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Few topics in education policy receive more attention than 
teacher turnover. Research documents substantial negative 
effects on student achievement. Effects are felt dispropor-
tionately by schools with more low-performing and Black 
students (e.g., Ronfeldt et al., 2013)—the students for whom 
teacher turnover is greatest and for whom receiving an effec-
tive replacement is least likely. But turnover is not a concern 
for low-performing schools alone, nor is it a recent phenom-
enon. Teacher turnover arises in policy discussions spanning 
teacher preparation, school finance, student achievement, 
accountability, and school leadership. The scope of its impli-
cations has created a sense of urgency, and policymakers 
embrace a variety of proposals to mitigate teacher turnover. 
These policies, however, along with much research, often 
treat teacher retention as unambiguously beneficial (Carver-
Thomas & Darling-Hammond, 2019; Ingersoll, 2001; 
National Commission on Teaching and America’s Future, 
2003), despite broad recognition that teaching quality varies 
widely. In the absence of valid and reliable measures of 
teacher effectiveness and given the available evidence that 
teacher turnover harms students, such an approach may be 
appropriate. However, most states and school districts have 
recently revised their teacher evaluation systems, providing 

opportunities for more targeted—and therefore more effec-
tive—turnover policies.

Turnover’s effects on student outcomes depend on two 
mechanisms: (1) changes in the composition of teaching 
effectiveness and (2) the disruptive effect on teachers who 
remain and their students (Ronfeldt et al., 2013). The compo-
sitional effect is conceptually uncertain and turns on the dif-
ferential effectiveness of exiting and entering teachers. A 
decade ago, The New Teacher Project (TNTP) highlighted 
this issue in The Widget Effect (Weisberg et al., 2009), docu-
menting the widespread practice of treating teachers, regard-
less of effectiveness, as interchangeable. The report proposed 
that valid and reliable teacher evaluation would provide cred-
ible evidence of strong performance by some teachers. This 
recognition would be both an intrinsic reward and a mecha-
nism for incentivizing performance and retention through 
compensation and advancement opportunities. Conversely, 
the report hypothesized that teachers who received poor eval-
uations would be more likely to voluntarily exit when pre-
sented with credible evidence of their weaknesses.

The potential for teacher evaluation to enable more effec-
tive teacher retention policies rests on several assumptions. 
First, evaluation systems implemented at scale must be 
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reliable and valid—for example, accepted by teachers as 
credible evidence of their skills. Second, teachers identified 
as poor performers must be replaced by teachers who are at 
least as effective. Third, high-performing teachers must not 
find the stress of ongoing high-stakes evaluation so burden-
some or threatening to their job security that it diminishes 
the supply of high-quality applicants to the district or pro-
duces a net increase in their turnover. Finally, even if teacher 
evaluation facilitates improvements to teaching and student 
achievement, these gains may not be sustainable as the stock 
of relatively ineffective teachers is reduced, if the quality of 
applicants changes in response to the system’s incentives, 
and if administrators’ focus wanes in the face of resistance to 
evaluation and other demands.

In this article, we explore these issues in the context of 
the District of Columbia Public Schools (DCPS). We focus 
on three research questions:

•• Research Question 1: What is the effectiveness of 
exiting and entering DCPS teachers, and how has that 
changed over the course of the implementation of its 
high-stakes evaluation system?

•• Research Question 2: What effect does teacher turn-
over have on teaching skills and student achievement 
in DCPS several years after the evaluation reform’s 
implementation, and does this differ by teaching 
effectiveness?

•• Research Question 3: To what extent do high- and 
low-performing teachers cite the evaluation system as 
a reason for their decision to exit, and how has that 
changed over time?

DCPS is a particularly appealing place to explore these 
questions. For a decade, DCPS has employed one of the 
most rigorous teacher evaluation systems in the United 
States. DCPS also experiences relatively high turnover—
nearly 20% of teachers exit DCPS each year and 5-year 
attrition is 57% (Figure 1)—raising concerns about the 
effect on students. There are also concerns that IMPACT, 
DCPS’s teacher evaluation system, might play a role in such 
turnover (e.g., Levy, 2018).

Background

A large literature examines various aspects of teacher 
turnover,1 much of which focuses on overall turnover in spe-
cific school districts or states, factors associated with turn-
over, and policies that may influence turnover. In these 
analyses, exiting teachers are typically treated as homoge-
nous, without consideration for whether they can be replaced 
by more effective teachers, despite long-standing recogni-
tion that strategic retention can be a powerful lever for 
improving teacher effectiveness (e.g., Smith & Handler, 
1979; TNTP, 2012).

Growing evidence, however, finds that less effective 
teachers are more likely to exit than their higher performing 
peers (Boyd et al., 2008; Feng & Sass, 2017; Goldhaber 
et al., 2010; Hanushek et al., 2005; Murnane, 1984; Papay 
et al., 2017). The mechanisms by which this occurs are 
unclear. Smaller scale pilots found that information on effec-
tiveness led to increased turnover among low-performing 
teachers but with no discernable effect on student achieve-
ment (Loeb et al., 2015; Rockoff et al., 2012; Sartain & 
Steinberg, 2016). The same patterns are evidenced, however, 
in settings where teachers or their supervisors do not have 
systematic access to performance information (Boyd et al., 
2008; Hanushek et al., 2005; Papay et al., 2017).

Nonetheless, the composition effect of teacher turnover 
remains uncertain, as it depends on the differential effects of 
exiting and entering teachers. The literature on teacher hiring 
raises important questions about whether hiring officials 
identify applicants who will become effective teachers (e.g., 
Jacob et al., 2018), while in practice some principals appear 
differentially able to retain more effective teachers (Cohen 
et al., 2020; Grissom & Bartanen, 2019). Little evidence 
bears directly on the relationship between teacher evaluation, 
teacher turnover, and student achievement. A couple of nota-
ble exceptions provide a foundation for our research, demon-
strating that teacher evaluation can induce less effective 
teachers to disproportionately exit, raising the quality of 
teacher effectiveness (Cullen et al., 2019; Dee et al., 2019; 
Dee & Wyckoff, 2015; Sartain & Steinberg, 2016; Stecher 
et al., 2018). In a telling example, teacher evaluation reform 
in Houston increased low-performing teachers’ voluntary 
exit by 6.2% (Cullen et al., 2019). When the average low-
performing teacher exited, student achievement improved by 
about 13% of a standard deviation (SD). However, because 
low-performing teachers represent a small share of reform-
induced exits (4.3%), the overall effectiveness of Houston 

Figure 1  Proportion of teachers exiting DCPS over 1, 3, and 
5 years, 2012–2013 through 2016–2017.
Note. For all years except 2017, a teacher is retained if they taught and 
received an IMPACT rating in t and were a classroom teacher with an 
IMPACT rating in t + 1 or t + 2. For 2017 teachers, retention includes 
those who were a classroom teacher with an IMPACT rating in t + 1 
(2018). DCPS = District of Columbia Public Schools.
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teachers was not meaningfully altered. Similarly, teacher 
evaluation, as implemented in the school districts and charter 
school management organizations participating in the Gates-
funded Intensive Partnerships for Effective Teaching, 
increased ineffective teachers’ attrition but not enough to 
improve student achievement (Stecher et al., 2018).

Conversely, many policies have employed perfor-
mance-based financial rewards to incentivize high-per-
forming or highly qualified teachers’ retention, with 
some—but not always lasting—success (Clotfelter et al., 
2008; Cowan & Goldhaber, 2018; Glazerman et al., 2013; 
Glazerman & Seifullah, 2012; Springer et al., 2016). The 
fidelity of evaluation implementation in some of these set-
tings (e.g., Cullen et al., 2019; Stecher et al., 2018) raises 
concerns, but these examples provide a cautionary note 
regarding teacher evaluation’s potential to broadly 
improve student achievement. The experience in DCPS is 
different and worth a closer look.

Teacher Evaluation in Washington, D.C.

