U.S. (Fryer, 2013; Sojourner, 2014; Springer et al.,
2011) and two international studies (Glewwe, Ilias, & Kremer, 2010; Muralidharan &
Sundararaman, 2011) report effect sizes for tests or subjects that are not part of the criteria for
receiving a pay incentive. Summary effect estimates is not statistically different from zero for
either the sample of three U.S. studies (0.002 SD) or the sample of all five U.S. and international
studies (0.027 SD). 13 These results suggest that merit pay incentives do not have an effect on unincentivized test scores.
Sensitivity and Robustness Checks
We examine the robustness of our findings to a number of common threats identified in
the meta-analytic literature, including risk of bias due to study quality and publication bias.
Risk of bias. Table 5 presents results from our risk of bias analysis for U.S. based studies
using different study inclusion criteria along with two different risk of bias instruments: the
quality rating and method-specific approach. When using different inclusion criteria, the
summary effect ranges from 0.028 to 0.060 SD. First, the summary effect for reports and journal
articles represent a relatively large difference in effect size, with journal articles reporting a
larger summary effect than reports. We discuss implications of this difference for publication
bias below. In order to address concerns with our broad study inclusion approach, we estimate

We note that the small sample of five studies have fewer than four degrees of freedom after applying Tipton’s
(2015) small sample adjustment, suggesting that the p-value is unreliable. Nonetheless, the point coefficients are
substantively negligible.
13
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summary effects using more rigorous inclusion criteria. Among randomized control trials,
considered by many to be the gold standard for evaluating education interventions, the summary
effect estimate remains remarkably consistent (0.044 SD). Likewise, controlling for pretreatment test scores has been supported as an effective way to improve the performance of
quasi-experimental research designs, and the summary effect from this subset of studies again
yields a similar overall effect estimate (0.046 SD).
Then, using our two risk of bias instruments, the summary effect ranges between 0.033
SD and 0.047 SD. Under the quality rating approach, only 10 out of 26 studies with a rating of
four or higher out of five were considered high quality. In this subgroup of highest quality
studies, the summary effect attenuates to 0.034 SD. Using our professional judgment as a
benchmark, the smaller point estimate suggests the most rigorous evaluations of teacher merit
pay programs are finding smaller effects than less rigorous studies. Using the method-specific
approach, the summary effect for U.S. based studies changes very little when assessing studies
with a low risk of selection bias, performance bias, attrition bias, and detection bias. 14 Notably,
studies with the lowest risk of selection bias also report a summary effect estimate that is slightly
lower (0.035 SD) than the overall summary effect (0.043 SD), again suggesting that the most
rigorous evaluations are reporting smaller effect estimates. Though our risk of bias assessment
suggests somewhat smaller summary effect estimates among studies with the lowest risk of bias,
the results also provide confidence that the substantive conclusions of this meta-analysis are
supported by the highest quality evidence on the subject. That is, teacher merit pay has a
positive, though substantively modest effect on test scores.
[Insert Table 5 Here]
Note that for studies with the lowest risk of confounder bias, there are too few studies (the adjusted degrees of
freedom are below 4) to make credible conclusions about this result.
14
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Publication bias. A common threat in the meta-analytic literature is publication bias,
where studies with significant findings are more readily published. Results from Table 5 above
showing larger effect estimates for published journal articles compared to research reports,
suggest that this threat is a concern in this meta-analysis. To explore the threat of publication
bias, Figure 1 presents a contour-enhanced funnel plot for both U.S. based studies (gray dots)
and studies conducted outside of the U.S. (black dots). The funnel plot graphs effect sizes for all
studies against their standard error. In the absence of publication bias, results from small-sample
studies should spread more widely at the bottom of the graph, with the spread narrowing for
studies with larger sample sizes at the top, resulting in an inverted cone that is symmetrical about
the summary effect. In Figure 1, we include vertical lines representing the summary effect for
U.S. based studies (gray dotted line), studies outside the U.S. (black dotted line), and the full
sample (solid line). The contour overlay shows if studies appear to be missing in areas of
statistical non-significance (the white area inside the inner most funnel) or in the areas of higher
statistical significance (the shaded areas outside the inner funnel). If studies are missing in areas
of statistical non-significance, this would be evidence of publication bias. Figure 2 shows that
studies reporting the most precise and least precise estimates are reporting null results. However,
asymmetry exists because studies with less precise estimates (lower in the graph) appear more on
the right than the left side of the summary effect.
[Insert Figure 1 Here]
While asymmetry exists, we note that most studies included in this review have relatively
large sample sizes with about 65 percent of studies having sample sizes larger than 10,000
students. We argue that these large-scale studies are likely to be published even if they had found
null effects, because they have important implications for researchers and policy-makers thinking
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about merit pay policies. Indeed, several large randomized control trials did publish null results
(e.g., Fryer, 2013 and Springer et al., 2011). Moreover, our inclusive search strategy included an
extensive examination of the gray literature including unpublished dissertations and policy
reports. Therefore, we conclude that publication bias is likely a limitation, but this meta-analysis
represents findings from the existing research on teacher merit pay to the extent that the research
exists in a retrievable form.
The funnel plot also identifies two outlier studies, both of which were conducted outside
the United States. Martins (2009) reports a significant negative effect while Atkinson and
colleagues (2009) report a comparatively large positive effect and large standard error. Martins
explains the negative finding by stating that the results “are consistent with incentives-related
disruption in collaborative work in schools” (p. 17), suggesting that pay incentives led to
decreased student test scores because the competition for bonuses had adverse effects on
collegial support among teachers. Atkinson and colleagues offered fewer explanations for their
finding, noting that “whether this [result] represented extra effort or effort diverted from other
professional activities is not something we can determine in our dataset” (p. 32). These outliers
do not affect our summary effect for U.S. based studies. 15
Summary of Literature on Staffing Incentives
Theories of personnel economics suggest that staffing incentives can improve the
composition of the teacher workforce by attracting and retaining high performing teachers
(Ballou & Podgursky, 1998; Lazear & Shaw, 2007). While this is a primary mechanism through
which incentive pay programs may realize their intended purpose of improving student
outcomes, most of the primary studies included in our meta-analysis did not focus on teacher
Without these two outlier studies, the summary effect for all studies is 0.057 and the summary effect for studies
conducted outside the U.S. is 0.131 SD

