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Abstract
Districts nationwide have revised their educator evaluation systems, increasing the frequency with
which administrators observe and evaluate teacher instruction. Yet, limited insight exists on the
role of evaluator feedback for instructional improvement. Relying on unique observation-level
data, we examine the alignment between evaluator and teacher assessments of teacher instruction
and the potential consequences for teacher productivity and mobility. We show that teachers and
evaluators typically rate teacher performance similarly during classroom observations, but with
significant variability in teacher-evaluator ratings. While teacher performance improves across
multiple classroom observations, evaluator ratings likely overstate productivity improvements
among the lowest-performing teachers. Evaluators, but not teachers, systematically rate teacher
performance lower in classrooms serving higher concentrations of economically disadvantaged
students. And while teacher performance improves when evaluators provide more critical feedback
about teacher instruction, teachers receiving critical feedback may seek alternative teaching
assignments in schools with less critical evaluation settings. We discuss the implications of these
findings for the design, implementation and impact of educator evaluation systems.

Keywords: Education policy; educator evaluation; performance feedback; school/teacher
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Introduction
Since 2010, districts nationwide have revised their approaches to evaluating teacher
performance. Recently revised systems of teacher evaluation have not only strengthened the
accountability function of evaluation by linking high-stakes consequences (e.g., remediation
plans and tenure revocation) to teacher performance ratings, but have also addressed the
developmental function of evaluation by increasing the frequency with which teachers’
instructional practices are observed and evaluated by their school administrators (Steinberg &
Donaldson, 2016). Classroom observations, which account for the overwhelming share of a
teacher’s summative performance rating in these systems, afford school administrators greater
opportunity to formatively assess and provide feedback to teachers about their instructional
performance. Prior evidence from Chicago and Cincinnati finds that frequent observation and
feedback of teacher practice can improve student performance (Steinberg & Sartain 2015; Taylor
& Tyler 2012). Yet, more recent evidence from Tennessee, Missouri, and state-level analyses
have found limited effects of teacher evaluation reform on student achievement (Bleiberg et al.,
2021; Hunter & Bowser, 2021; Hunter & Springer, 2022). And, while existing evidence suggests
that school administators play a critical role in the implementation and impact of educator
evaluation systems, there is limited evidence on the role of evaluator feedback for improving
teacher instructional performance in the context of observation-based systems of teacher
evaluation.
In this paper, we provide needed empirical insight into the role of evaluator feedback for
instructional improvement by examining a critical aspect of teacher evaluation systems –
whether expectations about and assessments of teacher instructional performance are aligned
between school administrators and teachers (Church et al., 2019; Hunter, 2021). We examine the
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extent to which teachers and their evaluators similarly rate teacher instructional performance
during classroom observations and the implications of the potential divergence in these ratings
for teacher performance and productivity. We address the following questions: (1) Do teachers
and evaluators similary rate teacher instructional performance? (2) What explains the observed
differences in teacher and evaluator ratings of teacher performance? (3) What are the
consequences of differences in teacher and evaluator ratings on teacher productivity and
mobility? Indeed, if teachers and evaluators are more similar, or concordant, in their beliefs
about a teacher’s instructional performance, then teachers may be more likely to incorporate
evaluator feedback into their instructional practices (Atwater et al., 1998; Long, 2019). Yet, if
teachers overrate their own performance relative to their evaluators, then teachers may resist
evaluator feedback and therefore be less likely to implement feedback recommendations and
update their instructional practices (Atwater et al., 1998; Conrad & Hackmann, 2020). In
contrast, if teachers underrate their performance relative to their evaluators, then they may be
less likely to pursue instructional improvement (Atwater et al., 1998).
To address these questions, we rely on unique administrative data from a large urban
school district located in the Southern United States on the performance evaluations of educators
collected by the district’s central office. Like nearly every school district in the United States,
teachers in this district are evaluated by school administrators during at least one formal
classroom observation of their instructional performance. Unlike any other evaluation setting (to
our knowledge), this district also expects teachers to submit a self-assessment of their
instructional performance after each observation. Relying on observation-level ratings of teacher
performance from both teachers and their evaluators, we first examine the magnitude,
distribution and within-year patterns of classroom observation scores. We pay particular
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attention to score discordance – the difference between evaluator and teacher self-assessment
scores – and the extent of critical feedback in cases where evaluators rate teacher instructional
performance lower than teachers’ own self-assessments. We then examine the classroom-level
predictors of classroom observation scores and score discordance. Indeed, given prior evidence
that the composition of a teacher’s classroom explains meaningful differences in teacher
performance ratings during classroom observations (Campbell & Ronfeldt, 2018; Steinberg &
Garrett, 2016; Steinberg & Sartain, 2021; Whitehurst et al., 2014), we focus on the extent to
which the economic and performance characteristics of a teacher’s students explain differences
in teacher and evaluator assessments of teacher performance. We then examine if discordance in
classroom observation scores – and the extent to which evaluators rate teacher performance more
critically than do teacher self-assessments – is related to teacher productivity and patterns of
post-observation teacher mobility. Notably, our study overcomes limitations in prior work where
only evaluator scores were available (Cherasaro et al., 2016; Hunter & Springer, 2022; Kraft &
Christian, 2021) by incorporating both evaluator and teacher assessments of teacher performance
into a policy-relevant measure of performance feedback.