Ten years ago, DCPS introduced a bundle of reforms to 
address a long history of dysfunction and low student perfor-
mance. Central to these reforms was a rigorous teacher eval-
uation system—IMPACT (National Research Council, 
2015), which had three main design components:

■  Every teacher was assessed yearly using multiple 
measures of teaching effectiveness, including five 
standards-based classroom observations conducted by 
calibrated observers and some measure of student 
achievement.

■  Teachers received professional development supports 
in the form of feedback following each formal class-
room observation.

■  Teachers who scored in the lowest rating category 
(Ineffective) were subject to immediate dismissal. 
Low-performing teachers (Minimally Effective) were 
also subject to dismissal if they failed to improve. 
Teachers rated Highly Effective were eligible for large 
financial rewards (bonuses and base pay increases) 
and professional opportunities.

Unlike many evaluation systems, DCPS devoted substan-
tial resources to the rigorous implementation of IMPACT, 
incorporating many best practices then emerging from 
research (Toch, 2018). For example, while in most systems 
nearly all teachers are identified as effective or better (Kraft 
& Gilmour, 2017), DCPS differentiated performance. 
During its first 3 years, IMPACT identified 15% of teachers 
as less than Effective (Ineffective or Minimally Effective) 
and 15% as Highly Effective.

IMPACT was controversial from the outset, with legiti-
mate concerns about the assessment’s fairness, whether 

teachers would receive the feedback and support necessary 
to improve, and whether the stress of teaching in such a 
high-stakes environment would drive high-performing 
teachers to neighboring districts.2 Nevertheless, the new pro-
gram demonstrated success at achieving some of its primary 
goals. Analyses of IMPACT’s first 3 years found that low-
performing teachers subject to IMPACT’s strongest incen-
tives experienced a large increase in voluntary turnover, and 
those who chose to remain improved their performance (Dee 
& Wyckoff, 2015). Specifically, using a regression disconti-
nuity (RD) design, Dee and Wyckoff (2015) found that 
teachers in 2010–2011 and 2011–2012 who were rated 
Minimally Effective (and therefore had a year to improve or 
face dismissal) but were near the threshold for Effective 
were 50% more likely to voluntarily exit. Those who 
remained improved their performance by 27% of an SD rela-
tive to otherwise-similar teachers not facing this incentive. 
IMPACT’s generous financial incentives for Highly 
Effective teachers were estimated to have positive but statis-
tically insignificant effects on retention, but these financial 
rewards induced teachers receiving their first Highly 
Effective rating (they would receive a large base pay increase 
upon a second Highly Effective rating) to improve their 
IMPACT scores by 24% of an SD. These results demonstrate 
the potential of high-stakes teacher evaluation to induce 
low-performing teachers’ voluntary turnover or improve-
ment and already high-performing teachers’ improvement. 
Importantly, these results are specific to the teachers near 
these ratings thresholds and say little about the vast majority 
of teachers for whom these incentives don’t apply, nor do 
they necessarily translate into improved student outcomes.

Adnot et al. (2017) provided more insight into the latter 
in their examination of the effect of teacher turnover on 
teaching quality and student achievement in DCPS during 
the same period. They found the following:

•• On average, turnover in DCPS improved teaching 
quality (0.34 SD of IMPACT scores) and student 
achievement (0.08 SD).

•• When teachers identified by IMPACT as Effective or 
Highly Effective exited, teaching quality and student 
achievement fell, although the effects on student 
achievement were statistically insignificant.

•• When teachers identified by IMPACT as low-per-
forming (Ineffective or Minimally Effective) exited, 
teaching quality improved by 1.3 SD, and student 
achievement improved by 0.21 SD in math and 0.14 
SD in reading, with nearly all gains accruing to stu-
dents in high-poverty schools.

This pair of articles suggests that during its first 3 years, 
IMPACT induced compositional change that meaningfully 
improved academic outcomes for many of DCPS’s poorest 
students. The latter article also indicates that IMPACT 



James and Wyckoff

4

evaluation ratings are aligned with student achievement 
outcomes.3 However, while these results provide promis-
ing evidence of teacher evaluation’s potential to improve 
teaching quality, there are several reasons why these effects 
may not persist once the system matures.

Changing Environment for Teacher Evaluation

The context for teacher evaluation nationally and in 
Washington, D.C., changed significantly since the early 
years of IMPACT. A growing public narrative paints 
teacher evaluation reform as a costly failure (Bill & 
Melinda Gates Foundation, 2018; Iasevoli, 2018; Strauss, 
2015) and a waste of resources (Dynarski, 2016; National 
Council on Teacher Quality, 2017). In part, that assessment 
is informed by evidence outside of DCPS that evaluation 
has not meaningfully differentiated teacher effectiveness 
and few teachers are provided the information, incentives, 
or resources to improve or exit teaching (Kraft & Gilmour, 
2017). For example, a recent study (Stecher et al., 2018) of 
three school districts and four charter management organi-
zations found that teacher evaluation did not improve stu-
dent achievement but also suffered from “incomplete 
implementation.” There is also concern that high-stakes 
evaluation might dissuade entry into the profession, par-
ticularly for hard-to-staff schools (Kraft et al., 2019).

In the midst of a changing climate around teacher evalua-
tion, DCPS made significant changes to IMPACT’s design. 
The district (1) added, eliminated, and reweighted teaching-
quality measures (in 2012–2013, 2014–2015, and 2016–
2017) and (2) altered rating effectiveness bands (in 
2012–2013). The range of IMPACT scores previously 
deemed Effective (250–349, out of a score range of 100–
400) was divided in half; the upper half (300–349) remained 
Effective, but the lower half (250–299) was now labeled 
Developing. Teachers now identified as Developing (unlike 
their Effective peers) were subject to dismissal if they did 
not improve in 2 years. Additionally, DCPS (3) altered bonus 
and base pay incentives (2012–2013) and (4) introduced a 
performance-based career ladder (2012–2013). In 2014–
2015, DCPS replaced its student achievement exam, DC 
CAS (Comprehensive Assessment System), with the PARCC 
(Partnership for Assessment of Readiness in College and 
Careers) exam. In 2016–2017, in response to low levels of 
achievement on PARCC, DCPS implemented LEAP 
(LEarning together to Advance our Practice), an intensive 
professional development program loosely coupled with 
IMPACT, which consists of 90-minute weekly small-group 
seminars and biweekly individual coaching. In addition, 
after 6 years of leadership by Kaya Henderson, DCPS has 
since 2016 had two interim chancellors and two new perma-
nent chancellors, with additional turnover of deputy chan-
cellors. Each of these changes may have led to significant 
disruptions and altered IMPACT’s effectiveness.

Despite the changed context for teacher evaluation 
nationally and at DCPS, IMPACT’s incentives continue to 
induce low-performing teachers to exit at significantly 
higher rates than otherwise-similar teachers. Employing 
data in the years since the Dee and Wyckoff (2015) RD 
analysis (2012–2013 through 2015–2016), Dee et al. 
(2019) find that Minimally Effective teachers exit at a rate 
that is 40% greater than otherwise-similar Developing 
teachers, and Developing teachers exit at a rate that is 40% 
greater than otherwise-similar Effective teachers. For 
Minimally Effective teachers who are retained, perfor-
mance increases on average by 27% of an SD relative to 
otherwise-similar Developing teachers—quite similar 
effects to those from the first 3 years of IMPACT. The 
incentives confronting teachers near low-performing 
IMPACT ratings thresholds continue to induce teachers to 
alter their behavior relative to otherwise-similar peers fac-
ing substantially different incentives. However, the RD 
results represent only a small share of DCPS teachers. The 
proportion of teachers who are less than Effective has 
declined over time, and RD estimates by design are spe-
cific to a narrow bandwidth of scores. These effects say 
little about IMPACT’s effects on teachers whose ratings are 
more distal from these thresholds and, more specifically, do 
not imply that the increased turnover resulting from the exit 
of low-performing teachers improves teaching skills or stu-
dent achievement. That outcome depends on the differen-
tial effectiveness of leaving versus entering teachers.