15
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recruitment and retention. This is problematic because teacher attrition is an important outcome
for districts and policy makers; and if teacher attrition is high, the effect of pay incentives on
student test scores may be driven by the effectiveness of teachers who remain relative to new
teachers or substitute teachers replacing the teachers who left.
Moreover, the mechanism connecting pay incentives, teacher turnover, and student
achievement remains unclear. Pay incentives may increase teacher retention and recruitment,
which could lead to positive outcomes if more effective teachers are enticed to work in lower
performing schools. However, increased teacher retention could also have negative consequences
if lower performing teachers choose to stay in their positions, hoping to win a bonus. On the
other hand, pay incentives may lead to initial increases in teacher turnover if lower performing
teachers more likely to exit schools where their compensation is tied to performance outputs. In
this scenario, the initial increase to teacher turnover may lead to positive outcomes if lower
performing teachers are replaced with more effective teachers. Alternatively, elevated teacher
attrition (even among lower performing teachers) could have adverse consequences for schools
and districts because of the high cost associated with recruiting and training new teachers
(Barnes, Crowe, & Schaefer, 2007). As such, the relationship between pay incentives and teacher
mobility is complex and not yet well understood.
Recognizing the paucity of knowledge connecting pay incentives with teacher turnover,
we retained 16 primary studies with teacher attrition outcomes from our literature search. The
limited number of primary studies, reporting varying types of effect sizes, precludes a full metaanalysis, so we descriptively reviewed these 16 studies as displayed in Table 6. We find that
seven studies reported improvements in teacher retention or recruitment (Bayonas & Barker,
2010; Booker & Glazerman, 2009; Clotfelter, Glennie, Ladd, & Vigdor, 2008; Cowan &
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Goldhaber, 2015; Fulbeck, 2014; Glazerman et al., 2013; Springer et al., 2010). Seven studies
showed some inconsistent results (Choi, 2015; Glazerman & Seifullah, 2012; Hough, 2012;
Springer, Lewis, et al., 2009; Springer, Podgursky, et al., 2009; Springer et al., 2015; Steele et
al., 2010), while two reported mostly null effects (Dee & Wyckoff, 2015; Fryer, 2013).
[Insert Table 6 Here]
While we are cautious about simply counting significant study effects, these findings
offer suggestive evidence that merit pay programs have the potential to decrease overall teacher
turnover and increase recruitment, especially to high poverty schools. Many of these studies
found that pay incentives could increase teacher retention at least while the program was in
operation and suggest that positive results are most consistent among teachers who are actually
eligible to receive the award. For example, Cowan and Goldhaber (2015) found that the
Challenging Schools Bonus increased the proportion of targeted National Board Certified
teachers in high poverty schools, but overall turnover rates remain unchanged. There is less
evidence to support an argument that teachers would be willing to stay after the staffing
incentives end, and it is also unclear whether the effects of pay incentives in these studies persist
over time, because some researchers find significant effects only in the first few years of
program implementation (Glazerman & Seifullah, 2012; Springer, Lewis, et al., 2009) and others
find effects only when schools have implemented staffing incentives for several years (Choi,
2015). Many questions remain, especially whether pay incentives can attract and retain more
effective teachers as opposed to lower performing teachers, and we urge researchers to further
investigate how pay incentives affect teacher recruitment and retention.
DISCUSSION
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The effect of teacher merit pay on student test scores varies across contexts and program
features, ranging from statistically insignificant results at the middle school level to a summary
effect of 0.083 SD for merit pay programs that include teacher development and a 0.096 SD
summary effect at the elementary school level. Overall, we find a modest effect of teacher merit
pay on student test scores (0.043 SD), roughly equivalent to 3 additional weeks of learning.
However, the more pertinent question about merit pay may not be whether it can work, but rather
how merit pay programs should be designed to maximize benefits and minimize negative or
unintended effects. Toward the goal of using empirical evidence to inform the policy debate over
merit pay incentives, we descriptively summarize effect sizes across varying contexts and design
characteristics.
Although there is not enough evidence to assess teacher merit pay across all contexts, we
provide some evidence that the effect of merit pay differs across subject areas and school levels.
The variations in effect sizes across different contexts suggest that education authorities
implementing merit pay must consider the strength of the relationship between teacher effort and
targeted student outcomes within each particular context. Teacher efforts can affect student
outcomes, but student achievement is also influenced by contextual factors external to the
teacher. The effect of merit pay is larger in math than in language, possibly because student
performance in language and reading is more influenced by home environments. We also find
larger summary effect estimates at the elementary than secondary school levels. Comparing
results across grade levels suggest that merit pay incentives are most effective when teacher
efforts are expected to be more tightly correlated with targeted student outcomes, because
elementary teachers have more time to concentrate on fewer students, compared to secondary
teachers whose personal influence must be balanced with the time students spend in other
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classrooms with other teachers. Together these findings suggest that the effectiveness of merit
pay will likely be larger when there is reason to believe that teacher actions will have a more
direct effect on target student outcomes, and future merit pay programs may need to offer
different incentive structures for teachers in different subject areas and grade levels.
In addition to context, we assess the argument that teachers need development more than
motivation by estimating summary effect sizes for merit pay programs that pair pay incentives
with capacity building. Among program characteristics, this subgroup of studies produces the
largest summary effect size (0.083 SD). This evidence aligns with federal requirements for the
Teacher Incentive Fund initiative and supports the argument that teachers may already be
exerting effort but are not sure how to improve their practice. Integrating merit pay with effective
professional learning opportunities suggests an important route for future research into pay
incentives, because in contexts where the desired outcome is not easily achieved by merely
increasing effort, the incentive may be more motivating when support is provided to make the
target outcome potentially attainable. In the educational context, teaching is not a routine task
that is easily incentivized, but teachers may be more motivated by pay incentives if they are
supported and believe they have the capacity to meet student achievement goals. This finding
supports arguments for pay incentives as one component of a wider, capacity-enhancing view of
school improvement.
To better understand whether merit pay programs create a competitive culture in schools
that detract from productive staff collaboration, we examined effect estimates for group
incentives and rank-order tournaments. We find that the summary effect for group incentives is
statistically insignificant, and the summary effect for rank-order tournaments is larger in
magnitude than the overall summary effect but is based on too few studies to assess statistical
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significance. Overall, the evidence suggests that group incentives are not more effective than
individual incentives, perhaps due to free-rider problems (Fryer, 2013), and rank-order
tournaments do not appear to be catalyzing unhealthy levels of competition between teachers.
These results are supported by multiple primary studies reporting teacher perceptions outcomes,
which find that teachers do not believe the incentives either harm collegiality or elevate
competition (Marsh, Springer, McCaffrey, Yuan, & Epstein, 2011; Springer et al., 2010;
Wellington et al., 2016).
When assessing the argument that merit pay incentives suffer from the weaknesses of
teacher evaluations systems that cannot accurately measure teacher contributions to student
learning, we examined studies that use more than one measure of teacher effectiveness to
determine incentive eligibility and found that the summary effect is indeed larger among studies
using more sophisticated teacher effectiveness measures. This finding supports multiple studies
of teacher perceptions which report that teachers have difficulty trusting interventions that rely
solely on student test scores or value-added measures. Our finding only suggests that merit pay
programs may produce larger effects when measures of teacher performance are more
trustworthy. The debate continues over whether teacher effectiveness can ever be measured with
a high enough level of accuracy and precision to be used in making personnel policy decisions,
and we must wait for ongoing research to further clarify this question.
Related to issues of cost, we examined both the award amounts and program duration.
We find that higher award amounts and programs early in their implementation are associated
with larger effect sizes. Principal-agent theory would support the positive relationship between
award amounts and effects, because higher incentives should motivate teachers to exert more
effort. A key question for future research is whether there are guiding principles that would help
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policy makers and education leaders make better decisions about how to set award amounts that
are both motivating and cost-efficient. The finding that merit pay programs tend to be a
somewhat more effective early in their implementation suggests diminishing returns for merit
pay programs as they continue to operate. Perhaps, pay incentives cease to be motivating after
multiple years because similar teachers continue to win the awards and come to expect them as
part of their standard salary whereas teachers who consecutively fail to win incentives stop
seeing them as attainable. Currently, the bulk of the teacher merit pay literature focuses on the
first few years of implementation and less evidence exists to evaluate the sustainability and longterm effects of teacher merit pay. To the extent possible, we urge continued research on this topic
to help illuminate whether merit pay programs have the potential to continue raising student test
scores after multiple years of implementation.
To assess the criticism that merit pay incentives induce teachers to focus narrowly on
incentivized outcomes, we examined the effect sizes for test scores that are not part of the criteria
for receiving an incentive award. The summary effect estimates for these unincentivized test
scores are neither statistically significant nor substantively meaningful, suggesting that pay
incentives are unlikely to produce gains outside of the incentivized outcome. Perhaps teachers
are teaching only test taking skills or focusing solely on content on the incentivized test, but
authorities hoping to implement merit pay would do well to expect only effects on the
incentivized outcome.
Numerous other design questions deserve further exploration. Incentives accompanied by
school-wide public announcements (Glewwe et al., 2010), incentives making use of loss aversion
(Fryer, Levitt, List, & Sadoff, 2012), and incentive awards mirrored by a threat of dismissal (Dee
& Wyckoff, 2015) have been explored by different researchers and shown to have positive
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effects. We advise continued study into whether the effects of these various program features
vary across different contexts as program design can take on a number of different forms with
differing tradeoffs (Barlevy & Neal, 2012; Neal, 2011; Ritter et al., 2008; Springer & Balch,
2010).
Other relevant program features which we lacked the information to investigate more
deeply include how incentives affect teachers’ instructional practice, the cost of these incentive
programs, and whether school staff are well informed about the program’s guidelines. The latter
proved salient in a recent national impact evaluation of the Teacher Incentive Fund where
approximately 40 percent of treatment teachers were unaware they were eligible for a bonus
(Wellington et al., 2016). We suggest more explicit attention to these types of program
characteristics in future research in order to further expose how different program features could
result in different outcomes.
Finally, this meta-analysis contributes another step toward understanding the different
motivational aspects of compensation as grounded in the general personnel economics literature.
Primary studies in our sample often suggest that merit pay encourages teachers to increase their
effort, a pathway supported by principal-agent theory, and our results support the notion that
opportunities to earn pay incentives can lead to modest improvements in test scores. However,
there is still insufficient evidence to support the conclusion that increased test scores is a result of
increased teacher effort. Indeed, some primary authors suggest that gaming behaviors such as
“teaching to the test” and even outright cheating may be the reason tests scores improve (Jacob
& Levitt, 2003; Lavy, 2002).
Teacher recruitment and retention is another theoretically supported pathway through
which merit pay can affect student test scores. Our descriptive review of the emerging literature
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on this pathway suggests that positive effects may partly be the result of decreased teacher
turnover. Some studies find that teacher pay incentives have the potential to increase recruitment
and decrease attrition, but questions remain. For example, increased teacher attrition is not
necessarily harmful if lower performing teachers are more likely to leave. However, if lower
performing teachers are staying longer, hoping to win an incentive, merit pay programs may not
be working as intended on the composition of the workforce. We highly suggest continued
investigation into teacher labor market outcomes, especially into the effects of pay incentives on
the mobility patterns of highly effective teachers and the exit decisions of lower-performing
teachers. Regardless of the outcome, our study reveals that the magnitude of the merit pay effect
is sensitive to program design and study context, and we urge researchers and policymakers to
pay careful attention to these features when designing and evaluating the effectiveness of
incentive pay programs.
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Table 1. Supportive and Critical Arguments Regarding Teacher Merit Pay
Supportive Arguments
Critical Response
Empirical Evidence
Merit pay motivates teachers to 1) Incentives are designed for production 1) Analyzing effects across different grade levels and
exert effort toward improving technologies where effort is directly
subject areas will help show how contextual factors
student outcomes and rewards proportional to output, but the learning
influence the effects of merit pay.
teachers for their students’
context also affects student outcomes.
2) Comparing group incentives and rank-order
achievement instead of paying 2) Merit pay creates competition that
tournaments will help show whether competition
for inputs that are weakly
detracts from productive teacher
diminishes any positive effects of merit pay.
associated with student
collaboration.
3) Examining the effect of merit pay on alternate test
performance.
3) Merit pay causes teachers to focus too scores that are not part of the criteria for award eligibility
narrowly on incentivized outcomes, such will shed light on whether merit pay has broader effects
as test scores.
on student outcomes.
Merit pay allows teachers to
Simply incentivizing summative outcomes Synthesizing studies that combine merit pay with
flexibly to choose how they
like test scores ignores teachers who are
capacity-building opportunities for teachers will help
will improve student outcomes. already motivated but lack the capacity and show whether incentive programs can be more effective
support necessary to improve.
when paired with teacher development.
Merit pay helps educational
Alignment requires accurate and reliable Some merit pay programs utilize more sophisticated,
authorities to align teacher
measures of teacher effectiveness, and
multi-measured models of teacher effectiveness and
efforts with desired goals (e.g., existing measures of teacher effectiveness others rely solely on test scores. This allows us to
improved student test scores). may not be trustworthy enough to use in
compare the effect of merit pay between more and less
differentiating salary.
trustworthy measures of teacher performance.
Merit pay is a way to target
1) Returns to increasing the amount of
1) Comparing studies with differing amounts of pay
financial resources towards
merit pay remain unclear and salary
provides insight into whether larger incentives have
increasing student performance incentives are exorbitantly expensive when larger effects on student test scores.
and is less costly than uniform awards are too high.
2) Comparing programs implemented for fewer years
salary raises.
2) The costs associated with merit pay
with longer running programs will show whether the
effect of merit pay lasts after multiple years of
accrue after multiple years but student
achievement gains may not last.
implementation.
Pay incentives can be used to Teachers attracted by staffing incentives Synthesizing the nascent literature on staffing incentives
recruit and retain teachers,
may leave when the incentive is no longer would clarify how this particular form of differentiated
especially in low-performing
available.
pay alters the composition of the teacher workforce.
schools.
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Table 2
Descriptive Information on Primary Studies by Study and Program Characteristics
Studies Conducted Studies Conducted
All Primary
in the United
Outside of the
Studies
States
United States
Study Characteristics
Publication year
1997-2016
2002-2017
1997-2017
Peer-reviewed journal article
34% (10 studies)
75% (9 studies)
46% (19 studies)
Randomized design
28% (8 studies)
33% (4 studies)
29% (12 studies)
Regression discontinuity (LATE)
10% (3 studies)
8% (1 study)
10% (4 studies)
Non-incentivized scores included
10% (3 studies)
17% (2 studies)
10% (4 studies)
Average sample size

