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Academic performance of disadvantaged students has been stubbornly hard to improve, particularly in urban

schools. The Dallas Independent School District (Dallas ISD) addressed this problem in 2015 with a radical
change in the structure of teacher compensation, basing it entirely on classroom effectiveness as determined by
an evaluation system incorporating achievement growth, classroom observations and student surveys. We
evaluate this institutional change with synthetic control methods that compare math and reading achievement in
Dallas ISD schools with achievement for schools in other high-poverty Texas districts. We find large and sig-
nificant positive effects on math achievement that increase steadily over time. For reading, there is no clear
evidence of improvement in Dallas ISD relative to the synthetic control. A mechanism analysis shows that
changes in teacher composition account for a majority of the math achievement increase.
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1. Introduction

Since the Coleman Report in 1966, there has been an undercurrent of
thought that schools could not do much to alter the achievement pat-
terns established by family circumstances (Coleman et al. (1966)).
Supporting this possibility, a half century of effort to close achievement
gaps between poor and nonpoor students has made little progress
(Hanushek et al. (2022)). This pessimistic overhang is particularly
strong in urban school districts, where high rates of crime and jobless-
ness, poorly funded public services and challenging political conditions
likely contribute to substantial inertia in the quality of public education.
We evaluate a unique restructuring of the personnel systems in the
Dallas Independent School District (DISD) that suggests that it is possible
to improve student outcomes at scale.

A growing body of evidence finds positive effects of teacher pay for
performance incentives (e.g. Lavy (2020); Pham, Nguyen, and Springer
(2021)), but there is strong inertia in school personnel systems.
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Meaningful challenges to the status quo of strict educator salary
schedules that vary little with effectiveness, of inflated teacher evalua-
tions, and of strong job security in urban districts have generally been
rare. One exception in the late 2000s was Michelle Rhee’s introduction
of the IMPACT personnel reform in the Washington D.C. school district.
Although the standard salary structure based on the experience and
graduate education of the teacher remained largely intact, the reform
used rigorous teacher evaluations by outside experts and student
achievement as the basis for involuntary removal of very
low-performing teachers and for substantial pay increases for highly
effective teachers in high-poverty schools. The results were encour-
aging. Using regression discontinuity design methods, Dee and Wyckoff
(2015) finds that an elevated threat of dismissal increased the proba-
bility of exit of poor performers and raised the effectiveness of
low-performing teachers who remained in the Washington, D.C. district.
Adnot, Dee, Katz, and Wyckoff (2017) additionally find that higher
turnover of teachers rated less effective appeared to increase
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grade-average math and reading achievement in the subsequent year.
Evaluating the aggregate effect of the DC personnel reform is compli-
cated, however, because several other reforms were implemented
simultaneously. A Mathematica report on D.C. outcomes finds that the
combined effect of the personnel reform, expansion of the charter school
sector and intensified school choice improved NAEP scores relative to a
matched control group (Dotter, Chaplin, and Bartlett (2021)).

Building on No Child Left Behind and the promising IMPACT find-
ings, the Obama administration introduced the Race to the Top (RTT)
federal legislation that incentivized states to introduce high-stakes
achievement-based educator accountability. Using federal legislation
to alter local behavior is a challenging enterprise, and Bleiberg et al.
(2025) show that the reforms typically lacked the strong dismissal threat
of IMPACT, often did not incentivize school administrators, and
included quite modest levels of performance pay. Not surprisingly, they
find that RTT induced reforms had little if any effect on achievement. A
related paper suggests that adverse effects on teacher labor supply may
have also dampened the benefits of the reforms (Kraft, Brunner,
Dougherty, and Schwegman (2020)).

This general policy failure provides the context in which Dallas ISD
introduced by far the most dramatic personnel reforms in American
public education. The Teacher Excellence Initiative (TEI) was designed
to align total compensation much more closely with effectiveness, to
strengthen incentives for current teachers, and to alter teacher compo-
sition towards more effective educators. In a radical departure from the
rigid single-salary schedules commonly found across the country, TEI
replaced salary scales based on experience and educational attainment
with those based on evaluation scores. The district evaluates teachers on
their contributions to student achievement, supervisor observations, and
student feedback and uses the aggregate evaluation scores to place ed-
ucators into ratings categories that are the primary determinant of
salary. To protect the budget from evaluation inflation, TEI fixes the
distributions of teachers across rating categories. The additional inclu-
sion of school average achievement as a determinant of teacher evalu-
ations recognizes the importance of teamwork.

Dallas ISD also adopted a parallel personnel reform for principals
that recognized that TEI would require principals to evaluate teachers
rigorously, support teacher improvement, and make difficult personnel
decisions. The Principal Excellence Initiative (PEI) constituted a more
modest departure from the status quo as principal salaries were already
determined relatively flexibly and principals already had limited job
security. Nonetheless, it is important to recognize that the TEI reforms
were implemented in a context where principals were incentivized to
implement the reform with fidelity. A large proportion of a principal’s
evaluation is based on student achievement and the effectiveness of TEI
implementation, including the alignment between the principal’s sub-
jective evaluations and teacher value added to achievement.

We evaluate the effect of TEI on elementary school math and reading
achievement for students in grades three to five using the synthetic
control method to construct counterfactual achievement trends.' From a
donor pool of schools from all Texas districts with at least the state
average of 60 percent low-income students, we construct a synthetic
control school for each school in Dallas ISD based on a comparison of
achievement during the pre-treatment period. PEI became effective in
2013 and TEI in 2015. Recognizing the possibilities that PEI may have
had direct effects on achievement and that anticipation of TEI may have
affected teacher behavior, we omit 2013 and 2014 and use achievement
in the years 2004 to 2012 to construct the synthetic control district.

Positive and significant effects on math achievement emerge in the

! The reform also affects middle schools, but we focus on evaluating the ef-
fect on elementary school students because there was a simultaneous policy that
accelerated the middle school math curriculum and shifted many students to
take middle school math exams one grade level above their current grade. Note
that 3™ grade is the first grade tested in the state accountability system.
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year following TEI implementation and increase over time until they
exceed 0.1 standard deviations in 2019. For reading, there is no clear
evidence of improvement in Dallas relative to the synthetic control. The
fact that math improvement occurs with a one-year delay is not sur-
prising because teachers do not receive evaluation scores, do not have
ratings connected with salary level, and do not have detailed informa-
tion on performance until after the first year of implementation.

To examine the mechanisms for the impacts of TEI, we first describe
the attrition of teachers based on their effectiveness. The close rela-
tionship between pay and effectiveness would be expected to increase
educator effort and strengthen the relationship between educator
persistence in the district and effectiveness. Consistent with this, we find
that educators who exit the district have substantially lower evaluation
scores on average than those who remain despite the absence of explicit
removal triggers from the reforms.