Exiting teachers in recent years are likely to be more 
effective than exiting teachers from IMPACT’s early years 
for several reasons. First, most of the lowest performing 
DCPS teachers at the inception of IMPACT have now 
exited—voluntarily or involuntarily. Second, many teachers 
whose scores would previously have designated them as 
Effective now fall in the Developing range; as such, they 
face a credible dismissal threat, which increases voluntary 
attrition (Dee et al., 2019). Third, changes in 2012–2013 to 
IMPACT’s financial incentives for Highly Effective teachers 
concentrated incentives in high-poverty schools, which may 
increase turnover for the district’s most effective teachers, 
who had been disproportionately situated in low-poverty 
schools. Fourth, teachers might find high-stakes evaluation 
stressful, which could increase the probability of turnover 
across the board; a concerning consequence would be if it 
induced exits among the most effective teachers who have 
disproportionately more attractive career alternatives (e.g., 
Feng & Sass, 2017). Finally, over the period of analysis in 
this article, the share of DCPS teachers who are Effective or 
Highly Effective has increased from 74% (2012–2013) to 
82% (2017–2018). DCPS has likewise recently invested 
heavily in LEAP, a professional development program that 
is intended to improve the effectiveness of all teachers. Each 
of these mechanisms likely contributed to an increase in the 
measured performance of exiting teachers.
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External factors may likewise influence the quality of 
entering teachers. DCPS draws applicants from the larger 
market for teachers in the DC metropolitan area, and DC has 
a robust charter school presence. These charter schools could 
serve as a source of more effective, experienced teachers 
from which DCPS can draw. By design, teaching in DCPS 
brings the potential for atypically high salaries, which anec-
dotal reports indicate put pressure on charter schools to 
retain teachers (Brown, 2013). The share of teachers hired 
by DCPS with at least 3 years of experience has increased 
from 37% at IMPACT’s inception in 2009–2010 to 62% in 
2017–2018. These factors contribute to a strong applicant 
pool, although DCPS has not hired the teachers who are pre-
dicted to be the most effective (Jacob et al., 2018). Concerns 
over teacher accountability and teacher evaluation (Kraft 
et al., 2019), as well as a tight labor market (Taylor, 2019) 
may reduce the pool of applicants. The net effect of these 
competing mechanisms on the quality of entering teachers is 
conceptually unclear.

Empirically, descriptive evidence indicates that the effec-
tiveness of both exiting and entering teachers increased in 
DCPS in recent years (Figure 2). The average IMPACT 
scores of exiting teachers in 2010–2011 and 2011–2012 was 
262. Between 2012–2013 and 2017–2018, the average was 
288, an increase of nearly 0.6 SD. Entering teachers’ average 
IMPACT scores likewise improved but not by as much. The 
average differential between entering and exiting teachers in 
2010–2011 and 2011–2012 was 17 IMPACT points; for 
2012–2013 through 2017–2018 the average yearly differ-
ence was 4 points. These results call into question whether 
the effects of DCPS teacher turnover on student achieve-
ment found in Adnot et al. (2017) have been sustained. We 
examine this in detail below.

Method and Data

Our analysis comprises two parts. We first examine the 
causal effect of teacher turnover on teaching skills and stu-
dent achievement, overall and differentiated by teacher 
effectiveness. Second, we descriptively examine the rela-
tionship between teacher evaluation and teacher turnover 
in DCPS.

The Effect of Teacher Turnover

We examine the effects of teacher exits from DCPS on 
teaching skills and student achievement by employing a 
panel-based design similar to prior research (Adnot et al., 
2017; Chetty et al., 2014; Ronfeldt et al., 2013).4 This 
design compares the effect of levels of teacher turnover in 
school grade cells on teaching quality and student achieve-
ment in year t  with these outcomes in the same school 
grade cells in t + 1. Our analysis draws on DCPS admin-
istrative data from 2012–2013 through 2017–2018. To 
estimate the effect of teacher turnover on student achieve-
ment, we restrict the data to teachers who can be linked to 
student test scores (i.e., Grades 4–8 math and reading), 
and then collapse the data to the school grade level.5 
Changes in teaching effectiveness reflect the average dif-
ferences between exiting and entering teachers, the disrup-
tion that such turnover creates among school grade 
colleagues, and the proportion of teachers in a school 
grade cell who exit. Changes in student achievement 
depend on similar differences, as well as the effect of dif-
ferences in teaching skills on student achievement.

We aggregate what is intrinsically a teacher-level anal-
ysis to the school grade level to mitigate two potential 
problems. First, turnover effects likely reach beyond an 

Figure 2  Average IMPACT scores, all entering/exiting general education teachers, by year of replacement.
Note. Teachers are assessed on IMPACT with scores from 100 to 400. Entering scores are averages for teachers new to DCPS at the end of their first year of 
teaching; exiting scores are those for teachers in the year before not returning to DCPS to teach. DCPS = District of Columbia Public Schools.
***p < .001. **p < .01. *p < .05. +p < .10. Represent statistical differences between entering/exiting teachers in each year.
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individual classroom to other classrooms in the same 
grade (Ronfeldt et al., 2013); we allow our turnover effect 
estimates to capture disruption effects and changes in 
peer effects, in addition to the compositional effects of 
school grade turnover.6 Second, aggregation to the school 
grade level mitigates potential internal validity threats, 
such as when more motivated parents of children in 
grades with turnover attempt to seek returning teachers, 
leaving new teachers with lower performing students. We 
then estimate two reduced-form equations, one for each 
outcome of interest—teaching quality (Equation 1a) and 
student achievement (Equation 1b). We estimate effects 
separately for reading and math. Changes in teaching 
quality (∆TQsgt ) are measured by changes in IMPACT 
scores and are a function of: the student-weighted share 
of teachers in school s and grade g  in year t −1 who exit 
DCPS by the beginning of year t , Esgt−1; a year fixed 

effect, ωt ; and a random error term, εsgt .
7 IMPACT scores 

are a weighted average of multiple measures, including 
ratings of teachers’ core professionalism, classroom 
observation ratings, and their value added to student 
achievement.8 Changes in student achievement are mea-
sured by changes in average residualized9 student test 
scores, ∆Ā *

sgt, and are a function of: changes in the attri-
butes of grade-level peers, ∆Xsgt , the student-weighted 
share of teachers in school s and grade g  in year t −1 who 
exit DCPS by the beginning of year t , Esgt−1,  a year fixed 
effect, ωt , and a random error term, εsgt

* .

∆ ∆TQ Esgt sgt t sgt= + +−γ ω ε1 1 . 	 (1a)

∆ ∆ ∆A X Esgt sgt sgt t sgt

* * .= + + +−β γ ω ε2 1 1 	 (1b)

Estimates from these models identify the effects of turn-
over through a difference-in-differences approach—that is, 
by controlling for time-invariant traits specific to school 
grade cells, time-varying characteristics across schools and 
grades, and student-level characteristics including prior 
achievement. For example, the change in student perfor-
mance in a school grade cell before and after teacher turn-
over captures the turnover effect and the effect of other 
time-invariant influences. A second difference between 
school grade cells with and without turnover isolates the 
effect of those other time-varying factors. The difference of 
these two isolates the effect of turnover.

Nonetheless, the internal validity of the teacher turnover 
estimates in Equation 1 rests on several assumptions. First, 
our approach as defined above assumes that DCPS does not 
manipulate transfers within DCPS such that it biases our 
estimates. An example that violates this assumption occurs 
when filling a vacancy created by turnover; a principal 
might systematically transfer teachers to the open position 
according to their effectiveness. We also assume in Equation 

1 that these teacher transfers have no achievement implica-
tions for the “sending” school grade cell (e.g., due to disrup-
tion in the quality of peer teachers). To address this concern, 
we condition on the prevalence of within-school transfers, 

Ssgt−1, and transfers across schools in the district, Dsgt−1. 
Specifically, Ssgt−1 is the share of school grade–year teach-
ers who exited Grade g math (reading) at the end of t −1 but 
remained in school s, while Dsgt−1 is the share of teachers 
who transferred out school s at the end of t −1 but remained 
teaching in the district. On average, 48% of replacement 
teachers come from outside the DCPS system, 14% transfer 
across DCPS schools, and 38% transfer across subjects or 
grades within DCPS schools. These controls allow us to 
condition on the effects that turnover may have on school 
grade cells that “send” teachers elsewhere within the school 
or district.