470,841 students
136 schools

40,258 students
444 schools

358,695 students
158 schools

Range of sample size

316–8,579,308
students
10–1003 schools

181–840,043
students
32–1610 schools

181–8,579,308
students
10–1610 schools

School level

Elementary:
72% (21 studies)
Middle:
79% (23 studies)
High:
59% (17 studies)

Primary:
50% (6 studies)
Secondary:
83% (10 studies)

Primary:
66% (27 studies)
Secondary:
85% (35 studies)

1–12 years
3.5 years average

1-12 years
5.9 years average

1–12 years
4.0 years average

1.4% to 49.7%
10.1% on average

6.8% to 81.7%
45.5% on average

1.4% – 81.7%
19.2% on average

17% (5 studies)
28% (8 studies)
59% (17 studies)
24% (7 studies)
38% (11 studies)

42% (5 studies)
42% (5 studies)
8% (1 study)
8% (1 study)
17% (2 studies)
Gifts
One time bonuses
Salary increases

24% (10 studies)
32% (13 studies)
44% (18 studies)
20% (8 studies)
32% (13 study)
Gifts
One time bonuses
Salary increases

Program Characteristics
Duration of Incentive Program
Range and average incentive
amount per teacher (percent of
per capita income)
Rank-order tournament
Group incentive structure
Merit pay + other intervention
Merit pay + training
Award criteria uses multiple measures
Award type

One time bonuses
Salary increases

29
12
41
Number of Studies
Note: LATE is local average treatment effect. Merit pay + other intervention refers to whether merit pay
was implemented in conjunction with other reforms such as a new curriculum. Merit pay + training
refers to merit pay program that was implemented in conjunction with a training/professional
development component. The full sample of 41 “studies” includes one that is an average of four reports
or articles on the School-wide Performance Bonus Program and another that is an average of two reports
on the Teacher Advancement Program. The percentages shown represent the percent of studies within
each category. Several studies analyzed data on students and teachers at multiple school levels. For the
incentive amount, the average amount received by teachers in each study were converted to a percent of
per capita income for the time frame and geographical region of the study.
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Table 3
Meta-Analytic Results for the Effect of Merit Pay on Student Test Scores: Random-Effects Model
Panel B:
Panel A:
Heterogeneity of study
Effect Estimates
effects
N

Adjusted
Summary
Adjusted
Standard
Degrees of
Effect
Degrees of
Error
Freedom
Freedom
Estimate
Above Four

I2

𝑇𝑇 2

Q

United States
Overall
Student Level
School Level
Math
Language

26
21
4
25
21

0.043***
0.049***
0.030
0.050***
0.029**

0.010
0.013
0.025
0.012
0.009

17.889
15.943
2.221
19.393
14.782

Yes
Yes
No
Yes
Yes

89.3
90.9
78.1
92.7
86.1

0.002
0.003
0.002
0.002
0.001

234.2***
218.8***
13.7**
330.3***
143.4***

Outside of U.S.
Overall
Student Level
School Level
Math
Language

11
6
4
5
4

0.113**
0.119*
0.070~
0.215***
0.173***

0.039
0.057
0.038
0.024
0.051

9.112
4.992
2.440
3.836
2.851

Yes
Yes
No
No
No

88.5
93.1
65.5
68.9
73.1

0.014
0.035
0.004
0.010
0.008

87.2***
72.4***
8.7*
12.9*
11.2*

All Studies
Overall
Student Level
School Level
Math
Language

37
27
8
30
25

0.053***
0.062***
0.037*
0.067***
0.040***

0.012
0.017
0.018
0.014
0.011

26.049
22.125
4.559
23.332
17.541

Yes
Yes
Yes
Yes
Yes

88.8
91.1
70.2
92.4
87.0

0.002
0.004
0.001
0.003
0.001

321.7***
292.0***
23.5**
382.6***
184.9***

Note: When the adjusted degrees of freedom are below four, p-values for the summary effect estimate should not be
trusted. Not all studies presented results separated by subject. Student level represents primary study analyses using
student-level achievement outcomes. School level represents primary study analyses using school-level outcomes.
Three primary studies reported analyses based on teacher-level or grade-level outcomes: Alafita (2003), Schacter &
Thum (2005), and Slotnik et al. (2013). Significance levels: ~ .1 * .05 ** .01 *** .001
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Table 4
Subgroup Analyses of the Effect of Merit Pay on Student Test Scores for Studies Conducted in
the United States: Random-Effects Models

Overall Effect
By School Level
Elementary School Level
Middle School Level
High School Level
By Program Characteristics
Group Incentive
Rank-order Tournament
Merit Pay + Other Interventions
Merit Pay + Training
Pay Criteria Based on Multiple Measures
Incentive Amount Below Median (≤7.5 PPC)
Incentive Amount Above Median (>7.5 PPC)
Program Duration: Three or fewer years
Program Duration: More than three years

Adjusted
Standard
Degrees of
Error
Freedom

Adjusted
Degrees of
Freedom
Above Four

N

Summary
Effect
Estimate

26

0.043***

0.010

17.9

Yes

7
8
5

0.096*
0.012
0.064***

0.046
0.009
0.003

5.4
5.7
1.6

Yes
Yes
No

7
4
14
6
9
7
7
15
10

0.042
0.080*
0.057***
0.083*
0.064**
0.034***
0.056*
0.056**
0.036***

0.032
0.040
0.011
0.033
0.023
0.008
0.027
0.019
0.005

4.7
2.2
8.9
4.2
6.4
3.3
5.1
11.4
5.9

Yes
No
Yes
Yes
Yes
No
Yes
Yes
Yes

Note. When the adjusted degrees of freedom are below four, p-values for the summary effect estimate should not be
trusted. Merit pay + other refers to whether merit pay was implemented in conjunction with other reforms such as
additional training. Merit pay + training refers to merit pay program that was implemented in conjunction with a
training or professional development component. The incentive amount variables represent the average amount of
incentive compensation paid to all teachers as reported by primary studies. The amount of incentive pay was
converted to a percent per capita (PPC) to aid in comparability. The median amount of incentive pay across all
studies is about 7.5% of the per capita income for the time period and geographical area where the study was
conducted. Significance levels: ~ .1 * .05 ** .01 *** .001
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Table 5
Risk of Bias Analysis Comparing Summary Effect Estimates for the Highest Quality Studies, U.S.
Based Studies Only

Study Characteristics
Overall Effect
Journal Article
Report
Randomized Control Trials
Studies Controlling for Pre-treatment Test Scores
Risk of Bias Instruments
Quality Rating Approach
Low Risk of Selection Bias
Low Risk of Confounder Bias
Low Risk of Performance Bias
Low Risk of Attrition Bias
Low Risk of Detection Bias

N

Summary
Effect
Estimate

DF
Standard Adjusted
Above
Error
DF
Four

26
10
15
8
16

0.043***
0.060*
0.028*
0.044**
0.046***

0.010
0.024
0.013
0.014
0.012

17.9
7.6
10.3
5.4
10.5

Yes
Yes
Yes
Yes
Yes

10
8
6
14
13
22

0.034*
0.035***
0.045**
0.033***
0.041**
0.047***

0.015
0.010
0.015
0.009
0.013
0.011

7.7
4.1
3.8
9.1
10.6
14.9

Yes
Yes
No
Yes
Yes
Yes

Note. DF is degrees of freedom. N is the number of primary studies. When the adjusted degrees of freedom are
below four, p-values for the summary effect estimate should not be trusted. Under the quality rating approach,
studies with a score of 4 or 5 out of 5 are considered the highest quality.
Significance levels: ~ .1 * .05 ** .01 *** .001

`
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Table 6
Studies Investigating Merit Pay and Teacher Recruitment and Retention
Pay Incentive
Study
Years of
Program Description
Program
Design
Data
Mostly Positive Effects
North Carolina
Bonus Program
(Clotfelter et al.,
2008)

Hazard
Models

1999 to 2004
Program
began in
2001-02.

Missouri Career
Ladder Program
(Booker &
Glazerman, 2009)

Cox
Proportion
Hazard
Models

1989 to 2007
Program
began in
1986.

Guilford County
Schools Mission
Possible (MP)
program in North
Carolina
(Bayonas & Barker,
2010)

Descriptive
Means

2006 to 2009
Program
began in
2006-07.

Texas District
Awards for Teacher
Excellence Program
(DATE)
(Springer et al., 2010)

Probit and
Multinomial
Logit
Models

2002 to 2009
Program
began in
2008-09.

Randomized
Teacherteam Blocks

2009 to 2011
Program
began in
2009-10.

Talent Transfer
Initiation (TTI)
(Glazerman et al.,
2013)

Teachers were awarded up to
$1,800 in schools serving lowincome or low-performing
students.
Teachers meeting state and
district-level performance criteria
could receive supplementary bonus
pay ($1,500-$3,000) for
completing academic
responsibilities.
Mission Possible provided both
recruiting and performance
incentives to teachers in
participating schools. Recruitment
incentives ranged from $2,500 to
$10,000 and performance
incentives ranged from $2,500 to
$3,000.
Eligible school districts that
decided to accept the grants
(ranging from $4,395 to over
$13,000,000) created incentive pay
plans either for all schools or for
select, high-need schools.
Highest-performing teachers (top
20 percent) were offered $20,000
to transfer to low-performing
schools for 2 years.