The selective nature of teacher turnover suggests that educator
composition may play a role in overall district outcomes. However, this
is only suggestive as we do not have direct measures of the effectiveness
of new entrants prior to their arrival in Dallas ISD. We deduce the
contribution of fixed differences in teacher effectiveness and those
related to experience by comparing overall changes over time in average
achievement with estimates of average changes over time within
teachers, controlling for experience. The within-teacher changes capture
the influences of all teacher- and nonteacher- related factors other than
composition including stronger performance incentives and enhanced
professional development. We find that models that control for teacher
fixed effects and experience sharply reduce the estimated improvement
in Dallas relative to the other high-poverty districts, suggesting that
teacher composition plays an important role. A Gelbach (2016)
decomposition reveals that it is fixed differences in teacher effectiveness
rather than experience that drives these changes.

Our findings highlight the possibility that achievement in large cities
with many children from poor and disadvantaged families can be
improved by structural changes in personnel evaluation and compen-
sation - institutional changes long proposed in the economics literature
(Kershaw and McKean (1962)).

2. Literature on performance pay

Researchers have studied the effect of performance pay on produc-
tivity in both education and the broader labor market. Our analysis
contributes to these literatures, as it provides one of the few evaluations
of a large-scale, permanent, performance-pay policy.

In education, there is an extensive literature on performance pay for
teachers, but the results are quite heterogeneous across programs and
studies. For example, Fryer (2013); Goodman and Turner (2013), Fryer,
Levitt, List, and Sadoff (2022), Glazerman and Seifullah (2012),
Springer et al. (2010) and Sojourner, Mykerezi, and West (2014) find
small or null effects, whereas Dee and Wyckoff (2015) and Lavy (2002,
2009) find evidence of significantly improved outcomes from perfor-
mance pay. In a meta-analysis, Pham, Nguyen, and Springer (2021)
estimate an average effect of 0.043 SD.” Pham, Nguyen, and Springer
(2021) argue that the literature is too thin to provide strong evidence on
which components of performance pay drive efficacy, but some patterns
emerge such as larger effects in contexts that include professional
development, larger effects in elementary schools and larger effects from
individual, rather than group incentives. Relative to common studies in
this literature, we consider a much more extensive reform because it is a
district-wide, permanent change to the entire salary schedule, rather
than a short-duration program that provides bonuses to a subset of

2 There is also a literature on pay for performance in developing contexts,
and these studies tend to find much larger effects, possibly because of the low
baseline levels of effort (e.g. Muralidharan and Sundararaman (2011); Duflo,
Hanna, and Ryan (2012).
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teachers. Because of the scale and complexity of the DISD reforms, it is
uncertain ex ante whether to expect larger effects than those in prior
contexts.

Outside of education, there is a robust literature on performance pay
with the broad takeaway that performance pay is very effective in jobs
where effort maps clearly to well-measured unidimensional output. For
example, Lazear (2000) finds a 44 % improvement in productivity of
auto glass workers when switching to a piece-rate salary schedule. In
standard deviation units, this is a dramatic 0.84 SD improvement.
Shearer (2004) finds similarly large effects in the context of tree
planting, where performance pay increases productivity by more than
the control group standard deviation. When tasks are multidimensional
or output is difficult to measure, the effect of performance pay is less
clear. For example, a literature in psychology relying mainly on
lab-based experiments finds that simple tasks are substantially improved
from performance incentives, but performance on complex tasks is
sometimes worsened by performance incentives (Weibel, Rost, and
Osterloh (2010)).

In a recent meta-analysis on performance pay for civil servants,
George and van der Wal (2023) find a positive, albeit small improve-
ment in productivity from performance pay. The most closely connected
literature to education is studies of performance pay in health care, and
similar to education, the results are mixed. Most studies in healthcare
are focused on improving narrow outcomes such as vaccine take-up
(Kouides et al. (1998)) or cancer screening rates (Hillman et al.
(1998)). A broad meta-analysis on performance pay by Hasnain,
Manning, and Pierskalla (2014) also suggests a mix of results: studies
including Hillman et al. (1998); Hillman et al. (1999) and Grady,
Lemkau, Lee, and Caddell (1997) find no effect, whereas studies
including Fairbrother, Hanson, Friedman, and Butts (1999); Fairbrother
et al. (2001), Roski et al. (2003), and Kouides et al. (1998) find large
increases.

3. Dallas ISD evaluation and compensation reforms

The personnel reforms involve a complicated and integrated system
of evaluations and rewards for educational effectiveness. After three
years of discussion and development, the Teacher Excellence Initiative
(TEI) was approved by the Dallas ISD Board of Trustees in May 2014. It
replaced the evaluation and salary system (Dallas Professional Devel-
opment and Appraisal System) that had been in place for 22 years and
that used years of service and post-graduate schooling as the primary
salary determinants. TEI dramatically alters the evaluation and
compensation structures by requiring schools to collect far more infor-
mation about teachers and to use the information for assessment, for
professional development, and for salary determination.’

Dallas ISD established the foundation for the successful imple-
mentation of TEI by first introducing PEI and offering extensive prin-
cipal training in teacher evaluation and support prior to and following
its introduction. As a comprehensive evaluation and compensation re-
form, PEI shares many characteristics with TEIL. Perhaps most important
from the perspective of successful implementation of TEI, it provides
strong incentives for principals to raise the quality of instruction in their
schools by tying a principal’s compensation and continued employment
to student achievement and teacher development. This discourages the
arbitrary treatment of teachers, as does a component of PEI that pe-
nalizes principals for a divergence between their subjective teacher

3 There were some exceptions including educators in their first year in the
district and some protections against salary decreases.

Journal of Urban Economics 153 (2026) 103857

evaluations and the objective measure of teacher effectiveness based on
achievement.”

The integrated multi-measure evaluation system and accompanying
effectiveness-based compensation structure are designed to support
teacher growth, strengthen incentives that improve instruction, and
attract strong educators to Dallas ISD.® TEI contains a student achieve-
ment component, a performance component based largely on supervisor
observations of teaching, and a survey component based on feedback
from students. TEI combines the scores on the three components into a
single evaluation score, recognizing that information details vary by
grade and subject taught. The evaluation score constitutes the primary
determinant of salary, and supervisors also use the information from all
three components to support teacher improvement and growth.®

a. Teacher Evaluation

The multi-measure structure of TEI places the largest weight on su-
pervisor evaluations derived mainly from classroom observations but
also includes assessments of student performance and student survey
responses for most teachers. We will focus on the effect of TEI on state
standardized test scores, but, importantly, Shakeel (2023) shows that
teacher effectiveness based on the Dallas ISD metrics is significantly
related to achievement in subsequent grades, suggesting that more
effective educators based on TEI metrics produce lasting increases in
human capital and not just increases in the high-stakes tests directly
related to their compensation.

Performance, achievement and perception comprise the three com-
ponents of the evaluation system. Appendix Table A1 lists the domains
and indicators within each domain that comprise the teacher perfor-
mance rubric; teachers receive scores for their performance on each.
Every teacher is assigned a primary evaluator who is typically the
principal or assistant principal. The evaluator monitors and collects
evidence to assess performance through spot, extended and informal
observation. TEI specifies ten, 10-15-minute spot observations and one
45-minute extended observation per year. The observations focus on

4 PEI places substantial weight on effectiveness as an instructional leader.
Almost 20 percent of the PEI performance component focuses directly on
improving teacher effectiveness and congruence between teacher performance
and student achievement. Thus, the principal is rated on their work in support
of teachers and the alignment between the subjective teacher evaluation and
teacher effectiveness at raising achievement. Morgan (2022) shows substantial
evaluation inflation despite these efforts. Nevertheless, he also finds little
change over time in the correlation between subjective and objective perfor-
mance measures.