Next, we assume that students do not sort to or from 
schools in response to teacher turnover in a way that is cor-
related with student achievement. We also assume there are 
no unobserved school grade factors correlated with turn-
over and student achievement (e.g., changes in principal 
effectiveness, which could influence both teacher turnover 
and student achievement). To address these challenges to 
internal validity, we conduct several robustness checks. 
First, recall that our first differencing eliminates time-
invariant school effects; we include school-by-year fixed 
effects to address the potential for school-level changes 
over time. Second, to explore student sorting, we estimate 
auxiliary regressions predicting student attributes with 
teacher turnover. If turnover predicts student attributes, it 
would suggest such sorting. In general, we find little evi-
dence of this occurring (see Appendix Table A1). Finally, 
the theory of change underlying IMPACT is that improving 
teaching quality improves student achievement. Our esti-
mates of the effects of turnover on teaching quality and turn-
over on student achievement allow us to explore this 
mechanism.10 As will be seen in Tables 1 and 2, where turn-
over is estimated to positively or negatively affect achieve-
ment, we observe an effect of turnover on observed 
teaching quality that is of the same sign and of roughly 
proportionate magnitude. This increases our confidence 
that our estimates of the effects of teacher turnover on stu-
dent achievement reflect the hypothesis that improved 
teacher quality, as measured by IMPACT, is a mechanism 
for improved student achievement, and not the other fac-
tors influenced by teacher turnover.

We extend our analysis to examine heterogeneous effects 
of turnover by measured teaching quality. In place of the 
overall turnover effect, Esgt−1, we test specifications where 
Esgt
L

−1 denotes the proportion of students in each such cell 
whose teacher exited the DCPS teaching workforce and was 
low performing (i.e., Developing, Minimally Effective, or 
Ineffective), and Esgt

H
−1 denotes the proportion of students 

taught by a high-performing (Effective or Highly Effective) 
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teacher who left the district at the end of year t −1. The 
resulting specification takes the following form:

∆

∆

A E E S

D X

sgt sgt

L

sgt

H

sgt

sgt sgt t sgt

* = + +

+ + + +

− − −

−

γ γ δ

θ β ω ε

1 1 2 1 1

1 2

** .
	 (2a)

Table 1
Effect of Turnover on IMPACT Scores and Student Achievement, 2012–2013 Through 2016–2017

Math Reading

 
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement

All exits 5.87
(5.55)

0.050*
(0.025)

15.48**
(6.09)

0.028
(0.022)

 

High-performer exits −44.74***
(6.70)

−0.011
(0.033)

−31.02***
(6.01)

−0.031
(0.023)

Low-performer exits 50.52***
(7.36)

0.105***
(0.033)

59.21***
(6.69)

0.085***
(0.032)

Student controls X X X X
Observations 870 870 870 870 840 840 840 840

Note. Models include year fixed effects and controls for teacher movement within and across schools. Student controls account for the year-to-year, across-
cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, other non-White race/ethnicity, limited-English–proficient, 
special education, or free or reduced-price lunch–eligible. Robust standard errors (in parentheses) are clustered at the school grade level. Pretreatment (i.e., 
exit) years span 2012–2013 through 2016-2017.
***p < .001. **p < .01. *p < .05. †p < .10.

Table 2
Effect of Turnover on IMPACT Scores and Student Achievement by School Poverty Status, 2012–2013 Through 2016–2017

Math Reading

 
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement

All exits
  Low poverty −7.82

(10.78)
0.076†

(0.043)
−12.72*

(6.29)
−0.036
(0.027)

 

  High poverty 7.39
(5.88)

0.047†

(0.027)
20.92***
(6.78)

−0.048
(0.132)

 

High performers
  Low poverty −29.56*

(13.38)
0.064

(0.048)
−21.23***

(6.71)
−0.017
(0.036)

  High poverty −48.37***
(7.31)

−0.029
(0.037)

−35.23***
(7.52)

−0.036
(0.027)

Low performers
  Low poverty N/A N/A N/A N/A
  High poverty 49.51***

(7.56)
0.104***

(0.034)
60.17***
(6.92)

0.093***
(0.033)

Student controls X X X X
Observations 870 870 870 870 840 840 840 840

Note. Models include year fixed effects and controls for teacher movement within and across schools. Student controls account for the year-to-year, across-
cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, other non-White race/ethnicity, limited-English–proficient, 
special education, or free or reduced-price lunch–eligible. Robust standard errors (in parentheses) are clustered at the school grade level. Pretreatment (i.e., 
exit) years span 2012–2013 through 2016–2017. We do not include estimates for low-performer exits in low-poverty schools as these are found in only five 
school grade year observations during this period.
***p < .001. **p < .01. *p < .05. †p < .10.

∆TQ E E S Dsgt sgt

L

sgt

H

sgt sgt t sgt= ′ + ′ + + + ′ + ′′ ′
− − − −γ γ δ θ ω ε1 21 1 1 1 .   (2b)

For example, γ1 in Equation 2a represents the effect of 
exits among low-performing teachers—those rated 
Developing, Minimally Effective, and Ineffective in year 
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t −1—on changes to student achievement in year t . We also 
repeat these analyses at the rating level to compare, for 
example, the effects of Highly Effective teachers’ exit to that 
of Effective teachers.

Finally, we examine whether turnover effects vary by 
school poverty status by interacting each treatment variable 
with a school poverty indicator. We use DCPS’s school pov-
erty designation: any school with at least 60% of students 
eligible for free or reduced-price lunch is considered a high-
poverty school. Close to 80% of the schools in our sample 
meet this definition.

Teacher Evaluation and Teacher Turnover

To explore the relationship between teacher evaluation 
and teacher turnover in DCPS we use administrative data 
and teacher responses to two surveys. First, rates of turnover 
are assessed using the administrative data described above. 
We define a teacher as having exited teaching in DCPS if 
they are a teacher of record earning an IMPACT score in t, 
and not a teacher of record in t +1 and t + 2.11 Teachers are 
linked to IMPACT and school data, facilitating analysis of 
teacher turnover by teaching effectiveness and student attri-
butes using simple descriptive statistics.

We employ teachers’ responses to two different surveys, 
linked to the administrative data, to assess teachers’ views 
on teacher evaluation in DCPS and, for exiting teachers, the 
factors most important to their decision to exit. By linking 
these data sets, we can understand the reasoning underlying 
exit decisions for all DCPS general education teachers, as 
well as the same sample of teachers in tested grades and sub-
jects who we analyze in Equations 1 and 2.12 The first survey 
is the Declaration of Intent Not to Return (DINR), which all 
teachers who expect to leave DCPS are requested to com-
plete by April 3.13 Questions on the DINR have since 2012–
2013 consistently asked teachers to rank their three primary 
reasons for leaving. We match DINR responses to 52% of all 
exits. The characteristics of DINR survey respondents often 
differ from the population of exiting teachers. Many of these 
differences are small, but two important differences should 
be noted. DINR respondents are higher performing and more 
likely to be White than exiting teachers as a whole (Appendix 
Table A2).

The second survey is Insight, which has been adminis-
tered by TNTP to all DCPS teachers since 2015–2016, and 
asks a variety of questions ranging from teachers’ experi-
ences with professional development to their views on eval-
uation and their reasons for leaving or remaining in their 
schools. We use Insight responses to confirm the robustness 
of DINR responses to a different measure, as well as to 
assess DCPS teachers’ views on evaluation. Insight survey 
responses were obtained from 95% of all teachers.

For both surveys, we stratify responses according to 
teachers’ performance levels in order to understand how 

their responses vary according to teaching quality. Both sur-
veys are administered in advance of teachers knowing their 
final IMPACT ratings for the year.