Results
The bonus award reduced turnover rates by
about 17% among targeted teachers.
Teachers in participating districts were less
likely (.85 times) than teachers in nonparticipating districts to move to a different
district. Teachers in participating districts
were also less likely (90 percent as likely) to
leave teaching.
Both principal and teacher turnover generally
decreased while the MP program was in
place. This diminished turnover occurred
among both teachers eligible for a bonus and
among the overall sample of teachers.
Notably, turnover among eligible teachers
dropped from 29.4% in 2007-08 to 13.3% in
2008-09.
Turnover rates were 1.3 percentage points
lower for schools in districts with districtwide DATE incentive plans. Individual
teacher awards greater than $100 were
associated with a significant decrease in the
probability of teacher turnover under districtwide DATE plans.
During the years of implementation,
retention rates for TTI teachers were
significantly higher than non-TTI teachers.
Retention rates were not significantly
different after the intervention ended.
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Denver Professional
Compensation
System (ProComp)
(Fulbeck, 2014)
Washington
Challenging Schools
Bonus (CSB)
(Cowan &
Goldhaber, 2015)

Hazard
Models

Regression
Discontinuit
y

2001 to 2011
Program
began in
2005-06.
2007 to 2013
Program
began in
1999-00.

Some Insignificant and Some Positive Effects

Texas Educator
Excellence Grant
(TEEG) Program
(Springer et al., 2008)

Probit and
Multinomial
Logit
Models

2002 to 2008
Program
began in
2006-07.

Texas Governor’s
Educator Excellence
Grant (GEEG)
(Springer et al., 2009)

Probit and
Multinomial
Logit
Models

2002 to 2008
Program
began in
2005-06.

California
Governor’s Teaching
Fellowship (GTF)
(Steele et al., 2010)

Instrumental
Variables,
Hazard
Models

1998 to 2003
Program
began in
2000-01.

Chicago Teacher
Advancement

Randomized
Schools

2005 to 2011
Program

Teachers were eligible for ten
different financial incentives
ranging from $376 to $3,379.

Receipt of a ProComp incentive was
associated with a 30% decrease in teachers’
odds of departure from a school.

National Board Certified Teachers
were awarded up to $5,000 at high
poverty schools.

The CSB bonus increased the proportion of
National Board Certified teachers by about
0.022, and the bonus increased the
probability that newly hired teachers are
National Board Certified by 1 percentage
point.

Schools with a high percentage of
economically disadvantaged
students were awarded one-year
grants ranging from $40,000 to
$295,000 per year. Schools were
required to dedicate 75% of these
funds to classroom teacher
performance awards.

Schools in TEEG did not experience any
systematic reduction in teacher turnover.
However, the probability of turnover fell as
the size of the individual teachers’ awards
increased, such that awards of $3,000 per
teacher reduced the predicted turnover rate
among recipients to less than a third of the
predicted turnover rate observed before the
TEEG program.
Teacher turnover was consistently lower
(3.21 percentage points) in GEEG schools
than non-GEEG schools in the first year, but
this difference did not persist. The actual
receipt and size of the award had a strong
impact on teacher turnover. Experienced
teachers receiving an award of $1,250 or
more had a significantly lower probability of
turnover.
The award increased recipients’ probability
of teaching in a low-performing school by
about 28 percentage points, but there was no
difference in the probability of school exits
between recipients and non-recipients.
Chicago’s TAP had a positive, significant
impact on year-to-year retention for the first

Schools with a high percentage of
economically disadvantaged
students were awarded three-year
grants ranging from $60,000 to
$100,000 per year. Schools were
required to dedicate 75% of these
funds to classroom teacher
performance awards.
Teachers were awarded $20,000
for four years of service in a lowperforming school.
Teachers were eligible for extra
pay and increased responsibilities
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Program (TAP)
(Glazerman &
Seifullah, 2012)

Quality Teacher and
Education Act in San
Francisco Unified
School District
(QTEA)
(Hough, 2012)
Minnesota Quality
Compensation (Q
Comp)
(Choi, 2015)
Tennessee Governor's
Retention Bonus
Program
(Springer et al., 2015)

Propensity
Score
Matching

Difference
in
differences

Fixed
Effects
Model

Regression
Discontinuit
y

Statistically Insignificant Effects
School-wide
Randomized
Performance Bonus
Schools
Program
(Fryer, 2013)
IMPACT Teacher
Evaluation System in Regression
Washington D.C.
Discontinuit
y
(Dee & Wyckoff,
2015)

began in
2007-08.

2002 to 2011
Program
began in
2008-09.

2002 to 2010
Program
began in
2005-06.
2011 to 2014
Program
began in
2013-14.
2006 to 2010
Program
began in
2007-08.
2009 to 2012
Program
began in
2009-10.

based on their contribution to
student achievement and
classroom observations.
Teachers received salary increases
of $500-6,300 and retention
bonuses ranging from $2,5003,000 and a $2000 bonus for
working in hard-to-staff schools.
One component of the Q Comp
plan required participants to
include a performance-base pay
component tied to student
achievement and teacher
evaluations.
Highly effective teachers received
a $5,000 retention bonus for
working in low-performing
priority schools.

two years of the program, but not for the
third year. Retention rates for TAP schools
ranged from zero to 20 percentage points
higher than matched comparison schools,
depending on cohort and year.
The QTEA retention bonus had no
significant effect on rates of teachers staying
the same school or transferring, but in hardto-staff schools, retention rates were 15
percentage points higher for teachers
targeted by the retention bonus than in the
absence of QTEA.
Q Comp implementation had no significant
association with changes in teacher retention
overall, but schools implementing Q Comp
for five years had teacher retention rates that
were 6.32 percentage points higher than
schools without five years of Q Comp
implementation.
No significant effects on teacher retention
overall. However, tested-subject teachers
who received the bonus were 20% more
likely to remain in a priority school than
teachers who did not receive a bonus.

Schools meeting performance
standards received $3,000 per
union represented staff member.

No significant effect for teacher retention at
the school or district level.

Teachers meeting certain
performance ratings were eligible
for bonuses up to $25,000 and base
pay salary increases of up to
$27,000.

A highly-effective rating and eligibility for
financial incentives raised teacher retention
by 3 percentage points, but this result is
statistically insignificant.

Notes: OLS stands for Ordinary Least Squares. IV stands for Instrumental Variables. DID stands for difference-in-difference, RD stands for regression
discontinuity. Years for data refer to fall of the first year to spring of the last year. Therefore, 2009 to 2012 means 2009-10 to 2011-11.

63

Figure 1. Contour enhanced funnel plot
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Appendix Tables and Figures
Table A1
Coded Variables
Study Characteristics
Variable
Description
id
leadauth
title
yearpub
appearedpr
pubtype
rct
randomized

evaluate

peer review
working paper
usa
otherctry
state
depvar

design
confdsgn

program
lngthrt
lvlrandm
eqvscores
eqvgrade

ID Number assigned to study
Name of lead author
Title of paper
Year paper was published
1 if this study appeared in a previous review of the literature
Type of publication (academic journal article, policy report,
conference paper, book chapter, working paper, dissertation/thesis)
1 if this study is a randomized control trial where subjects were
randomly placed into either the merit pay condition or no merit pay
condition
1 if this study utilized randomization of subjects. This variable will
always be 1 if rct = 1, however, in some cases, the study utilized
randomly assigned subjects, but the subjects were not explicitly
randomized into merit pay or no merit pay conditions. For example,
see (Dee & Keys, 2004)
1 if this study an evaluation of an existing intervention. For example,
studies where the merit pay program was designed solely for the
study would not qualify, but studies evaluating TAP or TIF would be
coded as 1.
1 if this study appeared in a peer-reviewed publication
1 if this study is a working paper
1 if this study evaluating a teacher merit pay program occurring in the
the U.S.
Name of the country where the study was conducted if not the U.S.
Name of state (if U.S.=1)
The dependent variable(s) of the study: student test scores on a
standardized test, teacher value-added scores, teacher attendance,
teacher retention. Only studies where the dependent variable is
student test scores on a standardized test are included in the main
analysis. Studies reporting other outcomes were coded only for
qualitative summaries.
Type of design: pre-post randomized control group, pre-post
nonrandomized, post-test only matched samples, etc.
Coder’s confidence in validity of the design

Name of program/experiment
Length of merit pay program in years
Level of randomization if applicable (district, school, teacher, etc.),
missing if not applicable
1 if evidence of test score equivalence between treatment and
comparison groups prior to merit pay “treatment” was reported
(missing if no significance test conducted)
1 if treatment and comparison students were part of the same grade
level

Operationalizati
on
Continuous
Nominal
Nominal
Continuous
0,1 (1 is yes)
Nominal
0, 1 (1 is yes)
0,1 (1 is yes)

0,1 (1 is yes)

0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
Nominal
Nominal
Nominal

Nominal
Ordinal:
Uncertain,
somewhat
certain, certain
(0, 1, 2)
Nominal
Continuous
Nominal
0,1 (1 is yes)
0,1 (1 is yes)
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eqvfrpl
eqvsubject
eqvrace
noneqv
confidenceeqv

component
district
comparison
gradelvl
minamnt
maxamnt
avgamnt
paytype
recurring
competition
recipient
paycriteria
publiconly
training_received
public_announce
groupincentive
teacherattrition
tif
tap
percapitaincome
minppc
maxppc
avgppc

1 if evidence that the proportion of students eligible for free or
reduced price lunch (FRPL) were equivalent between treatment and
comparison groups (missing if no significance test conducted)
1 if treatment and control groups student outcomes were measured for
the same academic subject equivalence
1 if evidence that the proportion of students from different race
categories were equivalent between treatment and comparison groups
(missing if no significance test conducted)
List any characteristics that were statistically significantly different
between treatment and comparison groups
Coder’s confidence in equivalence of the treatment and control
groups