5 Sources for the discussion of TEI include TEI Presentation (2015); TEI
Rulebook (2015). “Rules and Procedures for Calculating TEI Evaluation Scores
and Effectiveness Lev; TEI SLO Rubric (2014); TEI Student Achievement Tem-
plates (2015); TEI Teacher Performance Rubric (2014); Weerasinghe, D.
(2008). How to compute school and classroom effectiveness indices: The value-
added model implemented in Dallas Independent School District (retrieved at
4/20/2015). Sources for the discussion of PEI include Final 2014-2015 DISD
Principal Handbook Sept; DISD 2014-2015 Salary Handbook; Principal Pro-
fessional Development-Dec 2012; Principal Evaluation Rubric-General-Dec
2012; Principal Evaluation-Concept Paper-17 Jan 2013; Professional Develop-
ment Hours — 18 Mar 2013; Miles M. (2013) Superintendent’s Principal Eval-
uation System Report to the Board and Community. http://www.dallasisd.
org/site/default.aspx?PageType=3&DomainID=7954&ModulelnstancelD=24
529&ViewID=047E6BE3-6D87-4130-8424-D8E4E9ED6C2A&RenderLoc=0
&FlexDatalD=22163&PageID=20637

S Dallas ISD categorizes the three interrelated components of TEI as Defining
Excellence, Supporting Excellence and Rewarding Excellence. Each plays an
important role in achieving the district goals. Defining Excellence describes the
vision of effective teaching and teaching evaluation. Supporting Excellence
refers to evidence-based professional development efforts based on the infor-
mation generated by TEIL Finally, Rewarding Excellence refers to the connec-
tion between evaluation score and salary level.
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instructional practice and classroom structure (Domains 2 and 3). The
supervisor is required to provide written feedback following all obser-
vations and to meet with the teacher following the extended observa-
tion. Artifacts and informal observations also contribute to the
performance score, as these constitute the evidence of performance on
the first and fourth domains.

Student perception is based on a survey conducted in the second
week of April. Most students in grades 3-12 complete two surveys, one
online and one on paper. Results from the surveys are summarized by a
single score for each teacher who has at least a minimum number of
responses; student surveys do not contribute to the evaluation score of
some teachers including those in grade 2 or below. Points are assigned
based on the target distribution at each grade level to assure equity
because early grade-level students tend to provide more positive
responses.

Both school average achievement and classroom achievement
contribute to the achievement component except for teachers whose role
is not associated with a student assessment. All school-level achievement
measures are based on the state standardized test results. Teacher-level
measures consist of Student Learning Objective (SLO) and Standardized
Teacher-level Student Achievement Measures. SLO is a measure of stu-
dent improvement during the year based on assessments that are not
standardized tests; SLO contributes to the evaluation scores of all
teachers, while classroom achievement contributes to the evaluation
scores of teachers whose students take a standardized test. The district
computes multiple measures of school and classroom achievement, and
the highest metric for a teacher is used to determine their number of
achievement points. Initially the alternatives included status (percent-
age of tests with scores that met a specified standard), value added, and
achievement scores relative to the scores of a designated peer group of
schools based on prior achievement, although subsequently the district
eliminated the status alternative. The district uses target distributions to
assign points for the school and teacher achievement components based
on the standardized tests.

The evaluation score equals a weighted sum of points earned on the
three components, where the weights depend on the role and grade
level. Appendix Table A2 describes the four categories of teachers and
differences among the weights for the three components. Category is
determined primarily by the availability of student survey responses and
results of a state or district assessment.

b. Supporting Teacher Development

Evidence including that by Taylor and Tyler (2012) and Steinberg
and Sartain (2015) highlight the value of teacher observations and
feedback for professional growth, and the DISD reforms emphasize
teacher feedback based on observations and outcomes along with the
principal’s role as an instructional leader. Each of the three components
of the teacher evaluation system provides information used in teacher
support and professional development. In addition to the written feed-
back and conferences following observations, achievement data are
collected and analyzed to help improve instruction. An online resource
bank of videos and modules was developed to support school leaders and
instructional coaches in generating a clear and common vision of the TEI
program and fostering self-learning among teachers.

c. Performance Pay

Except for a teacher in her first or second year in Dallas ISD, salary is
based on the average of evaluation points earned in the most recent two
years; for teachers in their second year, it is based on evaluation points
in the previous year only. The average score divides teachers into the
nine effectiveness levels listed in Table 1, conditional on the constraint
that a teacher cannot move up or down more than one effectiveness level
per year. This excludes early career teachers from the higher categories,
as completion of three years of service as a classroom teacher is a
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necessary condition to be considered for the Proficient I level. The
Proficient II level and above requires teachers to go through the
Distinguished Teacher Review (DTR) process, and to be at Exemplary II,
teachers need to have at least one year qualifying as an Exemplary
teacher. Finally, the Master level requires a teacher to be Exemplary II
for at least two years and is only possible at specific, hard-to-staff
schools. To maintain budget stability and deter evaluation inflation,
the category boundaries of evaluation scores are determined by a target
distribution (see Appendix Fig. A1l).

The system also includes safeguards to protect against downside risk:
1) It takes three consecutive years in a lower ratings category for teacher
salary to go down by one level; 2) a salary will not fall below the
teacher’s salary in 2014-15 for those employed in that year; 3) a teacher
starting after 2014-15 will not receive a salary lower than their entry-
level salary; and 4) the compensation scale will be adjusted at least
once per three years to keep salary levels competitive with other
districts.

In addition to being unique among performance pay for teachers, TEL
is fairly unique with regards to performance pay in the broader labor
market. Though performance incentives are common outside of educa-
tion, a Bureau of Labor Statistics report (Bureau of Labor Statistics
(2022)) indicates that incentive pay in the private sector generally takes
the form of bonuses rather than affecting base salary and is often based
on group, rather than individual performance.

4. Administrative and program data

We use both Texas state administrative data housed at the University
of Texas at Dallas Education Research Center (ERC) and administrative
and program data provided by Dallas ISD (Hanushek et al. 2026). The
Public Education Information Management System (PEIMS), TEA’s
statewide educational database, reports key demographic data including
race, ethnicity, and gender for students and school personnel as well as
program characteristics including subsidized or free lunch eligibility.
PEIMS also contains detailed annual information on teacher and
administrator role, experience, salary, education, class size, grade,
population served, and subject taught. Beginning in 1993, the Texas
Assessment of Academic Skills (TAAS) was administered each spring to
eligible students enrolled in grades three through eight.” In 2003 the
state substituted the TAKS in place of the TAAS, and in 2012 STAAR
replaced the TAKS. We focus on the years 2004 to 2019, (year refers to
spring of the academic year), which covers parts of the TAKS and STAAR
test regimes. We transform all test results into standardized scores with a
state mean of zero and variance equal to one for each subject, grade, and
year, meaning that our achievement measures describe students by their
relative position in the overall state performance distributions. Because
TAKS and STAAR differ and STAAR is introduced during the
pre-treatment period, it is important that the synthetic control analysis
minimizes achievement differences in a pre-period that spans both test
regimes.