We find that, on average, teachers and their evaluators rate teacher performance similarly
during classroom observations; yet, there is significant variability in the discordance of teacherevaluator ratings. We further find that teacher performance improves across multiple within-year
classroom observations, reflected by ratings from both teachers and their evaluators. However,
while the rates of growth in teacher self-assessments are homogenous across teachers receiving
different numbers of annual classroom observations, evaluator scores exhibit higher growth rates
for teachers receiving more annual observations, suggesting that evaluators provide increasingly
more positive feedback about teacher performance to the lowest-performing teachers (i.e., those
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who receive the most annual observations). We also show that evaluators likely inflate the fourth
(and final) observation score for the lowest-performing teachers, evidence consistent with
interviews with school principals suggesting that school leaders (i.e., evaluators) may
intentionally overstate the evaluation ratings of teachers to avoid the time and effort associated
with removing and replacing the lowest-performing teachers (Kraft & Gilmour, 2016a).
Notably, we also find that teachers teaching greater concentrations of economically
disadvantaged students receive, on average, more critical feedback from their evaluators about
their instructional performance than teachers in classrooms with fewer economically
disadvantaged students. This finding is consistent with prior evidence that evaluators rate
classroom observations lower for teachers whose students are lower-achieving, more nonwhite
and more economically disadvantaged (Campbell & Ronfeldt, 2018; Steinberg & Garrett, 2016).
However, we extend this prior work by showing that teachers themselves, unlike their evaluators,
do not differently rate their instructional performance when teaching more academically and
economically disadvantaged students. Thus, we show that evaluator bias may be an important
source of discordance in teacher and evaluator ratings in the context of the classroom observation
process.
Finally, when teachers receive more critical feedback about their instructional
performance from their evaluators, their instructional performance – as measured by evaluator
ratings during subsequent classroom observations – improves, and these improvements in teacher
productivity are also reflected in improvements in a teacher’s contribution to student
achievement growth. At the same time, teachers who receive more critical feedback from their
evaluators may also seek alternative teaching assignments in schools where administrators
provide less critical feedback as part of the teacher evaluation process.
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Taken together, these findings suggest that teachers and their evaluators typically view
(and rate) teacher instructional performance similary. Yet, when teacher and evaluator scores
diverge and evaluators provide more critical assessments of teacher performance, teachers have
the opportunity to incorporate this critical feedback into their instructional performance. In these
cases, we find that critical feedback from evaluators is related to not only improvements in
teacher practice, but also improvements in a teacher’s contribution to student learning. And even
though many school leaders may wish to avoid complicated conversations with their educators
about areas for instructional improvement, our findings indicate that these conversations can
have important implications for the productivity of a school’s teachers and the academic
performance of a school’s students. In this way, the provision of critical feedback to educators
can support the developmental goals of performance evaluation.
Background and Related Literature
We draw on research within and beyond K-12 education settings to conceptualize the
potential discordance in performance evaluation ratings between teachers and their evaluators.
Performance management and education scholars have identified three domains which shape
how performance feedback might improve employee productivity. First, the policy and
organizational context – including organizational culture and climate – may influence how
performance feedback affects employee performance (Levy & Williams, 2004; Pichler, 2012).
For example, a school espousing a culture of continuous professional learning may implement a
very different teacher evaluation system than a school without such a culture (Marsh et al.,
2017). Second, the potential for evaluator feedback to improve employee performance likely
depends on the evaluator’s human capital (Donaldson & Firestone, 2021; Levy & Williams,
2004; London & Smither, 2002). Prior work suggests that the accuracy of evaluator scoring
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(Kluger & DeNisi, 1996; Levy & Williams, 2004), the type of performance feedback provided
(Hattie & Timperley, 2016; Hunter & Springer, 2022; Kraft & Christian, 2021), and evaluator
affectations during evaluation conferences where performance feedback is provided may
influence the extent to which feedback improves performance (Donaldson, 2021; Donaldson &
Firestone, 2021; Glickman et al., 2018; Levy & Williams, 2004). Third, evaluators might provide
detailed performance feedback in organizations that support employee development but
employees may still react to the feedback negatively and unproductively (Conrad & Hackmann,
2020; Levy & Williams, 2004; London & Smither, 2002). Although employees’ responses to
feedback (and, specifically, critical feedback) may depend on several psychological factors,
scholars subsume these factors under “feedback orientation” – an employee’s receptivity to
feedback and the extent to which the employee welcomes performance-enhancing guidance
(London & Smither, 2002; Quintelier et al., 2020a, 2020b). Our study focuses on an
underexamined yet conceptually critical aspect of teacher performance feedback - the
discordance between evaluator and teacher assessments of the teacher’s instructional
performance.