1 if merit pay was a component of some larger program, such as a
district wide initiative that also included teacher mentors
Name of district
Describe the comparison condition (business as usual, different
intervention, will receive merit pay intervention later)
Grade level of students who are part of the intervention; can be a
range
Minimum reported amount of merit pay received in dollars. This
value along with the year and state or country will be used to
calculate the pay amount as a percent per capita.
Maximum reported amount of merit pay received in dollars. This
value along with the year and state or country will be used to
calculate the pay amount as a percent per capita.
Average reported amount paid per teacher in dollars
Pay type: bonus, base pay raise, gift
1 if a teacher teacher is eligible to receive the merit pay more than
once. Base pay raises are not coded as 1 unless a teacher is eligible to
receive a raise in one year and yet another raise in another year.
1 if the merit pay program a competition such that some teachers
receiving a bonus meant others could not
Name the entity that received the original payment if a merit pay
award has been won (e.g., teacher, administrator, school)
Criteria used to determine who would win a merit pay award
(students test scores, observation ratings, multiple evaluative
measures, etc.)
1 if schools in the study same were only public schools; 0 if schools
were private only or both public and private
1 if teachers received any training as part of the merit pay program
1 if there was a public announcement when teachers received a merit
pay incentive
1 if teachers receive merit pay awards as part of a group. A group can
be a teacher team or a school.
1 if teacher attrition information was reported
1 if this study was an evaluation of the Teacher Incentive Fund
1 if this study was an evaluation of the Teacher Advancement
Program
The amount of per capita income for the year and state/country of
where the study was conducted.
Minimum reported award amount as percent per capita
Maximum reported award amount as percent per capita
Average award amount as percent per capita

0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
Nominal
Ordinal:
Uncertain,
somewhat
certain, certain
(0, 1, 2)
0,1 (1 is yes)
Nominal
0, 1 (1 is BAU)
Nominal
Continuous
Continuous
Continuous
Nominal
0,1 (1 is yes)
0,1 (1 is yes)
Nominal
Nominal
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
Continuous
Continuous
Continuous
Continuous
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qualityweight
performancebias

A rating out of five under the quality rating approach.
Indicator for whether study adequately meets criteria for low risk of
performance bias (see Table A4)

attritionbias

Indicator for whether study adequately meets criteria for low risk of
attrtion bias (see Table A4)

detectionbias

Indicator for whether study adequately meets criteria for low risk of
detection bias (see Table A4)

selectionbias

Indicator for whether study adequately meets criteria for low risk of
selection bias (see Table A4 and Risk of Bias Quality Indicators)

confounderbias

Indicator for whether study adequately meets criteria for low risk of
confounder bias (see Table A4 and Risk of Bias Quality Indicators)

first_coder

The name of the first person out of two to code this study.

Study Outcomes
Variable
year
outcometype

labormarketout
math
reading
schlevel
lvloutcome
instrument
sig10
sig5
sig1
method
binaryindicator
lvltrt
sd_tablepage

Description
Year(s) in which study was conducted, not the year the study was
published or released
Name whether this outcome was student test scores on a standardized
test or student pass rates. Pass rates are not eligible for inclusion in the
meta-analysis. Most of the standardized tests included were state end of
course and end of grade exams such as New York’s Regents exams,
Tennessee’s Comprehensive Assessment Program (TCAP), Colorado’s
Student Assessment Program (CSAP), Minnesota’s Comprehensive
Achievement Test (MCA), and Texas’s Assessment of Knowledge and
Skills (TAKS). Tests used in international studies of student
achievement (PISA) were also included. Tests in lower elementary and
early childhood education such as the Iowa Test of Basic Skills (ITBS)
and the Stanford Achievement Test (SAT) were also included.
1 if this outcome is an effect on teacher mobility, recruitment, or
retention?
1 if this outcome is math test scores
1 if this outcome is reading/ELA test scores
Name the school level for this outcome: elementary, middle school,
high school, K-8, as reported in the study
Name whether the outcome is student, school, or teacher level outcome
Name of test administered to students (e.g., Iowa Test of Basic Skills).
Not applicable if this outcome is a labor market outcome such as
teacher mobility.
1 if outcome is significant at 10% level
1 if outcome is significant at 5% level
1 if outcome is significant at 1% level
Analytical design (e.g., OLS, RD, Diff in Diff, IV)
Page number where the study states that the coefficient of interest
comes from a binary indicator that is 1 for teachers or schools
participating in merit pay 0 otherwise.
Was the merit pay treatment applied at the teacher, school, or district
level?
The page number where the standard deviation (at the student level)
was reported. Or the page number where the authors explicitly state that
reported coefficients are standardized coefficients.

Ordinal (1-5)
(0 – No, 1 –
Unclear, 2 –
Yes)
(0 – No, 1 –
Unclear, 2 –
Yes)
(0 – No, 1 –
Unclear, 2 –
Yes)
(0 – No, 1 –
Unclear, 2 –
Yes)
(0 – No, 1 –
Unclear, 2 –
Yes)
Nominal
Operationalization
Continuous
Nominal

0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
Categorical
Nominal
Nominal
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
Nominal
Nominal
Nominal
Nominal
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lvlsd
standardized
sd
beta
stdbeta
avgbeta
se
stdse
stdvar
tstat
r_sq
samplesizetable
samplesize
ss_t
ss_c
sch_samplesize
schss_t
schss_c
avgsamplesize
prevscores
frpl
sped
lep
pct_frpl
pct_sped
pct_lep
notes

1 if the student test scores were standardized using the standard
deviation of test scores at the student level.
1 if the underlying outcome variable (student achievement on
standardized tests) has been standardized
Unadjusted standard deviation of the dependent variable at the student
level for the pooled sample of treatment and comparison group
students. This is our estimate of 𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
Regression coefficient from regressing outcome on merit pay. This is
our estimate of the covariate adjusted mean difference.
Standardized beta coefficient. This is our estimate of the standardized
mean difference 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠
Average if multiple effect sizes are reported from in one study. This
variable is the study level average. To be used for descriptive analysis
only.
Standard error of beta coefficient
Standard error of standardized beta coefficient
Standardized variance (stdse squared)
t statistic if reported
𝑅𝑅2 if reported
Table or page number where the sample size was reported
Sample size at the student level
Sample size at the student level for the merit pay (treatment) group
Sample size at the student level for the no merit pay (comparison)
group
Sample size at the school level
Sample size at the school level for the merit pay (treatment) group
Sample size at the school level for the no merit pay (comparison) group
Average sample size if multiple outcomes are reported
1 if lagged student achievement score is included in regression
1 if binary indicator for FRPL student was included as covariate
1 if binary indicator for SPED student was included as covariate
1 if Binary indicator for LEP student was included as covariate
1 if the percent of students who are FRPL eligible in a school was
included as covariate
1 if the percent of students who are SPED in a school was included as
covariate
1 if the percent of students who are LEP in a school was included as
covariate
Additional notes about the study

Method-Specific Risk of Bias Quality Criteria
Variable

Description

rmse

rmse (root mean square error)/standard error of residuals
1 if the prior year student achievement was included in the model, i.e.,
the adjacent, prior year lag dependent variable
1 if teacher certification status is included in the model
1 if teacher years of experience included in the model
1 if teacher degree attainment is included in the model
1 if student race is included in the model
1 if student FRPL is included in the model
1 if student SPED is included in the model
1 if student gifted is included in the model
1 if school average student race i is included in the model

cov_lag
cov_tchcert
cov_tchexp
cov_tchdegree
cov_studrace
cov_studfrpl
cov_studsped
cov_studgifted
cov_schrace

0,1 (1 is yes)
0,1 (1 is yes)
Continuous
Continuous
Continuous

Continuous
Continuous
Continuous
Continuous
Continuous
Nominal
Continuous
Continuous
Continuous
Continuous
Continuous
Continuous
Continuous
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
Qualitative notes

Operationaliza
tion
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
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cov_schfrpl
cov_schsped
cov_schgifted
mod_yearfe
mod_schfe
mod_gradefe
mod_studfe
mod_clustered
mod_robust
mod_missing
mod_attrition
mod_falsification
hlm_icc
hlm_fit
hlm_random
match_multiple
match_lagoutcome
match_balance
match_improve
match_measures
match_overlap
rd_bw
rd_balance
rd_manip
rd_otherdisc
rd_ff
rd_varyslope
rd_sample
dd_parallel
dd_balance
dd_comparison
dd_altoutcomes
dd_external
iv_relevance
iv_exog
iv_finite
iv_hetero
rct_compliance
rct_att
rct_demcomp
rct_aware

1 if school average FRPL is included in the model
1 if school average SPED is included in the model
1 if school average gifted is included in the model
1 if year fixed effects
1 if school fixed effects
1 if grade fixed effects
1 if student fixed effects
1 if clustered standard errors
1 if robust standard errors
1 if evidence that missingness is not a problem or effort to address
missingness
1 if evidence of no attrition or effort to address attrition
1 if falsification test for effect prior to treatment (should not find an
effect)
1 if ICC reported and provides evidence for high within group
correlation
1 if model fit compared across different models (e.g., two vs. three level
model)
1 if explanation for choice of which variables have random effects and
which have only fixed effects
1 if multiple matching methods (e.g., multiple versions of PSM,
coarsened exact matching, exact matching, etc.)
1 if one of the variables used to do matching was the outcome measure
prior to intervention
1 if covariate balance in matched sample
1 if evidence that covariate balance was IMPROVED in matched
sample compared to unmatched sample
1 if multiple measures of covariate balance (center and distribution)
1 if evidence of overlap (common support)
1 if multiple bandwidths are reported and evidence that results are
robust
1 if evidence of baseline equivalence in covariates
1 if evidence smooth density around cutoff (manipulation/compliance)
1 if check for discontinuity at values other than cutoff
1 if evidence of proper functional form
1 if slope on either side of cutoff allowed to vary or evidence of why not
1 if number of units assigned to treatment and units in analytical sample
is reported with evidence that attrition is not related to outcome
1 if showed parallel pre-treatment trends
1 if evidence of covariate balance before treatment
1 if alternative comparison groups were tested
1 if effect seen on alternative outcomes that should not be affected by
treatment (e.g., school proportion FRPL should not be affect by whether
teachers receive merit pay)
1 if evidence that NO differences exist in external influences on the
treatment versus control groups
1 if evidence of instrument relevance (e.g., does instrument predict x)
1 if evidence of instrument exogeneity (e.g., overidentification tests)
1 if address finite sampling bias
1 if address heterogeneous response to INSTRUMENT (not just
heterogeneous effects, which was covered by a different variable
already)
1 if compliance with random assignment
1 if no attrition or attrition shown to be unrelated with outcome
1 if evidence that demoralization/competitions were not threats
1 if evidence that teachers were aware of the experiment