The longitudinal data contain unique student and educator identi-
fiers that enable us to follow students and educators across districts and
schools as long as they remain in a Texas public school. These linkages
enable the description of educator movements in and out of schools and
districts including Dallas ISD. Student-teacher matches become avail-
able in 2012, and starting in 2013, we are able to calculate teacher
classroom average achievement and value added on the STAAR tests.

The Dallas ISD administrative data include demographic and pro-
gram information contained in the state data system, achievement data,
and the disaggregated TEI and PEI components used to determine

7 Many special education and limited English proficient students are
exempted from the tests. In each year roughly 15 percent of students do not
take the tests, either because of an exemption or because of repeated absences
on testing days.
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Table 1
Compensation tied with teacher effectiveness levels in the initial year of TEL
Unsatisfied Progressing Proficient Exemplary Master
$45K I I 1 11 I I $90K
$49K $51K $54K $59K $65K $74K $82K

Source: Teacher Guidebook p36.

evaluation and effectiveness ratings and compensation. These data also
contain identifiers that enable us to link the TEI and PEI information
with student and staff longitudinal data.

5. Empirical model

We estimate the effect of the Dallas reforms on elementary school
math and reading scores using the synthetic control method (SCM)
developed by Abadie and Gardeazabal (2003) and Abadie, Diamond,
and Hainmueller (2010). To allow for a more flexible fit and accom-
modate the many differences between Dallas ISD and other Texas dis-
tricts, we set schools rather than districts as the focal unit. Conceptually,
this approach constructs a synthetic control for each Dallas ISD school
based on a weighted average of potential control schools throughout the
state where the weights are chosen to minimize the pre-treatment dif-
ference in outcomes between each Dallas ISD school and its synthetic
control school for the years before 2013. The synthetic controls for all
Dallas ISD schools are then aggregated across all Dallas ISD elementary
schools to construct the synthetic control district for Dallas ISD.® Even
though TEI does not begin until 2015, we exclude the years 2013 and
2014 from the construction of the control schools to avoid possible
anticipation effects because PEI is implemented in 2013 and TEI is
publicly being discussed during these years.

The baseline donor pool for constructing the synthetic control
schools is all elementary schools in the set of Texas districts with at least
60 percent students from poverty households. We subsequently inves-
tigate the robustness of the estimates by progressively restricting the
donor pool to schools in increasingly larger districts in order to be more
similar overall to the large urban district of Dallas ISD.

Let Y21 be the potential outcome at school i when the policy is in
effect and let Y2=0 be the potential outcome at school i when no policy is
in effect. The indicator D is 1 for each Dallas school and zero otherwise.
For each year in the post-period, we know the realized outcomes at
Dallas schools and need to estimate Y2=C. The synthetic control method
estimates this counterfactual by taking a weighted average of potential
control school outcomes in each year, where these weights are con-
strained to be constant over time. Specifically, the counterfactual
outcome for year t is

« D=0
E w; Y,
b0

where the weights are chosen to minimize a specific objective function.
Because we match on all pre-treatment outcomes, the nested optimiza-
tion component of the synthetic control approach greatly simplifies, and
all pre-period years receive equal weight (Kaul, Klokner, Pfeifer, and
Schieler 2022). As such, in our case the synthetic control approach
simply chooses weights, w;, to minimize the sum-of-squared differences
between each Dallas school and synthetic control schools in the
pre-treatment period (defined as t < 0) shown in the equation below.’

8 Synthetic control estimation requires a strongly balanced panel, and we
drop the small number of Dallas ISD schools that do not serve a tested grade
throughout the period.

9 This is implemented using the user-written synth runner routine for Stata,
described in Galiani and Quistorff (2017).

2
ER Y
t<0 D=0

The synthetic control estimator of the impact of TEI is simply the
average difference between Dallas schools and the synthetic control
schools in each year following TEI’s introduction.

Following the approach in Abadie, Diamond, and Hainmueller
(2010), we conduct inference using a permutation test that compares the
estimated effect for Dallas ISD to a distribution of placebo estimated
effects. As discussed in Cavallo, Galiani, Noy, and Pantano (2013),
because the main estimate is based on the average of many treated units,
it is important that the placebo estimates are also based on averages
across many treated units. In our case, the number of placebo units
assigned to treatment in each simulation should be equal to the number
of Dallas ISD schools. It is not possible to simulate all possible permu-
tations of placebo treatment since there are far too many potential ways
to draw groups of schools from the donor pool. Instead, we randomly
sample from the distribution of possible permutations 1000,000 times
with replacement (See Galiani and Quistorff (2017) for details on this
procedure).

6. The impact of TEI

The main synthetic control analysis uses a donor pool of all
elementary schools in high-poverty districts, and we then illustrate the
sensitivity of the estimates to the restriction of the donor pool to schools
from the largest 50, 20 and 10 districts. Figs. 1 and 2 present plots of
math and reading achievement in Dallas and the synthetic control both
before and after the introduction of TEI in 2015, and Table 2 presents the
exact estimated effects and p-values. Appendix Table A3 shows that
results are very similar if we weight estimates by school enrollment.

Fig. 1 provides compelling evidence of improved math outcomes in
Dallas following the adoption of TEL. The magnitude of the TEI effect
rises to approximately 0.1 standard deviations by 2019. Importantly,
Fig. 1 shows that Dallas and the synthetic control district not only have
similar math scores from 2004-2012 but also continue to have similar
outcomes in 2013 and 2014, years that are not used in the matching
algorithm. This provides evidence of common pretreatment trends in the
Dallas and control schools. The treatment effects shown in column 1 of
Table 2 increase in magnitude from 2016 to 2019 and are statistically
significant at the 5 % level in 2016 and at the 1 % level for 2017 to 2019.

For reading, Fig. 2 shows that there is little evidence of long-term
improvement in Dallas relative to the synthetic control. Both Dallas
and the synthetic control show rising test scores from 2004 to 2011,
generally falling test scores from 2011 to 2015 and rising test scores
from 2016 to 2019. With the exception of 2013 and 2015, Dallas and the
synthetic control have similar reading scores throughout the 2004-2019
period. Though the 2013 divergence between the synthetic control and
Dallas suggests some caution in interpreting the reading results, the
broad similarity between the synthetic control and Dallas in the post-
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Fig. 1. Synthetic control analysis of math achievement.
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Notes: The figure plots average math achievement in Dallas ISD and the synthetic control over time.
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Fig. 2. Synthetic control analysis of reading achievement.
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Notes: The figure plots average reading achievement in Dallas ISD and the synthetic control over time.

period suggests that TEI does not improve reading scores in Dallas
relative to the synthetic control.'’