Analysis

About 20% of all DCPS teachers leave in a given year, 
and more than 50% exit over a 5-year period (Figure 1). 
These statistics raise many questions. Does this level of turn-
over negatively affect students? Which teachers leave DCPS, 
and why? Are they dissatisfied with policies or practices that 
could be readily changed? We explore these questions below.

Teacher Turnover, Teacher Quality, and Student 
Achievement

DCPS teacher turnover, on average, does not negatively 
affect teaching skills or student achievement. Student math 
achievement increases by an average of 5% of an SD in 
grades with turnover. The effect on reading is also positive, 
though estimates are statistically insignificant (see Table 1 
and Figure 3). The overall effect, however, masks substantial 
heterogeneity with respect to the effectiveness of exiting 
teachers. The attrition of high-performing (Highly Effective 
or Effective) teachers reduces teaching quality, with sugges-
tive evidence that student achievement also declines. When 
high-performing teachers leave, teaching skills in that grade 
decline on average by 31 (English language arts) and 45 
(math) IMPACT points—equivalent to 0.75 and 0.96 SDs, 
respectively.14 The effect of high-performing teachers’ exits 
on student achievement is negative but never statistically 
significant. However, when we isolate the effect of turnover 
by the highest rated (Highly Effective) teachers, teaching 
skills decline by more than 1.5 SD, and student achievement 
in reading declines by 0.13 SD (Appendix Table A3). This 
represents more than 2 months of additional learning (Hill 
et al., 2008) and highlights the importance of retaining 
Highly Effective teachers. It likewise raises questions about 
how these teachers can be retained.

When low-performing (Ineffective, Minimally Effective, 
or Developing) teachers leave the classroom, on the other 
hand, we estimate substantial improvements to teaching 
quality and student achievement. Such exits improve teach-
ing quality by more than 50 IMPACT points—equivalent to 
1.1 and 1.4 SDs of IMPACT scores in math and reading, 
respectively. Student achievement improves by 0.11 (math) 
and 0.09 (reading) SDs (Table 1 and Figure 3). The effects of 
low-performing teachers’ exits represent large gains to stu-
dents—an increase in learning of about two months. 
IMPACT is not mechanically responsible for most of these 
exits, as 63% are voluntary. However, IMPACT’s identifica-
tion of low-performing teachers meaningfully increases 
their likelihood of voluntarily exiting, as indicated by Dee 
et al. (2019).
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The losses associated with high-performing teachers’ 
attrition, as well as the gains attributable to low-performing 
teachers’ exit, primarily accrue to students in high-poverty 
schools, as shown in Table 2. The attrition of high-perform-
ing teachers from a high-poverty school results in a reduc-
tion of teaching quality of 1 SD in reading and math (48 and 
35 IMPACT points, respectively). Effects on student 
achievement are negative but not statistically significant. 
Meanwhile, the exit of low-performing teachers from a 
high-poverty school increases teaching quality by well over 
1 SD and student performance by 0.10 (math) and 0.09 
(reading) SDs of student achievement.

Robustness of Results.  We run a series of tests and alter-
native statistical specifications to assess the internal valid-
ity of our estimates. First, if students with different 
background characteristics were systematically assigned 
to turnover classrooms (e.g., if low-performing students 
were assigned to classrooms with teacher turnover), our 
results may not reflect the causal effect of turnover on 
teaching quality and student outcomes. To examine this, 
we replace our outcome variable with student attributes 
(Appendix Table A1). The results indicate that little, if 
any, such sorting is occurring.

A second potential source of endogeneity not directly 
controlled for in our primary specifications would occur if 
there were time-varying changes within the school outside 
of those captured by first differencing. One such example 
would be changes in school leadership, which might influ-
ence both teaching quality and student achievement, in addi-
tion to affecting teacher turnover. Appendix Table A4 
presents results from specifications that control for school 
fixed effects, as well as school-by-year fixed effects. In both 
cases, the estimates are of similar magnitude, though they 
are in some cases underpowered relative to our primary 
specification.

Finally, other concurrent mechanisms at play within a 
school might influence teaching quality and student achieve-
ment outside of turnover within a given school grade–year 
cell. For example, turnover in other grades affecting cross-
grade collaboration within a school could bias our estimates. 
We employ two placebo tests, following Adnot et al. (2017), 
to confirm that such mechanisms are not driving our results. 
In the first test, we replace the independent variable (turn-
over in year t ) with turnover in t +1. These results (Appendix 
Table A5) indicate that turnover in t +1 has no effect on out-
comes in t . In a second test, we add to our analysis a control 
for turnover in an adjacent (i.e., the next higher) grade to see 
if turnover in other grades is predictive of changes in student 
achievement or teaching quality in a given grade year cell, 
and whether turnover effects for that grade year cell differ 
when conditioned on turnover in other grades. The results of 
these tests, which we limit to those grade levels within a 
school that have higher adjacent grades, are consistent with 

the main results and indicate no effects from turnover in 
adjacent grades (see Appendix Table A6).

Summary.  These results support three conclusions. First, 
there are large differences in the effects of losing teachers 
identified by IMPACT as high- versus low-performing. The 
estimated differential effect on teaching quality is more than 
2 SDs, and more than about half a year’s worth of student 
achievement in reading. Second, while no teacher evaluation 
system will perfectly differentiate true teacher effective-
ness,15 IMPACT makes useful distinctions. The estimated 
the differential effects on teaching quality (i.e., IMPACT 
scores) align well with estimated student achievement dif-
ferences. Perhaps more telling, when high-performing teach-
ers leave the classroom, students experience a modest 
negative achievement effect, while low-performing teach-
ers’ exits result in substantially improved student achieve-
ment. We would be concerned if IMPACT rating categories, 
which carry meaningful stakes, did not result in meaningful 
differences in student achievement.16 Finally, the differential 
effects on student outcomes stemming from high- and low-
performing teachers’ exits suggest that the goal of improving 
teaching quality and student achievement is better served by 
retention strategies that target high-performing teachers 
rather than across-the-board retention efforts. We now turn 
to an analysis of the level and nature of teacher turnover in 
DCPS.

Teacher Effectiveness and Teacher Retention

Annual teacher attrition from DCPS averages just under 
20%, with 5-year attrition averaging 57% from 2012–2013 
through 2016–2017 (Figure 1). How should we contextual-
ize this level of turnover? Overall, it is greater than a group 
of urban districts where 1- and 5-year teacher attrition aver-
ages 13% and 43%, respectively (Papay et al., 2017). 
However, given the differential effects of turnover on teach-
ing quality and student achievement (Table 1, Figure 3) in 
DCPS, concern over teacher turnover should be informed by 
the effectiveness of exiting teachers.

The overall DCPS teacher turnover rate masks substan-
tial variation across evaluation ratings (Figure 4). The least 
effective teachers are the most likely to exit in any given 
year. Between 2012–2013 and 2016–2017, attrition among 
Highly Effective teachers (11%) is a fifth as high as attrition 
among Minimally Effective teachers (55%) and less than 
half the rate for those rated Developing (26%). Among 
Highly Effective and Effective teachers—presumably the 
teachers DCPS is most interested in retaining—attrition is 
13%. The differential turnover rates across levels of teacher 
effectiveness in DCPS are larger than have been docu-
mented in other, lower stakes settings (e.g., Feng & Sass, 
2017; Goldhaber et al., 2010; Papay et al., 2017). However, 
given that the distribution of teaching quality in DCPS has 
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improved over time (Dee et al., 2019), the relatively low 
rate of exit within high-performing teachers accounts for a 
meaningful share of overall exits. Slightly less than half 
(46%) of all DCPS attrition is among low-performing teach-
ers during the 2012–2013 through 2016–2017 period. 
Policies that retain these teachers would reduce student 
achievement. However, 54% of DCPS turnover consists of 
high-performing teachers; 19% of DCPS turnover is from 
Highly Effective teachers. Although the turnover rate within 

Highly Effective teaches is relatively low (11%), losing 
these teachers comes at a cost to student achievement 
(Appendix Table A3), and policies should attempt to retain 
these teachers. In this regard, it is helpful to understand the 
reasons teachers cite as important to their exit decisions.