0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
0,1 (1 is yes)
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Table A2
Method-Specific Risk of Bias Across Different Domains
Domain
Description of Evidence Used to Answer Guiding Question
Selection Bias

Performance
Bias

Attrition Bias

Evidence is derived mainly from whether there are systematic
differences between baseline characteristics of groups
experiencing a teacher merit pay program and the comparison
groups, with enough detail to judge whether groups were
comparable. Measures related to each method of analysis (e.g.,
RCT, RD, DiD, PSM) are coded using our method-specific risk
of bias instrument and used to determine whether the analytical
method adequately addressed selection bias. See the coding
guide for an operationalized description of each method-specific
quality characteristic.

Operational Criteria for “Yes” (Low
Risk of Bias);
Any of the following criteria met:

- Randomization with subsequent
evidence of balance on observable
characteristics
- Randomization with some covariates
unbalanced, which were subsequently
controlled
- All method-specific quality criteria
were met for the appropriate analytic
method
- Any method-specific quality criteria
that were not met was subsequently
Question Guiding Judgment: Was the method of accounting for justified with a logical argument
selection bias adequate to ensure comparable groups?
Evidence supports the argument that there are no systematic
- A description of the working
differences in external influences on teachers and students in
conditions for both merit pay and noneither the merit pay and no merit pay groups other than the
merit pay teachers along with a clear
presence of a merit pay program.
statement saying that the authors do not
know of any systematic differences in
Question Guiding Judgment: Was there adequate evidence that context or outside influences.
the merit pay and no merit pay groups experienced no systematic - Merit pay was randomly assigned to
teachers in the same district and nothing
differences on contextual and external conditions besides the
assigned to comparison school teachers
presence of a teacher merit pay program?
in the same district.
- Merit pay assigned to whole districts
while no extra reforms besides business
as usual policies were implemented in
comparison districts.
Evidence is based on the completeness of student test scores
- No attrition.
data, including attrition from the sample. Evidence includes
- Primary authors provide reasons why
measures of attrition, the extent of attrition in both the merit pay attrition is not systematically different
and no merit pay groups, reasons for attrition, and what efforts
for either the merit pay or no merit pay
were undertaken to address differential attrition.
group.

Operational Criteria for “No” (High Risk
of Bias);
Any of the following criteria met:
- Randomization with some covariates
unbalanced, which were not subsequently
controlled
- Any method-specific quality criteria
was not met and no further explanation
was provided.

- The comparison group experiences
anything other than business as usual
(e.g., extra funding for professional
development in lieu of merit pay).
- The merit pay group experiences
anything other than a merit pay program.

- Attrition rates differ significantly
between merit pay and no merit pay
groups.
- The number of teachers leaving the
sample compared to the number of
teacher experiencing merit pay is enough
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Question Guiding Judgment: Were incomplete test score data
adequately addressed?

Detection Bias Evidence is based on whether there are any systematic
differences between merit pay and no merit pay groups in terms
of how test scores were measured.
Question Guiding Judgment: If differences in test score
measures existed, were they adequately addressed?
Confounder
Bias

Evidence is based on whether studies showed that important
confounders were either successfully randomized or controlled in
regression-based analyses. The confounders considered most
important to the relationship between teacher merit pay and
student test scores are listed in the coding guide.
Question Guiding Judgment: Were important confounders
adequately addressed?

- Authors provide evidence that a
plausible effect size among missing
outcomes is not enough to have a
relevant impact on the observed effect
size.
- Missing test scores were appropriately
imputed.
- Test scores were measured using the
same testing instrument students in both
the merit pay and non-merit pay groups
(e.g., all students were in the same
district taking the same state end-ofcourse or end-of-grade exams).

to potentially induce bias in the effect
estimate.
- “As-treated” analysis done with
substantial departure of the intervention
received from that assigned at
randomization.
- Inappropriate application of imputation.
- Test scores were measured with
different testing instruments between the
merit pay and no merit pay groups, and
the primary authors made no effort to
ensure that test scores would be
comparable across the two groups.

- All pre-specified confounders were
shown to be balanced at baseline (i.e.,
successfully randomized).
- Some pre-specified confounders were
not balanced at baseline but were
statistically controlled in regression
analyses.
- A pre-specified confounder was
neither balanced nor statistically
controlled, but the analytical method did
not require controlling for that
confounder (e.g., a student fixed effects
model does not require controlling for a
confounder that does not vary between
multiple observations of the same
student).
- A pre-specified confounder was
neither balanced nor statistically
controlled, but the authors provide an
explanation for why that confounder is
not applicable in that particular context
(e.g., teacher experience is not
applicable if all teachers in the sample
are all first year teachers).

- A pre-specified confounder was both
unbalanced and not statistically
controlled, and the authors did not
provide evidence to show that the
confounder was not applicable.
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Technical Appendix
This study is designed to examine how teacher merit pay affects student test scores and
whether results vary across program and study-level characteristics. In defining eligibility
criteria, searching the literature, analyzing data, and reporting results, we follow the Preferred
Reporting Items for Systematic Reviews and Meta-Analysis, or PRISMA, standards (Moher et
al., 2009).
Eligibility Criteria
Primary studies eligible for inclusion in this meta-analysis needed to meet the following
criteria: (a) the sample comprises teachers and students in K-12 education; (b) the teachers are
located in a school, district, state, or country with a teacher merit pay program; (c) the study
reports student outcomes on standardized tests, such as state end of course exams; (d) there is a
business-as-usual comparison group; 16 and (e) the study uses a randomized control trial (RCT)
or a quasi-experimental design. We chose standardized test scores as an outcome, because of its
prevalent use in school accountability policy including as measures of teacher effectiveness and
school performance but we recognize that test scores are only one measure of effective
schooling.
Literature search. We obtained primary studies from searching 20 commonly used
economic and general social science databases, including ERIC, WorldCat, ProQuest, JSTOR,
NBER and EconLit. Through an iterative process, we created the following search string: teach*
AND (pay OR incentive* OR salar* OR merit OR "performance pay" OR "pay-for-

One study (Wellington et al., 2016) falls slightly outside of this scope as the comparison group has three out of
four components of a reform program without the merit pay component, but it was included due to its national
scope. The estimates are robust to the exclusion of this study. Results are available upon request.
16
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performance" OR "career ladder"). 17 The numbers of returned results for each database are
presented in Table TA1 below. We also searched for “gray” literature using Dissertation and
Thesis Repositories in WorldCat and ProQuest as well as a general Google search for evaluation
reports of well-known merit pay programs such as the Teacher Advancement Program (TAP)
and the Teacher Incentive Fund (TIF). In addition to searching databases, we also conducted
forward and backward searches on primary studies meeting all inclusion criteria. For backward
searching, we examined all works cited in each primary study meeting our eligibility criteria. For
forward searching, we used Google Scholar to search through works citing each eligible primary
study. We similarly conducted forward and backward searches of existing narrative reviews.
Twenty-six of the studies in this review have been referenced in at least one previous review.
Table A1
Search Results by Database
Database
Directory of Open Access Journal (DOAJ)
WorldCat (incudes dissertation and theses)
Taylor and Francis Online
ProQuest
Wiley Online Library
Google Scholar
JSTOR
SpringerLink
ERIC
SciVerse Science Direct
NBER
Web of Science
Project MUSE
EconLit
ProQuest Dissertations and Theses
Education Full Text
OneFile (GALE)

Results
5761
3869
1463
1378
1102
1000
1000
987
758
681
357
327
309
208
206
145
120

17

We note that both Google Scholar and JSTOR limited us to reviewing only 1,000 results each, even though more
results were returned.
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PsycINFO
SAGE
Sociological abstracts
Total

94
72
34
19871

We limited searches to publication or release dates between January 1989 and January
2018 when we finalized our analysis. We chose 1989 because of its historical importance in the
education accountability movement – the Charlottesville Education Summit where President
Bush and most of the nation’s governors met to outline education goals that shifted national
focus to student outcomes rather than education inputs. We limited our search to only studies
reported in English; however, we included studies conducted outside of the United States. Two
factors informed this choice. First, almost all investigations in the current literature on teacher
merit pay draws on these international studies to inform their conceptual framing and analytical
methods, and these studies are important voices in the academic conversation over teacher merit
pay which should not be ignored when analyzing between-study outcomes. Additionally, many
of these international studies were randomized controlled experiments with strong internal
validity, making them high quality estimates of the effects of merit pay.
As noted in the main text, while we retained studies conducted outside of the United
States in our sample, we recognize that myriad contextual factors influence how merit pay
affects student test scores, and aggregating effects derived from countries with different
economic and social contexts may be potentially misleading. Therefore, we chose to report
summary effects that separated studies conducted in the United States from studies in other
countries and focused our attention on studies conducted in the U.S.
Studies meeting eligibility criteria. Starting with the results returned from our search of
databases and previous reviews, we used a three-phase process to screen for primary studies that
met all eligibility criteria, as illustrated in Figure TA1. First, two coders independently searched
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each database by reading the title, abstract, and introduction for all studies returned by the
search. We met frequently during this phase in order to ensure that we had similar
understandings of the eligibility criteria. We retained a study if the title, abstract or introduction
noted that the study contained empirical results pertaining to the effect of a merit pay program on
student test scores. Some examples of studies excluded in this phase include qualitative reports
describing only perceptions of merit pay, investigations that do not mention student test scores as
an outcome of interest, theoretical discussions of merit pay, case studies of fewer than five
teachers, studies situated in higher education settings, and myriad reports that mention merit pay
without explicit study of its effects. In total, we screened 19,908 records.
In order to mitigate concerns that potentially eligible studies were missed in phase one,
we sent our list of eligible studies to four content experts. None were able to identify studies
outside our list. Moreover, since our original round of searching ended in October of 2016 and
our coding and analysis took over a year, we searched the databases again early in 2018 before
finalizing our analysis. In our final search, we looked only for studies published between 2016
and 2018. Finding any studies published between January and October of 2016 would suggest
that we missed eligible studies during the phase one search, but we found no such examples,
adding to our confidence that no studies were missed. The final search did yield an update of one
study from a working paper to a published article (Barrera-Osorio & Raju, 2017).
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Screening