Importantly, Fig. 1 and Fig. 2 show that achievement in both Dallas
ISD and the synthetic control district increase steadily following 2015,
indicating small achievement gains in high-poverty Texas districts
relative to the state as a whole. This underscores the importance of
developing adequate control schools because simple comparisons of
Dallas ISD with the remainder of the state would lead to the over-
estimation of TEI effects.

The gradual, rather than immediate, increase in math achievement
aligns with expectations for the impacts of major personnel reforms.
Significant changes in evaluations and pay likely engender substantial
initial disruptions, and the outcomes would be expected to evolve over
time through individual teacher improvements and changes in the
composition of teachers. In 2015, the first year of TEI, there is no evi-
dence of improved math outcomes in Dallas relative to the synthetic
control. The lack of immediate improvement might reflect that in 2015,
teachers had not yet received evaluation scores so detailed information
on performance did not yet inform professional development or

10 prior research consistently finds that schools have less impact on reading
achievement compared to math achievement; see, for example, Hanushek and
Rivkin (2010), Koedel, Mihaly, and Rockoff (2015),Bacher-Hicks and Koedel
(2023). This finding is often attributed to parents having a greater impact on
reading than on math achievement.

Table 2
Synthetic control estimates and p-values of the effects on math and reading
scores.
Year Math Reading
@® (@)
2013 0.029 0.059
[0.122] [0.000]
2014 0.009 0.011
[0.716] [0.536]
2015 -0.027 -0.067
[0.385] [0.002]
2016 0.06 0.023
[0.014] [0.353]
2017 0.08 -0.007
[0.003] [0.830]
2018 0.102 0.018
[0.000] [0.579]
2019 0.103 0.022
[0.001] [0.571]

Notes: This table provides exact estimates and p-values (in brackets) corre-
sponding to Figs. 1 and 2. The estimated effects in this table are the gap
between Dallas and the synthetic control and the p-values are based on the

permutation test described in the text.

personnel decisions. In 2016, math scores in Dallas and the synthetic
control diverge, and the positive math achievement gap between Dallas
ISD and the synthetic control district grows noticeably in the following



E. Hanushek et al.

years. By 2019 (the last year of our data), the gap exceeds 0.1 standard
deviations.

Columns 1 and 2 of Table 3 describe the weights used in forming the
synthetic controls for the math and reading specifications respectively,
focusing on the five districts whose schools get the largest weights.
Column 1 shows that Houston schools contribute 20 % of the weight,
none of the remaining districts contribute more than 10 percent, and the
majority (60 %) is divided among schools from many districts; Column 2
shows similar weights for reading scores. This mitigates concerns that a
policy reform in another district is driving the estimates. The substantial
weight on Houston ISD schools is not surprising given that it is the
largest Texas district and most similar to Dallas ISD. On aggregate,
almost 80 percent of the weight comes from districts that contribute at
most 5 percent.

The sizeable contribution of smaller districts could, however, be
problematic if schools in these districts experience systematically
different economic, social and policy shocks than those in large Texas
districts including Dallas ISD. In Table 4, we therefore assess the
robustness of our estimates to successively restricting the donor pool to
the 50 (Column 1), 20 (Column 2) and 10 (Column 3) largest high-
poverty districts. The estimates for math reported in the top panel
support the findings of a substantial TEI treatment effect that increases
gradually in magnitude over time, revealing the same qualitative pattern
as the baseline specification but increasing in magnitude as the donor
pool becomes restricted to schools from larger districts. The 2019 co-
efficient increases from 0.1 with the unrestricted donor pool of schools
from high-poverty districts to 0.18 with a donor pool of schools from the
10 largest high-poverty districts. When using only the largest districts in
the donor pool, some specifications show statistically significant effects
for reading. However, the consistently smaller estimates than those for
math and the insignificant estimates in Table 2 lead us to be cautious in
making any claim regarding reading improvement.

To understand better the impacts of TEI and the test score im-
provements observed in Dallas, we use the same synthetic control
approach to describe changes in proportion special education, propor-
tion ELL, and proportion retained in grade in Dallas ISD relative to
synthetic control districts determined separately for each outcome. Each
of these elements has the potential to affect achievement through im-
pacts on learning or performance on tests, holding knowledge fixed. We
also consider whether the reform affected the probability a student exits
Dallas ISD. This outcome is of direct interest since it provides suggestive
evidence on student preferences for schooling under the reform; it also
provides suggestive evidence on the potential contribution of sample
selection to the math achievement growth.

Table 5 shows generally small and statistically insignificant effects
on these outcomes for most years. We find no significant effect on the
probability of grade retention in any year. There is a significant increase

Table 3
Weights used to construct synthetic control.
Math Reading

Houston 0.197 0.264
Laredo 0.081 0.085
Fort Worth 0.049 0.05
Galveston 0.036 0.071
Mullin 0.036
Port Arthur 0.035
All other districts 0.601 0.495

Notes: The synthetic control approach assigns a weight to each school, and this
table describes the aggregate amount of weight received by each district,
highlighting the top five districts in terms of aggregate weight. The complete list
of districts is available from the authors upon request, but it is too long to present
in a table given that no other district gets more than a 0.035 wt and many dis-
tricts receive very low weight. Mullin and Port Arthur get a positive weight for
both the math and reading synthetic control groups, but we only report their
weight when they are in the top 5.
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Table 4
Synthetic control estimates and p-values of the effects of TEI on math and
reading scores for alternative donor pools.

Donor Pool largest 50 districts largest 20 districts largest 10 districts
Math
2013 0.009 0.015 0.024
[0.606] [0.403] [0.315]
2014 0.002 0.001 0.028
[0.944] [0.975] [0.421]
2015 -0.028 -0.025 0.017
[0.202] [0.261] [0.533]
2016 0.04 0.066 0.115
[0.098] [0.012] [0.000]
2017 0.054 0.068 0.134
[0.027] [0.008] [0.000]
2018 0.092 0.104 0.171
[0.001] [0.001] [0.000]
2019 0.107 0.111 0.184
[0.000] [0.001] [0.000]
Reading
2013 0.046 0.043 0.049
[0.002] [0.004] [0.000]
2014 0.009 0.007 0.035
[0.623] [0.668] [0.041]
2015 -0.046 -0.048 -0.011
[0.012] [0.018] [0.658]
2016 0.043 0.047 0.08
[0.024] [0.042] [0.000]
2017 0.028 0.031 0.086
[0.169] [0.177] [0.000]
2018 0.047 0.049 0.112
[0.046] [0.038] [0.000]
2019 0.056 0.047 0.129
[0.021] [0.094] [0.000]

Note: Only schools in districts with a poverty rate of at least 60 percent are
included in the potential donor pool. The estimated effects in this table are the
gap between Dallas and the synthetic control and the p-values (in brackets) are
based on the permutation test described in the text.

in the probability of exit from Dallas and a significant decrease in the
probability of ELL classification in 2015, but these are temporary and
unlikely to explain the test score improvement that is concentrated in
the period 2017-2019.