Teachers leave their positions for a variety of personal 
and professional reasons. Figure 5 summarizes the top fac-
tors (teachers can choose up to three) cited by DINR respon-
dents between 2012–2013 and 2016–2017 in their decision 

Figure 3  Effects of teacher turnover on student achievement and teaching quality.
Note. Models include year fixed effects and controls for teacher movement within and across schools. Student achievement estimates additionally control 
for the year-to-year, across-cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, other non-White race/ethnicity, 
limited-English–proficient, special education, or free or reduced-price lunch–eligible. CI = confidence interval.
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Figure 4  Proportion of teachers exiting District of Columbia Public Schools by teacher performance level and school poverty, 
2012–2013 through 2016–2017.
Note. For all years except 2017, a teacher is retained if they taught and received an IMPACT rating in t and were a classroom teacher with an IMPACT rating 
in t + 1 or t + 2. For 2016–2017 teachers, retention includes those who were a classroom teacher with an IMPACT rating in t + 1 (2017–2018).

Figure 5  (continued)
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to exit the district.17 The most commonly cited factor in 
teachers’ decision to leave is relocation from the DC area 
(selected by 37%), followed by IMPACT (27%), school 
leadership (26%), and workload (24%). In contrast to other 

states and districts, teachers who leave DCPS rarely cite 
insufficient resources and inadequate pay; fewer than 5% of 
teachers describe compensation and benefits or the adequacy 
of school supplies as factors in their decision to leave.

Figure 6  Factors identified as one of top three in decision to leave teaching in DCPS, by teacher effectiveness, DINR survey 
responses, 2013-2017.
Note. See note to Figure 5. High-Performing includes Effective and Highly Effective teachers. Low-Performing includes Developing and Minimally Effec-
tive teachers. DCPS = District of Columbia Public Schools; DINR = Declaration of Intent Not to Return.
***p < .001. **p < .01. *p < .05. +p < .10.

Figure 5  Factors identified as one of top three in decision to leave teaching in DCPS, from all exiting teachers’ DINR survey 
responses, 2013-2017, all teachers.
Note. Sample comprises responses to the DINR survey from teachers who gave notice to DCPS that they did not intend to continue teaching. Teachers were 
asked to select and rank up to 3 core factors in their decision to leave DCPS; the same teacher may therefore count toward multiple factors. The sample is 
restricted to exclude respondents who remained teaching in DCPS or whose retention status cannot yet be confirmed (i.e., respondents from the 2017–2018 
academic year). N = 1,737. DCPS = District of Columbia Public Schools; DINR = Declaration of Intent Not to Return.
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Teachers’ reasons for leaving, however, differ by teacher 
performance (Figure 6). High-performing teachers are con-
siderably more likely than low-performing teachers to say 
that they are leaving DCPS because they are relocating out-
side of DC (42% vs. 28%) or for growth and leadership 
opportunities (15% vs. 9%). Low-performing teachers, on 
the other hand, are roughly twice as likely as high-perform-
ing teachers to cite dissatisfaction with school leadership 
(37% vs. 19%) and concerns about behavior management 
(21% vs. 10%). Similarly, low-performing teachers are 
twice as likely as high-performing teachers (38% vs. 19%) 
to indicate that IMPACT was influential in their exit deci-
sions. We explore the relationship between teacher turn-
over and teacher evaluation in greater detail below.

Although teacher evaluation has the potential to 
improve student outcomes, concerns have been raised that 
effective teachers find rigorous, high-stakes teacher evalu-
ation so stressful that it affects their job satisfaction, driv-
ing exits from DCPS (Stein, 2019a, 2019b). This is a 
reasonable concern. Between 2012–2013 and 2016–2017 
IMPACT 23% of exiting Effective teachers and 13% of 
exiting Highly Effective teachers cited IMPACT as one of 
their top three reasons for exiting (available from authors). 
The importance of IMPACT in teacher turnover has, how-
ever, diminished over time (Figure 7). IMPACT was 
named one of the top three factors by 21% of exiting 
Highly Effective teachers in 2013 but only 3% in 2017. 
Effective teachers identify IMPACT as a factor more fre-
quently than Highly Effective teachers but also cite it less 
frequently over time. Even when high-performing (Highly 
Effective and Effective) teachers cited IMPACT as a factor 
in their decision to leave, it was rarely the primary factor. 
In 2017, for example, less than 2% of high-performing 

teachers identified IMPACT as their top-ranked reason for 
leaving DCPS (not shown).

More generally, teachers report favorably on the DCPS 
teacher evaluation system (Figure 8). A majority of all teach-
ers, regardless of performance level, report somewhat to 
strong agreement that expectations for effective teaching are 
clearly defined at their schools (80%), that they know (90%) 
and agree with (69%) the performance criteria, that ratings 
are accurate reflections of their effectiveness (65%), and that 
evaluation helps them identify strengths and weaknesses 
(69%). There is, however, heterogeneity in these views. 
High-performing teachers demonstrate considerably higher 
agreement with the validity of these ratings than do low-
performing teachers. Highly Effective teachers, whose buy-
in might be critical for their retention, have high rates of 
agreement with the usefulness of the evaluation process for 
identifying their strengths and weaknesses (76%), largely 
agree that evaluation ratings are accurate reflections of their 
teaching effectiveness (78%), and agree with the criteria 
used to evaluate their performance (78%). Highly Effective 
teachers, whose teaching is most critical to the success of 
students, generally support IMPACT.

Discussion

Teacher turnover is much discussed by policymakers, 
researchers, and the popular media. These discussions usually 
present retention as unambiguously positive. However, a good 
portion of teacher turnover in DCPS works to the advantage 
of students, resulting in small improvements overall to student 
achievement in math and teacher quality in reading. These net 
positive effects can be explained by differential rates of turn-
over across levels of teaching quality and the ability of DCPS 

Figure 7  Share of effective and highly effective teachers defining IMPACT as one of the top three factors in their decision to leave 
teaching in District of Columbia Public Schools, by year.
Note. See note to Figure 3.
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Figure 8  Teachers views on teacher evaluation, by performance level.
Note. Sample comprises responses to The New Teacher Project Insight survey from all teachers rated Minimally Effective through Highly Effective 
between 2015–2016 and 2017–2018. Each item is answered on a 6-point Likert-type scale ranging from strongly disagree to strongly agree. N = 4,823 
unique teachers.

to hire from a relatively effective pool of replacements. Forty-
six percent of teacher turnover from 2012–2013 through 
2016–2017 was by teachers rated by IMPACT as Ineffective, 
Minimally Effective, or Developing. On average, when these 
teachers leave, they are replaced by teachers whose higher 
effectiveness leads to grade-level IMPACT scores that are 
almost an SD higher and additional student learning equiva-
lent to about 2 months more in math or reading each year. As 
our results evidence, DCPS hires relatively effective replace-
ment teachers. This is crucial and may not be the case in some 
other teacher labor markets.

However, our analysis also shows that Highly Effective 
teachers’ exits—which account for 20% of all turnover in 
DCPS—can be costly to students. When such teachers 
exit, they are typically replaced by teachers whose 
IMPACT scores are about 1.5 SDs worse; in reading, this 
leads to a reduction in student learning of about 2 months. 
This places a premium on understanding why these teach-
ers leave and developing policies and practices to moder-
ate the losses. Although anecdotal concerns have been 
raised that IMPACT might drive teachers out of DCPS 
(see, e.g., Stein, 2019b), DCPS’s best teachers hold 
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positive views of IMPACT and infrequently cite it as a 
reason for leaving; over a 5-year period, about 13% of 
exiting Highly Effective teachers cited IMPACT as among 
their top three reasons for leaving DCPS, and that number 
has declined substantially over time. Far fewer of these 
teachers rank IMPACT as the primary factor in their deci-
sion to leave (15% overall, 2% of exiting Highly Effective 
teachers). Additionally, of the factors within DCPS’s 
grasp, Highly Effective teachers cite workload (25%), 
school leadership (18%), and opportunities for growth/
leadership (15%) most frequently.