Identification
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Records identified through database
searching and citations from
previously published studies
(n = 19,871)

Records identified through other sources
such as general web searches for nationally
implemented merit pay programs
(n = 37)

Records screened by
reading the title,
abstract, and
introduction
(n = 19,908)

Full-text articles
assessed for eligibility
(n = 137)

Included

Studies included in
qualitative synthesis
(n = 45)

All 45 studies in the qualitative synthesis stage were included in the
quantitative analysis. However, several studies used data from the
same merit pay program in the same time period, so they were
averaged together, 41 primary studies. Of these, four were not included
in because they report local average treatment effects (LATE), leaving
a final analysis sample of 37 studiess.

Records excluded
because relevant
information was not
mentioned in the title,
abstract, or introduction
(n = 19,771)

Excluded studies, with
reasons
(n=15, no merit pay
program)
(n=16, no valid
comparison group)
(n=27, no student test
scores)
(n=12, previous draft of
an already included
study)
(n=22, only teacher
mobility outcomes and
miscellaneous reasons)

Figure TA1. Flow diagram depicting the literature screening process resulting in the final sample
of primary studies included in the quantitative analysis. Adapted from Moher et al. (2009).
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In phase two, two authors independently examined the 137 studies that remained after
phase one in order to assess whether the study fit the eligibility criteria outlined above. The
authors discussed any discrepancies and made exclusion decisions upon consensus or in
consultation with the third author. We excluded 92 of the 137 studies in this phase due to lack of
relevant student test scores outcomes, non-empirical results, and duplicate reports. For multiple
reports from the same study (e.g., a dissertation and corresponding journal article or reports from
multiple years for the same evaluation), we kept only the most current publication.
In phase three, we contacted authors to request information when eligible studies were
missing key information. We sent e-mails to lead authors requesting information and resent these
e-mails if we did not receive a response within three weeks. If we were unable to obtain
information from primary authors regarding missing standard errors or the t-statistics, and the
significance level was indicated, we used a conservative estimate of the standard error by
calculating the t-statistic for the p-value corresponding to reported significance levels. In this
phase, we were able to obtain or calculate missing information for all eligible studies. After
screening, we were left with a sample of 45 primary studies that met all eligibility criteria, 33
were studies conducted in the United States and 12 were conducted outside of the United
States. 18 Finally, as described in the main text, we restricted the quantitative meta-analysis to
only studies that report average treatment effects, excluding effect sizes that are interpreted as

In order to have comparable effect sizes, we excluded studies that reported proficiency rates or percentage pass as
their outcome – such as Choi (2015), Dowling, Murphy, & Wang (2007), and Ladd (1999). While these studies
represent high quality work, their outcomes were not comparable to our outcome of interest: student test scores. We
also excluded studies that compared the effect of getting a bonus against failing to get a bonus (e.g., Jinnai, 2016),
because we focus on comparing teachers who have the opportunity to win a pay incentive with teachers who do not
have the opportunity. We do not compare teachers who won an incentive award with teachers who did not win an
award within a system where all teachers had the opportunity to receive incentive pay. Finally, we sought primary
studies aimed at isolating the effect of merit pay with randomized designs or quasi-experimental designs that paid
careful attention to drawing a causal connection. As such, non-randomized studies conducting significance tests on
mean differences without covariate adjustments were excluded (e.g., Razo, 2014).
18
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local average treatment effects. Excluding the four studies that report local average treatment
effects left us with a final analysis sample of 37 studies, 26 of which were based in the United
States.
Coding Reports
Two authors independently coded relevant information for each of the eligible studies
using a taxonomy similar to that of Springer and Balch (2010). At the beginning of the project,
the authors met to develop a coding guide, which was used throughout the coding procedure. We
describe relevant coded items in greater detail below. Throughout the coding process, the coders
met every month to compare codes for each study, update the coding guide, and note
disagreements. Treating each cell of our coding matrix as an input, coders agreement occurred in
98% of the cells. Discrepancies were resolved by consensus between the two coders and
remaining disagreements were decided by the third author. All coded variables and their
descriptions can be found in Appendix Table A1.
Effect size. Our effect size of interest is the standardized mean difference (𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 )

between average student test scores among teachers participating in a merit pay program and
comparison teachers not participating in a merit pay program. Following Lipsey and Wilson
(2001), this effect size is a measure of the difference in student test scores between the merit pay
and no merit pay groups, which has a continuous underlying distribution. That is, we calculated
the effect size using the general formula 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 =

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝 −𝑋𝑋�𝑛𝑛𝑛𝑛 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝
𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

, where the numerator is

the mean difference and the denominator standardizes the mean difference based on the pooled
standard deviation of student test scores.
For one study directly reporting group means (Wellington et al., 2016), we compute the
difference in group means to obtain the numerator of 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 . The vast majority of primary
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studies, however, reported a regression coefficient (𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ) from regressing student test

scores on a dichotomous variable equaling one if students had a teacher participating in a merit
pay program and zero otherwise. Since the predictor is dichotomous, these regression
coefficients are considered a covariate adjusted mean difference. In these cases, we use the
covariate adjusted mean difference to estimate the numerator of the 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 , following methods

outlined in Lipsey and Wilson (2001, p. 180 and 199) and utilized in previous meta-analytical
studies (e.g., Abrami et al., 2015; Greenwald, Hedges, & Laine, 1996; Lee, Patall, Cawthon, &
Steingut, 2015; Valentine, Konstantopoulos, & Goldrick - Rab, 2017). 19
In order to standardize the covariate adjusted mean difference from a regression
coefficient, we use 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 =

𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

. For the denominator of the 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 (𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ) we

standardized using the unadjusted standard deviation of the outcome variable (test scores) at the
student level (Cohen, 2013; Lipsey & Wilson, 2001, p. 181-182; Stavig, 1977). 20 We made sure
that this standard deviation was calculated from a pooled sample containing both treatment and
Various arguments have been made against using a regression coefficients to approximate the numerator of the
standardized mean difference, because regression models utilizing different covariates are arguably different
(Cummings, 2004; Greenland, Schlesselman, & Criqui, 1986). One proposed alternative is to calculate a semi-partial
correlation as suggested by Aloe and Becker (2009). The semi-partial correlation is advantageous because it
represents the unique effect of the merit pay indicator, partialling out the effects of the other predictors in the
regression model. However, calculating the semi-partial correlation requires values of the squared multiple
correlation (𝑅𝑅2 ) and the number of predictors in the full regression model. Many of the primary studies in our
sample did not report these values, making calculations of the semi-partial correlation intractable. Thus, we rely on
standardized regression coefficients, recognizing that regression coefficients are not perfectly comparable, but that
they do represent covariate-adjusted mean differences.
20
When the unadjusted sample standard deviation was provided along with the sample size for treatment and
19

comparison groups, 𝑠𝑠𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 could be calculated using 𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = �

(𝑛𝑛𝑡𝑡 −1)∗𝑆𝑆𝑡𝑡2 +(𝑛𝑛𝑐𝑐 −1)∗𝑆𝑆𝑐𝑐2
𝑛𝑛𝑡𝑡 +𝑛𝑛𝑐𝑐 −2

, where 𝑠𝑠𝑡𝑡 and 𝑠𝑠𝑐𝑐 are the

standard deviations of the treatment and comparison groups and 𝑛𝑛𝑡𝑡 and 𝑛𝑛𝑐𝑐 are the sample size of the treatment and
comparison groups. For regression based primary studies, 𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝛽𝛽2 ∗(𝑛𝑛𝑡𝑡 ∗𝑛𝑛𝑐𝑐 )
)
𝑛𝑛𝑡𝑡 +𝑛𝑛𝑐𝑐

2 ∗(𝑛𝑛 +𝑛𝑛 −1)−(
(𝑆𝑆𝐷𝐷𝑦𝑦
𝑡𝑡
𝑐𝑐

=�

𝑛𝑛𝑡𝑡 +𝑛𝑛𝑐𝑐

, where 𝑆𝑆𝐷𝐷𝑦𝑦 is the

standard deviation of the total sample, and 𝛽𝛽 is the regression coefficient on the indicator for merit pay (Vaessen et
al., 2014). We did not have any studies where we used the standard deviation of the error term in the regression, but
we note that 𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 can be estimated with the standard deviation of the regression residuals (Keef & Roberts, 2004).
Where these data are not available, 𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 was approximated as the standard deviation of the dependent variable for
the entire distribution of observations in the control and treatment groups (Glass, 1976; Lipsey & Wilson, 2001)

79

TEACHER MERIT PAY
comparison groups. We note that no effect size estimates were calculated from logistic or
multinomial logit regression models, because the outcome of interest (student test scores) is
continuous. All primary studies in this meta-analysis included sample sizes well above 20;
therefore, no small sample correction was applied to the effect sizes (Hedges, 1981).
When the sample sizes for the treated and control groups were available, we calculated
𝑛𝑛𝑔𝑔1 +𝑛𝑛𝑔𝑔2

the standard error of 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 using the following formula: 𝑆𝑆𝐸𝐸𝑠𝑠𝑠𝑠 = �
𝑛𝑛

𝑔𝑔1 𝑛𝑛𝑔𝑔2

(𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 )2

+ 2(𝑛𝑛

, where

𝑔𝑔1 +𝑛𝑛𝑔𝑔2 )

𝑛𝑛𝑔𝑔1 and 𝑛𝑛𝑔𝑔2 are sample sizes for the treated and comparison groups such that 𝑛𝑛𝑔𝑔1 + 𝑛𝑛𝑔𝑔2 = 𝑁𝑁, the
total sample size (Lipsey & Wilson, 2001). However, in cases where sample sizes for treatment
and control groups were not available, because only the total sample size was reported, we
calculated 𝑆𝑆𝐸𝐸𝑠𝑠𝑠𝑠 =

𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠
𝑡𝑡

where 𝑡𝑡 is the 𝑡𝑡-statistic for the regression coefficient 𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 used to

calculate 𝐸𝐸𝑆𝑆𝑠𝑠𝑠𝑠 (Fu et al., 2013; Waddington et al., 2012).