The most noteworthy result is that the special education share in-
creases by approximately 2 percentage points in Dallas ISD relative to
the synthetic control in both 2018 and 2019. Placing more students in
special education can potentially contribute to the improved test scores
during this time period, but quantitatively, the contribution is likely to

Table 5

Synthetic control estimates and p-values of the effects of TEI on the probabilities
of classification as special education or limited English proficient, being retained
in grade, and exiting the district.

Share Special Share Limited Share Retained  Share that

Education English Proficient in Grade Leave District
2013  0.008 -0.015 -0.002 0.023
(0.534) (0.680) (0.312) (0.132)
2014 0.003 0.009 -0.001 0.017
(0.992) (0.991) (0.903) (0.042)
2015  0.001 -0.051 -0.001 0.034
(0.997) (0.002) (0.573) (0.001)
2016  0.001 0.015 0.000 -0.022
(0.999) (0.875) (0.922) (0.663)
2017  0.005 -0.012 -0.004 -0.006
(0.950) (0.962) (0.475) (0.860)
2018  0.022 0.011 -0.003 0.023
(0.003) (0.990) (0.355) (0.175)
2019  0.024 -0.030 0.002 na
(0.000) (0.147) (0.261) na

Notes: The estimated effects in this table are the gap between Dallas and the
synthetic control and the p-values (in brackets) are based on the permutation
test described in the text.
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be small for two reasons. First, nearly all special education students still
take the state standardized tests, so placing a student in special educa-
tion does not alter the composition of test takers. In 2019, 98 % of
special education students in Dallas took the exam, and the 2 % who did
not are likely to be severe cases whose classification status is unlikely to
be changed by TEL'! Second, even if special education services were to
increase test scores by better meeting student needs, the aggregate
performance gains would almost certainly be small given the small
fraction of students induced into special education and evidence on the
achievement effects of special education programs. The high end of es-
timates on the effect of special education classification based on analysis
that accounts for selection is approximately 0.1 standard deviations
(Schwartz, Hopkins, and Stiefel 2021), though they note that effects are
considerably smaller among Black and Hispanic students that are the
majority of the Dallas sample. Even using the estimate of 0.1 SD, the
aggregate effect of placing an additional 2 % of students into special
education would only be 0.002 SD.

7. Contributions of educator selection

The bundling of many reform components precludes direct estima-
tion of specific mechanisms underlying the overall TEI impact. We
cannot separate the contributions of strengthened incentives, enhanced
professional development, and other channels to the overall treatment
effects. But we can separate the contribution of overall teacher compo-
sition from those of the other channels. If the much closer alignment
between effectiveness and salary alters the composition of entrants to
and exits from Dallas ISD, educator composition could emerge as an
important channel through which TEI raises district quality.'?

We begin by describing the evaluation scores of stayers and leavers
during the post-policy period. We focus on selection out rather than
selection into Dallas ISD because of the absence of comparable prior
measures of effectiveness for most entrants into Dallas ISD. The existing
literature on selective attrition yields mixed findings. For example,
Goldhaber, Gross, and Player (2011) find that higher quality teachers
are more likely to persist in teaching, whereas West and Chingos (2009)
and Nguyen, Qureshi and Ost (2025) find that higher quality teachers
leave the public school system at similar rates to less effective ones. In a
comprehensive meta-analysis, Nguyen, Pham, Crouch, and Springer
(2020) states “across seven studies, we find that increases in teacher
effectiveness scores are not associated with increased odds of attrition.”
They note that there is suggestive evidence that higher quality teachers
are less likely to leave teaching, but that result is not statistically
significant.

In addition to examining exit from the district, we also describe
transitions by whether a teacher remains in a tested grade and whether
they leave their school but remain in the district. Fig. 3 shows that there
is pronounced negative selection out of tested grades that is largest for
teachers who leave the district. The average evaluation scores of
teachers who remain in their tested grade exceed those who leave the
district following the school year by more than 0.5 standard deviations.
The lower two panels of Fig. 3 show that this strong negative selection
holds for both the performance and achievement components. Finally,
all 3 teacher quality measures show smaller negative selection for those
who move to a non-tested grade but remain in Dallas ISD; the effec-
tiveness of teachers moving to non-tested grades is similar regardless of
whether they stay in the same school.

11 We have also verified directly that there is no TEI effect in any year on the
fraction of students who take the exam.

12 Note that compositional effects were previously identified as a central
element of the IMPACT program in Washington, DC (Dee and Wyckoff (2015)).
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Although the negative selection of exits in the 2015-2019 period is
suggestive,'> we cannot directly assess the contribution of selective
attrition to the impacts of TEI First, we cannot calculate value added
and do not have the TEI performance metrics in the pre-policy period.'*
And second, there is no performance information for teachers entering
Dallas ISD from other districts. Luo (2023) does show that even though a
low TEI rating does not trigger dismissal, it increases the probability of
leaving Dallas ISD, suggesting that the stronger connection between
effectiveness and salary may have contributed to the positive selection
of stayers. Nonetheless, we are unable to identify the overall effect of TEI
on positive selection.

Instead of estimating the effect of TEI on selection patterns, we
separate the contribution of teacher composition from those of the other
channels. The sample includes all elementary school math teachers in
high-poverty districts so that we can see how Dallas achievement pat-
terns differ from other high-poverty districts. We compare estimates of
achievement changes over time from a regression of achievement on a
set of year dummies with estimates from a regression that also includes
teacher fixed effects and a full set of experience dummies for years 1 to
10 and 11 plus. This latter regression shows the time path of achieve-
ment based solely on within-teacher achievement changes. We focus the
decomposition on math achievement because it is the subject with the
clearest evidence of improvement. To assess how the role of teacher
composition differs in Dallas compared to other high-poverty Texas
districts, we interact the year effects with a Dallas indicator.'® The
parameter of interest is how these Dallas-by-year effects change when
teacher composition is controlled for.

Eq. (1) models achievement for student i in year t with teacher j as a
function of a Dallas indicator (D), year dummy variables (Y), a set of
experience dummies exp, a teacher fixed effect (7;) and a random error:

2019 2019 10+
Aj= a+oDi+ > Y+ Y DY+ Y hexpe + i+ & (1)

t=2013 t=2013 x=1

In the absence of teacher fixed effects and experience controls, the
teacher fixed effect (I1j) and the experience effects become part of the

error, and the coefficients on the Dallas-by-year dummies

(6;“’ fe) capture the influences of all factors including teacher composi-

tion that contribute to the achievement difference between Dallas ISD
and other districts in year t relative to the omitted baseline year (2014).
The inclusion of teacher fixed effects and the experience dummies shuts
the teacher composition channel by considering just within-teacher

variation not related to experience, and the estimate &§° captures the
influences of the other factors only. Therefore, the difference between

8% and & provides estimates of the contribution of teacher compo-
sition to changes over time in Dallas relative to other districts.
If all of the improvement in Dallas ISD schools comes from replacing

13 The exit of less effective teachers from the district should unambiguously
improve outcomes. The movement of less effective teachers to non-tested
grades will have a more complicated effect on student outcomes as it de-
pends on the grade-specific match of teachers moving to non-tested grades and
whether there is a persistent effect of having a lower quality teacher in a non-
tested early grade.