IMPACT is at an important juncture. The DC City Council 
has discussed legislation that could subject IMPACT to col-
lective bargaining (Stein, 2019a), and DCPS Chancellor 
Lewis Ferebee announced recently that he is conducting a 
review of IMPACT to explore modifications that would 
improve teacher evaluation in DCPS (Stein, 2019b). This 
article, with Dee et al. (2019), shows that teaching and learn-
ing gains resulting from teacher evaluation can be sustained 
once these systems mature, even in the face of transitions in 
leadership, meaningful design modifications, implementa-
tion fatigue, competing priorities, and pressure from stake-
holders. Nonetheless, about a quarter of Highly Effective 
teachers have concerns over the ability of IMPACT to reflect 
their effectiveness and identify their strengths and weak-
nesses, indicating room for improvement on measures of 
effectiveness. Although some aspects of IMPACT work 

well, it is likely that changes to IMPACT can at least par-
tially address concerns of key stakeholders without jeopar-
dizing these benefits.

What might the next phase of improvement look like? 
Improving performance measures to better align with policy 
goals is an ongoing process. Are there other or better measures? 
Evaluation tools are still being refined to improve their validity 
and reliability as measures of teaching quality and effective-
ness. For example, are there ways to improve the reliability of 
teacher observations? Understanding which elements of the 
evaluation process are crucial to improving teaching quality of 
requires more research; one important and unanswered ques-
tion, for example, is whether high stakes are necessary.

Given the unquestioned importance of effective teaching 
for student outcomes, teacher evaluation should focus on 
how best to identify teachers’ effectiveness, and when weak-
nesses are identified, how best to support teachers’ improve-
ment. In a small percentage of cases, it may be necessary to 
dismiss teachers whose performance is sufficiently costly to 
students. Finally, this article demonstrates that evaluation 
might be employed more deliberately to retain high-per-
forming teachers. This could include providing high-per-
forming teachers with increased professional opportunities 
that leverage their skills—such as mentorship of other teach-
ers (Papay et al., 2020)—and with direct communication 
about their value to the school, what can be done to retain 
them, and how to make better use of their skills.

Appendix A

Table A1
Effect of Teacher Turnover on Changes in Student Demographics

Δ Black Δ Hispanic Δ Other race Δ FRPL Δ SpEd Δ LEP

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

  Math

All exits 0.013 
(0.009)

0.002 
(0.007)

−0.001 
(0.009)

0.003 
(0.008)

−0.006 
(0.008)

0.007† 
(0.004)

 

High-performer exits 0.007 
(0.013)

0.007 
(0.009)

−0.011 
(0.009)

−0.003 
(0.010)

−0.003 
(0.009)

0.008 
(0.006)

Low-performer exits 0.019† 
(0.011)

−0.003 
(0.008)

0.008 
(0.013)

0.007 
(0.010)

−0.009 
(0.010)

0.006† 
(0.003)

Observations 870 870 870 870 870 870 870 870 870 870 870 870

Reading

All exits 0.020* 
(0.009)

−0.005 
(0.006)

−0.001 
(0.011)

0.001 
(0.008)

−0.012 
(0.008)

0.003 
(0.004)

 

High-performer exits 0.010 
(0.012)

−0.001 
(0.010)

−0.016 
(0.014)

−0.004 
(0.010)

−0.010 
(0.011)

0.001 
(0.005)

Low-performer exits 0.030** 
(0.012)

−0.009 
(0.007)

0.013 
(0.012)

0.005 
(0.010)

−0.014 
(0.008)

0.006 
(0.005)

Observations 840 840 840 840 840 840 840 840 840 840 840 840

Note. Models include year fixed effects and controls for teacher movement within and across schools. Robust standard errors (in parentheses) are clustered at 
the school grade level. Pretreatment (i.e., exit) years span 2012–2013 through 2016–2017. FRPL = free or reduced-price lunch; SpEd = special education; 
LEP = limited-English–proficient.
***p < .001. **p < .01. *p < .05. †p < .10.
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Table A2
Sample Characteristics, 2012–2013 Through 2016–2017

All DCPS teachers Exiting teachers

 

All

By school poverty

All

By school poverty

DINR respondents  High Low High Low

n 18,397 14,405 3,992 3,374 2,767 607 1,737
IMPACT score 324 318 344 294 287 327 304***
High-performing 0.76 0.73 0.90 0.54 0.48 0.77 0.60***
Group 1 0.15 0.15 0.17 0.18 0.17 0.21 0.19
Gender
  Female 0.75 0.75 0.76 0.70 0.69 0.73 0.73***
  Missing 0.01 0.01 0.01 0.06 0.06 0.05 0.06
Race/ethnicity
  Black 0.50 0.56 0.27 0.44 0.48 0.24 0.33***
  Hispanic 0.05 0.05 0.05 0.05 0.05 0.06 0.06*
  White 0.32 0.26 0.57 0.29 0.24 0.52 0.38***
  Other 0.04 0.04 0.05 0.04 0.03 0.05 0.04*
  Missing 0.08 0.09 0.06 0.18 0.19 0.13 0.19
Education
  Graduate degree 0.71 0.70 0.75 0.62 0.61 0.67 0.61
  Missing 0.02 0.02 0.01 0.09 0.10 0.07 0.06***
Years of experience
  0 0.07 0.07 0.05 0.06 0.07 0.04 0.06
  1-3 0.21 0.21 0.20 0.27 0.27 0.27 0.34***
  4-8 0.25 0.24 0.29 0.25 0.23 0.35 0.26
  ≥9 0.47 0.48 0.45 0.39 0.40 0.34 0.33***
  Missing 0.01 0.01 0.00 0.03 0.03 0.00 0.02**
School type
  Education campus 0.20 0.23 0.09 0.21 0.23 0.09 0.20
  Elementary school 0.48 0.45 0.58 0.43 0.40 0.54 0.45**
  Middle school 0.10 0.10 0.11 0.13 0.12 0.15 0.15***
  High school 0.18 0.18 0.19 0.20 0.20 0.18 0.18*
  Other 0.03 0.03 0.03 0.04 0.04 0.04 0.01***

Note. Group 1 teachers are those who teach tested grades and subjects. Schools in the “other” category include special programs, STAY schools, which serve 
students 16 or older, and special-education schools. High-performing teachers are those rated Effective or Highly Effective. DCPS = District of Columbia 
Public Schools; DINR = Declaration of Intent Not to Return.
***p < .001. **p < .01. *p < .05. †p < .10. Difference between DINR respondents and all DCPS exiters.

Table A3
Effect of Teacher Turnover on IMPACT Scores and Student Achievement, by Rating

Math Reading

  (1) IMPACT (2) Student (1) IMPACT (2) Student

Highly Effective exits −77.33*** (10.98) 0.002 (0.050) −67.96*** (10.52) −0.133*** (0.042)
Effective exits −34.11*** (7.40) −0.037 (0.038) −25.98*** (6.69) 0.001 (0.028)
Student controls X X
Observations 870 870 840 840

Note. Models include year fixed effects and controls for teacher movement within and across schools. Student controls account for the year-to-year, across-
cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, other non-White race/ethnicity, limited-English–proficient, 
special education, or free or reduced-price lunch–eligible. Robust standard errors (in parentheses) are clustered at the school grade level. Pretreatment (i.e., 
exit) years span 2012–2013 through 2016–2017. Models also include controls for low-performing teacher exits.
***p < .001. **p < .01. *p < .05. †p < .10.
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Table A4
Effect of Teacher Turnover on IMPACT Scores and Student Achievement, Conditional on School Fixed Effects

IMPACT score Student achievement

  (1) (2) (3) (4) (1) (2) (3) (4)

  Math

All exits 6.87
(6.60)