One complication is that some studies in our sample used test score outcomes at the

school level, others used student level test score outcomes, and a few reported test scores at the
teacher level. Effect sizes calculated from outcomes measured at different levels of analysis may
not be strictly comparable. To alleviate these concerns, we compared summary effects for studies
using student-level and school-level outcomes in our results. Ultimately, while we take great care
to reconcile effect sizes across studies relying on slightly different analytic strategies or
outcomes, we find that out estimate of the merit pay summary effect is qualitatively similar
across the approaches.
Study and program characteristics. As described in the main text, we also coded a
series of a priori variables for sub-group analyses in order to examine how the effects of teacher
merit pay varied by study- and program-level characteristics. See our coding guide for a full list
of these study and program characteristics.
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Analytic Strategy
Analysis of these data follow methods as presented by Borenstein, Hedges, Higgins, &
Rothstein (2009) and Hedges, Tipton, & Johnson (2010). Most studies reported effect sizes at
multiple time points, with multiple model specifications, for different subject areas, and at
different levels of analysis; therefore, this synthesis of 41 studies contains 304 effect sizes. This
section describes analytical decisions in selecting models, accounting for multiple within-study
outcomes, and assessing risk of bias from varying study quality.
One important analytical decision was between a fixed-effect versus a random-effects
model. As described in the main text, for this investigation, a random-effects model is more
appropriate because substantial variation exists across studies in terms of program characteristics
and study contexts. In order to account for multiple outcomes within a study, we chose not to
treat each within-study outcome as independent, because this method unfairly assigns more
weight to studies with more reported outcomes. For example, math and reading scores within a
study of teachers in the same district are likely correlated. We use robust variance estimation to
account for dependence among multiple within-study effect sizes (Hedges et al., 2010). Similar
to strategies for adjusting standard errors in the presence of clustering, robust variance estimation
(RVE) is appealing because it does not require information about the covariance structure of the
effect size estimates (Tanner-Smith & Tipton, 2014). For example, we do not need to know the
covariance between math and reading scores reported in the same study, a value often unreported
in primary studies. We also assessed how results from RVE compare to meta-analytic models
that do not utilize robust standard errors. Appendix Figure TA2 shows a forest plot from the
approach that does not utilize RVE. We emphasize that the method used to produce this forest
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plot is not our preferred RVE approach reported in the paper, but overall, the summary effect is
qualitatively similar to our preferred RVE results.

Figure TA2. Forest plot for overall effect estimates of merit pay programs on student test scores
from primary studies. This forest plot was produced using a more traditional meta-analysis
approach without robust standard errors (i.e., not robust variance estimation). A forest plot
depicting RVE would show each within-study effect size as a separate row, producing an overly
large plot. We depict this forest plot to illustrate differences across studies because results are
similar to our main RVE analysis. Weights are from a random-effects analysis. ID is
identification. ES is effect size. CI is confidence interval. Correlation between multiple outcomes
within a study, r, is 0.8 Four studies on the School-wide Performance Bonus Program (SPBP) in
New York City Public Schools and two studies evaluating the Teacher Advancement Program
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(TAP) in the same district with overlapping time periods were averaged together, resulting in 41
effect sizes from 45 primary studies.
Three decisions made under the RVE approach deserve further clarification. First, RVE
does not require that primary studies be weighted in any particular way. This differs from
univariate meta-analysis where inferences can be incorrect if weights are not correctly specified.
Even though RVE yields valid inferences with any weights, Hedges and colleagues (2010) note
that inverse variance weights will produce the most efficient estimates. In order to choose the
best weights, Hedges et al. (2010) delineate between two different types of dependencies:
correlated effects and hierarchical effects. Correlated effects refer to multiple effect sizes
reported in the same study where the underlying outcomes are correlated (e.g., test scores after
the first and second years of a merit pay intervention). Hierarchical effects occur when the same
research group conducts several studies on teacher merit pay or when multiple studies are
conducted by the same group of researchers. Indeed, this occurs in our meta-analysis. For
example, several studies were evaluations of the Teacher Advancement Program conducted by
the National Institute for Excellence in Teaching (Barnett, Wills, & Kirby, 2014; Schacter &
Thum, 2005; Schacter, Thum, Reifsneider, & Schiff, 2004). Deciding between the correlated
effects versus hierarchical effects classifications changes what weights are used, and
consequently the efficiency of the RVE estimator. Since both types of dependency exist in our
sample, we follow advice from Tanner-Smith and Tipton (2014) and choose weights based on
the most prevalent type of dependency: correlated effects weights. Sensitivity analyses show that
the summary effect and standard error vary only at the third decimal place when using
hierarchical effects weights instead of correlated effects weights, in alignment with TannerSmith and Tipton (2014) who state that once weights “are in the right ballpark, small changes
generally do not make a practical difference in the precision of the summary effect” (p. 16).
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Second, modeling dependency under the correlated effect size approach calculates
weights, 𝑤𝑤𝑖𝑖𝑖𝑖 , for each effect size 𝑖𝑖 within each study j such that:
𝑤𝑤𝑖𝑖𝑖𝑖 =

1

[(𝑉𝑉�.𝑗𝑗 + 𝜏𝜏 2 )�1 + �𝑘𝑘𝑗𝑗 − 1�𝜌𝜌�]

where 𝑉𝑉�.𝑗𝑗 is each study’s mean sampling variance, 𝜏𝜏 2 is the between-studies variance, 𝑘𝑘𝑗𝑗 is the

number of effect sizes reported in each study, and 𝜌𝜌 is the correlation between all pairs of effect

sizes. These weights assume that multiple within-study effect sizes have the same correlation, 𝜌𝜌.
While this assumption may not hold in practice, Hedges and colleagues (2010) show that
violations of this assumption results in very nearly efficient summary effects, which is
advantageous because differing correlations between within-study effect sizes are rarely
reported. Even under the assumption that within-study effect sizes have the same correlation, a
choice must be made for the value of 𝜌𝜌. Without much guidance from the merit pay literature, we
specify a more conservative 𝜌𝜌 = 0.8 (Fisher & Tipton, 2015; Hedberg, 2014). This value of 𝜌𝜌 is
conservative in the sense that within-study effect sizes are assumed to be highly correlated with
each other. Following recommendations from Tanner-Smith and Tipton (2014), sensitivity
analyses find that specifying a range of 𝜌𝜌 from 0 to 1 changes the summary effect and its
standard error only at the fifth decimal place.

Finally, as noted in the main text, since our sample consists of 37 studies overall and 26
studies conducted in the United States, we utilize small sample corrections developed by Tipton
(2015) to correct for inflated Type I errors in all analyses.
Risk of Bias Assessment
As described in the main text, we used two different approaches to assess risk of bias: a
method-specific approach we developed to account for different analytical methods and domains
of bias and the quality rating approach as suggested by Lipsey and Wilson (2001).
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In the quality rating approach, each author independently rated each study holistically
using our professional judgment of study quality on a scale of 1 to 5 where 1 has high risk of bias
and 5 has low risk of bias. Appendix Table TA1 presents some criteria considered when
determining these quality ratings. After independently rating each study, we discussed our
individual scores until we obtained consensus on a final quality rating for each study. The vast
majority of our independent quality ratings were either exactly the same or differed by one point.
Studies receiving a quality score of 4 or higher out of 5 were considered low risk of bias.
Table TA1
Quality Criteria for Assessing Risk of Bias
Quality Rating Considerations
Was the study a randomized control trial?
Was implementation fidelity measured and adequately described, and what are the implications of
implementation fidelity on outcomes?
What are the relative strengths of the study design?
Was the analytic approach adequately described, and what are the relative merits of the approach
used?
Was the comparison condition adequately described, and does the comparison group provide a
reasonable counterfactual?
Were threats to internal and external validity considered and addressed?
Were findings robust to different analytical decisions and model specifications?
Was baseline equivalence established between treatment and comparison groups? (This is
unnecessary for some approaches such as the difference-in-difference design.)
What sampling decisions were made by the authors and did the analytic sample present any concerns
to internal or external validity?
Note: Studies with a rating of four or five out of five were considered low risk of bias.

Recognizing concerns against reducing multiple dimensions of bias into a single scale
score and in order to account for differing analytical strategies, we also developed a methodspecific approach based on the Cochrane Collaborative’s tool for assessing risk of bias (Higgins
& Altman, 2008), which allows for evaluating different domains of bias. We assessed bias along
five domains: selection bias, confounder bias, performance bias, attrition bias, and detection bias
(Higgins & Altman, 2008). See the main text and Appendix Table A2 for the guidelines we used
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to judgment risk of bias for each domain. Appendix Figure TA3 displays a risk of bias graph
illustrating the proportion of U.S. based studies with each judgment for each domain.

Figure TA3. Risk of bias graph showing the proportion of U.S. based studies with each of the
judgments (“Yes” is Lower Risk of Bias, “No” is Higher Risk of Bias, and “Unclear”) for each
risk of bias domain.
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