14 No other Texas district uses a similar evaluation system, and estimates of
teacher value added are available only for the small fraction of entrants who
previously taught in a tested grade in another district.

15 We do not use the synthetic control weights for this exercise because of
complications arising from including teacher fixed effects when teachers might
move between schools with positive and zero weight. As such, we do not view
the Dallas-by-year interactions as estimates of the treatment effect since other
Texas schools may not perfectly capture counterfactual trends for Dallas. For
the purpose of assessing the role of teacher composition, however, this need not
confound conclusions because if there are Dallas-specific shocks, these would
affect both the model with and without teacher composition controls.
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less effective teachers with more effective teachers and from changes in
the experience distribution, then we would expect to find small and
insignificant Dallas-by-year coefficients for the teacher fixed effect
specifications. In the diametrically opposite case, if teacher composition
accounts for none of the reform effects, we would expect the Dallas-by-
year coefficients to be insensitive to the inclusion of teacher fixed effects
and experience. When both teacher composition and other factors
contribute to the overall treatment effects, the difference between the
Dallas-by-year effects with and without the teacher fixed effects and
experience controls provides an estimate of the contribution of teacher
composition. To statistically test the change in the Dallas-by-year ef-
fects, we estimate Eq. (1) both with and without the teacher composition
controls in a single regression and test the marginal change in these

effects when teacher composition is accounted for (5 — & ),
Specifically, we follow Oberfichtner and Tauchmann (2021) and
duplicate each observation to construct two identical stacked samples.

We use the first sample to estimate the 52 ® effects without the teacher

controls, and we use the second sample to estimate the 5 effects con-
trolling for the teacher controls. Stacking the two samples allows us to
simultaneously estimate these two models and include an interaction
term that tests whether the Et effects differ across the two models. The
exact estimating equation is

2019
Ay = a + &Syt + wD; + 0°D;Sy + Z (7 Ye + 77 YiSi)

t=2013
2019 104
+ ) (8DiY. + 8 DY) + Syt + Sije Y, Ax€XDy + Eie
t=2013 x=1

where Sj; is an indicator for the second stacked sample and all other
variables are as in Eq. (1). Interacting S;; with the teacher FE and
experience indicators (but leaving out the main effects) means that these
controls are a constant in the Sj;; = 0 sample. The parameters of interest
are the %, which capture the change in the Dallas-specific event study
indicators when the teacher FE and experience indicators are added to
the model. Standard errors are clustered at the teacher level accounting
both for correlation within a teacher and for the correlation across the
identical samples.

Table 6 reports the set of year and Dallas-by-year dummy coefficients
for regressions with no teacher composition controls (Column 1) and
both teacher fixed effects and experience controls (Column 2).'° The
similarity of the year effects on Columns 1 and 2 shows that teacher
composition explains little of the achievement changes over time in the
control districts. In contrast, the addition of the teacher composition
variables substantially reduces the magnitudes of the Dallas ISD/year
interactions for the years 2016 to 2019. Column 3 shows that these
changes are significant at the 1 percent level in 2018 and 2019. By 2019,
composition is estimated to account for 0.086 standard deviations,
slightly more than half of the 2019 achievement difference between
Dallas ISD and the other high-poverty district schools in Column 1.

To assess whether the teacher fixed effects or teacher experience is a
more important driver of the compositional change, we use the Gelbach

16 Note that roughly 5 percent of students are not matched with a single math
teacher and consequently dropped from the sample. There are only small dif-
ferences between the average achievement and low-income share of included
and excluded students, and the achievement growth between 2015 and 2019 is
modestly higher for this sample than for synthetic control sample that includes
the observations that are not matched with a single teacher.
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Table 6
Year dummy coefficients for Dallas and all other high-poverty districts, by in-
clusion of teacher composition controls.

Includes teacher no Yes p values for test of

composition controls differences in coefficients

2013 -0.015 -0.015 0.996
(0.006) (0.005)

2014 ref. ref.

2015 -0.037 -0.04 0.437
(0.006) (0.005)

2016 -0.032 -0.03 0.883
(0.007) (0.006)

2017 -0.003 0.008 0.117
(0.007) (0.007)

2018 0.029 0.028 0.805
0.007 (0.008)

2019 0.03 0.028 0.727
(0.007) (0.009)

Dallas x 2013 -0.06 -0.076 0.41
(0.021) (0.019)

Dallas x 2014 ref. ref.

Dallas x 2015 -0.027 -0.016 0.412
(0.020) (0.017)

Dallas x 2016 0.041 0.016 0.261
(0.022) (0.019)

Dallas x 2017 0.062 0.025 0.11
(0.023) (0.021)

Dallas x 2018 0.124 0.053 0.002
(0.023) (0.022)

Dallas x 2019 0.153 0.067 0.000
(0.024) (0.024)
1907,113  1907,113

Notes: The table shows how the year and Dallas-by-year interaction terms
change when teacher composition controls are added. Standard errors, clustered
at the teacher level are shown in parentheses. Column 3 shows p-values testing
the equality of coefficients across columns 1 and 2.

(2016) decomposition.'” Though the Gelbach decomposition has the
advantage of not depending on the order in which controls are added, a
challenge for our context is that it requires explicitly estimating models
for each covariate which is computationally infeasible with very
high-dimensional fixed effects. However, if we focus on just Dallas ISD,
the Gelbach decomposition is estimable. We thus conduct the Gelbach
decomposition on just the Dallas sample and estimate how controlling
for teacher experience and/or teacher fixed effects alters the estimated
year effects. Given the Table 6 results that show little or no effects of
teacher composition on the year effects for the control schools, we
believe the focus on Dallas ISD schools yields informative findings.
Column 1 of Table 7 shows the total change in the year fixed effects from
including the teacher controls, and columns 2 and 3 show the relative
importance of the teacher FE and experience, respectively. The results of
the Gelbach decomposition demonstrate that the teacher fixed effects
drive the teacher composition contribution to the achievement increase;
the changes due to experience are small, concentrated around TEI
implementation, and go in the opposite direction. Importantly, the
sizeable contribution of teacher composition highlights the potential for
personnel reforms to alter teacher composition in ways that raise the
quality of instruction and achievement.