9.66**
(8.07)

0.059†

(0.03)
0.055**

(0.034)
 

High-performer exits −44.45***
(7.90)

−39.95***
(10.03)

−0.005
(0.04)

−0.019
(0.037)

Low-performer exits 55.67***
(8.19)

55.69***
(9.74)

0.124***
(0.041)

0.129***
(0.048)

Student controls X X X X
School fixed effect X X X X  
School-by-year fixed effect X X X X
Observations 870 870 870 870 870 870 870 870

  Reading

All exits 17.85***
(6.87)

13.57**
(7.58)

0.034
(0.026)

0.051**
(0.031)

 

High-performer exits −30.52***
(6.87)

−26.82***
(8.00)

−0.027
(0.027)

0.026
(0.034)

Low-performer exits 65.24***
(7.44)

52.74***
(7.21)

0.095**
(0.038)

0.076
(0.050)

Student controls X X X X
School fixed effect X X X X  
School-by-year fixed effect X X X X
Observations 840 840 840 840 840 840 840 840

Note. Models include year fixed effects and controls for teacher movement within and across schools. Student controls account for the year-to-year, across-
cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, other non-White race/ethnicity, limited-English–proficient, 
special education, or free or reduced-price lunch–eligible. Robust standard errors (in parentheses) are clustered at the school grade level. Pretreatment (i.e., 
exit) years span 2012–2013 through 2016–2017.
***p < .001. **p < .01. *p < .05. †p < .10.

Table A5
Effect of Next-Year Teacher Turnover on IMPACT Scores and Student Achievement

Math Reading

 
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement

All exits 3.84
(6.53)

−0.050
(0.032)

0.04
(6.18)

0.011
(0.029)

 

High-performer exits −0.37
(7.51)

−0.081*
(0.037)

−2.76
(7.56)

0.063
(0.041)

Low-performer exits 9.62
(9.59)

−0.007
(0.046)

2.83
(8.29)

−0.040
(0.030)

Student controls X X X X
Observations 696 696 696 696 672 672 672 672

Note. Models include year fixed effects and controls for next-year teacher movement within and across schools. Student controls account for the year-to-year, 
across-cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, other non-White race/ethnicity, limited-English–
proficient, special education, or free or reduced-price lunch–eligible. Robust standard errors (in parentheses) are clustered at the school grade level. Pretreat-
ment (i.e., exit) years span 2012–2013 through 2015–2016, as next-year turnover is not available for 2016–2017.
***p < .001. **p < .01. *p < .05. †p < .10.
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Notes

1. For recent summaries, see Simon and Johnson (2015), Kraft 
et al. (2016), and Papay et al. (2017).

2. For more details on the context and development of IMPACT, 
see Toch (2018).

3. IMPACT’s classroom observation scores are correlated with 
teachers’ value-added at 0.30 (Meyer, 2016). We also estimate that 
lagged IMPACT scores are predictive of current-year effects on 
student achievement, with correlations of approximately 0.30 in 
both subjects. These associations are comparable to other studies 
of teacher evaluation measures (e.g., Bell et al., 2012; Gill et al., 
2016; Kane et al., 2013; Milanowski, 2004; Whitehurst et al., 
2014).

4. This discussion draws directly on that presented in Adnot 
et al. (2017).

5. We follow the same dataset construction procedures as Adnot 
et al. (2017), creating unique datasets for math and reading. For a 
detailed description of these procedures, please refer to the online 
appendix to Adnot et al. (2017), available at https://journals.sage-
pub.com/doi/suppl/10.3102/0162373716663646.

6. Note that we are unable to link teachers to individual 
classrooms.

7. Changes in teaching quality and the share of exiting teachers 
are weighted by the share of students taught. These weights are 
employed so that point estimates can be interpreted in terms of the 
magnitude of turnover effects for the average student. There is a 
debate whether to control for student attributes when examining 
measures of teacher quality (e.g., Whitehurst et al., 2014; Steinberg 
& Garrett, 2016; Campbell & Ronfeldt, 2018). IMPACT includes 
controls for student characteristics in its value-added scores, but 
not for teacher observations. Because this is DCPS’s measure of 
teacher quality, we do not include these controls in our main esti-
mates; however, estimates from models that include these (avail-
able upon request) are nearly identical to results from models 
omitting student characteristics.

8. Every school-based DCPS employee receives an IMPACT score, 
regardless of role or tenure. For a brief overview of these measures and 
IMPACT’s design, see Dee et al. (2019). Detailed descriptions are also 
available on DCPS’s website at https://dcps.dc.gov/page/impact-dcps-
evaluation-and-feedback-system-school-based-personnel.

9. We standardize test scores within subject, grade, and year, 
and then residualize for student characteristics such as race, pov-
erty status, and special education status. Through 2013–2014, the 
test used in DCPS was the DC CAS; in 2014–2015 DCPS transi-
tioned to the PARCC exam.

10. Dividing i from Equation 2a by ′γt  from Equation 2b approx-
imates the Wald estimator, which represents the change in student 
achievement due to changes in teacher quality that result from 
teacher turnover.

11. All DCPS teachers present long enough in the school year 
to receive at least one classroom observation score receive an 
IMPACT score. Our focus is on classroom teachers, so someone 
who is a teacher in t but remains in DCPS in another capacity in 

Table A6
Effect of Next-Grade Teacher Turnover on IMPACT Scores and Student Achievement

Math Reading

 
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement
(1) IMPACT 

score
(2) Student 

achievement
(3) IMPACT 

score
(4) Student 

achievement

All exits, current grade 7.36
(7.36)

0.067**
(0.033)

9.13
(7.57)

0.072**
(0.032)

17.50*
(7.64)

0.012**
(0.026)

16.92*
(7.78)

0.013**
(0.026)

All exits, next grade −8.78
(5.87)

−0.027
(0.024)

2.79
(7.22)

−0.001
(0.027)

Student controls X X X X
Observations 551 551 551 551 500 500 500 500

Note. Models include year fixed effects and controls for teacher movement within and across schools, for the subsample of nonterminal school grade–year 
cells. Student controls account for the year-to-year, across-cohort change in the percentage of students in a school grade–year cell who are Black, Hispanic, 
other non-White race/ethnicity, limited-English–proficient, special education, or free or reduced-price lunch–eligible. Robust standard errors (in parentheses) 
are clustered at the school grade level. Pretreatment (i.e., exit) years span 2012–2013 through 2016–2017.
***p < .001. **p < .01. *p < .05. †p < .10.

https://orcid.org/0000-0001-6765-2642
https://journals.sagepub.com/doi/suppl/10.3102/0162373716663646
https://journals.sagepub.com/doi/suppl/10.3102/0162373716663646
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t +1 is considered as having exited. Teachers absent from a teach-
ing role for more than 2 years are defined as having exited.

12. We present survey results for the full sample of respondents, 
though the subset of teachers in tested grades and subjects who 
comprise the analytic sample for the preceding analysis rank fac-
tors similarly to general education teachers broadly.

13. Those who leave the district before the subsequent school year 
and have not completed the DINR by April 3 will be fined $1,000.

14. One standard deviation of IMPACT for the analytic samples 
is equal to 46.7 points (math) and 40.9 points (English language arts).

15. All measurement systems suffer some degree of measure-
ment error. Even a multimeasure system like IMPACT may not 
accurately capture all dimensions of effective teaching. Ultimately, 
we want such systems to be as correlated with true effectiveness as 
possible. That said, even an imperfect system that yields gains for 
students over the long run will be preferable to no system.

16. In addition, we test this mechanism by adding changes in 
teaching quality to our regressions estimating effects on student 
achievement (not shown). Indeed, the inclusion of changes in 
teaching IMPACT scores explains much of the variation in turn-
over effects on student achievement—for both subjects and turn-
over overall, as well as for high- versus low-performing exits.

17. We use Insight survey responses to test whether our DINR 
findings are robust to a separate survey instrument, and we find 
that teachers cite the same exit factors at comparable rates on both 
surveys (not shown).
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