As discussed previously, teacher composition accounts for only one
of the channels through which the reforms could have increased the
quality of instruction. We are not able to identify the contributions of
increases in effort in response to the strengthened incentives, of peer

17 The Gelbach (2016) decomposition is based on a direct application of the
omitted variable bias formula where the full model is used to estimate the
relationship between each covariate and the outcome, and a series of re-
gressions estimate the relationship between the treatment variable of interest
and each covariate. See Gelbach (2016) for further details.
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Table 7
Gelbach decomposition of changes in year effects due to teacher fixed effects and
experience.

contribution of
teacher experience

total contribution of contribution of

teacher composition teacher fixed effects

2013  0.0165 0.009 0.007
(0.007) (0.008) (0.002)
2014 ref. ref. ref.
2015  -0.015 -0.007 -0.008
(0.006) (0.007) (0.003)
2016  0.014 0.02 -0.007
(0.008) (0.009) (0.004)
2017  0.013 0.019 -0.006
(0.009) (0.011) (0.004)
2018 0.059 0.058 0.001
(0.011) (0.013) (0.004)
2019  0.075 0.074 0.001
(0.013) (0.015) (0.004)

Notes: Using the Gelbach decomposition, the table presents how the year effects
change when controlling for teacher composition and how much of that change
comes from teacher fixed effects versus teacher experience. The sample is
restricted to just Dallas ISD for computational feasibility of the Gelbach
decomposition.

teacher effects, or of improvements in school leadership. Nonetheless,
their contributions and those of other factors including improvements in
academic support and school climate account for less of the math
achievement gain than teacher composition.

8. Conclusions

Previous inability to raise substantially the achievement of disad-
vantaged students in large urban districts has led to pessimism about the
prospects for developing policies that could improve the effectiveness of
urban schools. But the general conclusions about the overwhelming
challenges of urban school systems have generally rested on accepting
the overall structure of teacher incentive and compensation systems.
The positive experiences of the IMPACT reforms in Washington, D.C.
offered the promise of significant impacts of rigorous evaluation
accompanied by performance pay, exactly the reform structure adopted
and extended in Dallas ISD. The comprehensive Dallas reforms replaced
the dependence of teacher salary on experience and post-graduate de-
grees in a system with strong incentives for classroom effectiveness. This
radical deviation from the personnel systems commonly used in US
school districts aligns with long-standing recommendations of econo-
mists that called for a closer connection between pay and performance
(Kershaw and McKean (1962)).

Using a synthetic control approach, we find that Dallas elementary
students improved in math following the reform. Effect sizes of 0.1
standard deviations are large, particularly in comparison to much more
costly interventions such as large reductions in class size. Relative to the
pay-for-performance interventions reviewed in Pham, Nguyen, and
Springer (2021), the Dallas reform is much more impactful than the
average effect of 0.043 SD.

Teacher composition appears to be an important factor driving the
reform impacts. The extensive principal training in instructional lead-
ership and strong incentives for principals to elevate the quality of
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instruction and to faithfully evaluate teacher effectiveness may be
important mediating factors in the successes of TEI.

Our estimates are best interpreted as the effect of TEI when a single
district adopts the policy and may not scale were all districts to adopt it.
When a single district adopts TEI, the policy can affect teacher compo-
sition by attracting high-quality teachers from nearby districts or
encouraging low-performing teachers to exit to other districts. However,
if all state districts were to adopt the policy simultaneously, this cross-
district-movement channel would be shut down, reducing the size of
the policy effect. Importantly, wide-spread adoption could strengthen
other margins of response, particularly in the long run. A system-wide
shift to performance-linked compensation would have larger effects on
aggregate entry into the profession since an individual considering
whether to become a teacher may not strongly consider the pay struc-
ture in a single district. Furthermore, system-wide adoption may alter
expectations about the permanence of such reforms, reshape profes-
sional norms, and influence teacher training in ways that improve
effectiveness and future compensation.

The policy changes in Dallas ISD and previously implemented re-
forms in Washington, D.C. demonstrate that radical changes that
strengthen the links between teacher effectiveness and labor market
outcomes can be instituted and sustained in large urban districts. As the
failure of the RTT legislation illustrated, however, instituting such
fundamental changes are difficult to enact through broad policy re-
forms. Nevertheless, based on the Dallas ISD experience with TEI and
PEI the Texas legislature moved in 2019 to provide incentives for other
Texas districts to develop similar programs of teacher evaluation and
pay. By the end of 2023, over 250 districts were participating in the
Teacher Incentive Allotment program that required the use of achieve-
ment and observations of teaching in pay for performance systems. This
response led the legislature to expand the underlying grant program
significantly in 2025 with the Teacher Retention Allotment (TRA).
Whether the statewide benefits will match those produced in Dallas ISD
remains to be seen.
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Appendix A

Table Al
Teacher performance rubric.

Domain Indicator of teacher practice Evidence used Max.
points
Domain 1: Planning and Preparation 1.1. Demonstrate knowledge of content, concepts, and skills Artifacts and informal observations 15

1.2. Demonstrates knowledge of students

1.3. Plans or selects aligned formative and summative assessments
1.4. Integrates monitoring of student data into instruction

1.5. Develops standards-based unit and lesson plans

Domain 2: Instructional Practice 2.1. Establishes clear, aligned standards-based lesson objective(s) (3x) Spot, extended and informal 48
2.2. Measures student mastery through a demonstration of learning (DOL) (spot) ~ observations
(3x)

2.3. Clearly presents instructional content (spot) (3x)
2.4. Checks for academic understanding (2x)
2.5. Engages students at all learning levels in rigorous work (3x)
2.6. Activates higher-order thinking skills (2x)
Domain 3: Classroom culture 3.1. Maximizes instructional time (spot) (3x) Spot, extended and informal 21
3.2. Maintains high student motivation (2x) observations
3.3. Maintains a welcoming environment that promotes learning and positive
interactions (2x)
Domain 4: Professionalism and 4.1. Models good attendance for students Artifacts and informal observations 15
Collaboration 4.2. Follows policies and procedures, and maintains accurate student records
4.3. Engages in professional development

Source: compiled from TEI Teacher Performance Rubric and the TEI Presentation.

Table A2
Teacher categories and evaluation templates.
Teacher Category Teacher Student Student
Performance Achievement Perception
Category A: Most grade 3-12 teachers whose students take an Assessment of Course Performance (ACP), The State of 50 35 15
Texas Assessments of Academic Readiness (STAAR), or Advanced Placement (AP) exam, including most K-5 special
teachers
Category B: Most K-2 teachers whose students take an ACP or Iowa Test of Basic Skills (ITBS)/Logramos 65 35 0
Category C: Most grade 3-12 teachers whose students do not take an ACP, STAAR, or AP assessment but who are able 65 20 15
to complete a student survey (e.g. Career and Technical Education (CTE) teachers)
Category D: Any teachers whose students do not take an ACP, STAAR, or AP assessment nor are eligible to completea 80 20 0

student survey (e.g. pre-K teachers, Teachers not-of-record such as special education inclusion teachers, talented and
gifted teachers)

Source: Compiled from TEI Teacher Guidebook p.6 and TEI Rulebook p.9.

Table A3
Synthetic control estimates, by use of enrollment weights.
Math Reading
not weighted weighted not weighted Weighted
2013 0.029 0.029 0.059 0.056
2014 0.009 0.006 0.011 0.006
2015 -0.027 -0.034 -0.067 -0.066
2016 0.06 0.05 0.023 0.014
2017 0.08 0.075 -0.007 -0.005
2018 0.102 0.103 0.018 0.024
2019 0.103 0.113 0.022 0.028

Notes: The table shows how estimates differ depending on whether we use enrollment weights.
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