To what extent might there be discordance in evaluator and teacher ratings, and what
might be the direction of this discordance? A substantial body of theoretical and empirical
research suggests that teacher self-assessessments of their performance will aim to preserve their
self-image, suggesting that self-assessments may exceed evaluator scores, on average (Atwater et
al., 1998). Indeed, a meta-analysis of more than 100 psychological studies concludes that selfassessments tend to surpass evaluator scores (Heidemeier & Moser, 2009). Yet, prior studies in
K-12 school contexts consistently find that evaluators rate teacher performance highly, with little
variability in the summative annual ratings that teachers receive (Grissom & Loeb, 2017; Kraft
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& Gilmour, 2016b; Weisberg et al., 2009). Further evidence indicates that evaluators, most of
whom are principals, may issue high teacher performance ratings to avoid what they perceive to
be the onerous process of dismissing low performers or the time and effort needed to create and
monitor teacher improvement plans (Kraft & Gilmour, 2016a; Rodriguez & Hunter, 2021).
Consequently, evaluators might also rate teacher performance in ways that they believe will
surpass teacher expectations (i.e., self-assessments) to avoid conflicts with teachers that follow
the issuance of low performance scores (Donaldson, 2021; Halverson et al., 2004; Kraft &
Gilmour, 2016a). To our knowledge, the only empirical research describing the differences in
performance ratings between evaluators and teachers suggests that self-assessments and
evaluator scores are similar, on average (Hunter, 2021). However, Hunter (2021) compared
latent constructs of teacher performance; our study extends the literature by investigating the
magnitude and variability of teacher-observation-year discordance in performance ratings.
To the extent that teacher self-assessments and evaluator ratings differ, the discordance in
ratings may also reflect differences in the classroom settings in which teachers teach. Indeed,
prior evidence shows that teachers teaching classes with higher proportions of historically lowerachieving, economically disadvantaged, or nonwhite students receive lower performance ratings
from their evaluators (Campbell & Ronfeldt, 2018; Steinberg & Garrett, 2016). 1 When teacher
self assessment scores and evaluator scores similarly reflect differences in teachers’ classroom
settings, there should be little (to no) discordance in these ratings. However, if differences in
classroom settings do not influence teacher self-assessments, these characteristics would explain,
in part, the discordance in teacher self-assessments and evaluator ratings. To our knowledge, no

Although other work examines whether teacher, evaluator, or system characteristics bias evaluator scores
(Campbell & Ronfeldt, 2018; Grissom & Bartanen, 2022; Hunter, 2020; Steinberg & Sartain, 2021), we focus on
classroom characteristics.
1
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research has yet examined the relationships between classroom characteristics and teacher selfassessments. Without such evidence, we have little insight into whether evaluator ratings of
teachers in different classroom environments introduce bias into the evaluation process, or
instead reflect agreed-upon differences in teacher performance ratings between teachers and their
evaluators.
In addition to the predictors of discordance in teacher and evaluator ratings, evidence
suggests that the consequences of discordance depend on its direction. If evaluator scores exceed
self-assessments, which we characterize as positive feedback from evaluators, teachers may
respond by maintaining or reducing their performance effort while satisfying evaluator
performance expectations (Atwater et al., 1998; Carver & Scheier, 1982). Positive feedback from
evaluators may also prompt teachers to remain in their school to continue receiving praise, which
may elevate their self-image (Alicke & Sedikides, 2009; Church et al., 2019; Kluger & DeNisi,
1996; Vohra & Singh, 2005). While the consequences of positive feedback are relatively
straightforward, the effects of critical feedback from evaluators – cases where teacher selfassessment scores are higher than evaluator scores – are not. Critical feedback from evaluators
might motivate teachers to improve because they learn that they are performing below evaluator
expectations (Carver & Scheier, 1982; Locke & Latham, 2002). Additionally, critical feedback
may improve teaching directly by offering actionable next steps that teachers can follow to
achieve those goals by, for example, recommending instructional strategies and areas for
instructional imrpovements (Hunter & Springer, 2022; Kraft & Christian, 2021; Levy &
Williams, 2004). Evaluators might also point teachers to specific professional learning
opportunities, such as peer coaching or workshops, to improve their instructional performance
(Hunter & Springer, 2022; Kraft & Christian, 2021).
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At the same time, critical feedback from evaluators may prompt negative teacher
reactions, leading to unintended adverse effects (Locke & Latham, 2002; London & Smither,
2002). Teachers may respond to critical feedback from evaluators with disbelief or distrust –
teachers may view the lower evaluator ratings as unfair or untrue – inducing adverse reactions to
feedback recommendations that may be counterproductive to instructional improvements (Ford
et al., 2017; London & Smither, 2002; Quintelier et al., 2020a, 2020b). Alternatively, teachers
may accept relatively lower evaluator ratings as valid and fair performance assessments. In such
cases, if evaluator ratings are substantially lower than teacher self-assessments, this may raise
questions in the teacher’s mind as to whether they can realistically reach performance
expectations, casting doubt on the likelihood that their efforts will result in better performance,
which may lead them to abandon improvement efforts (Alicke & Sedikides, 2009; Carver &
Scheier, 1982; Church et al., 2019; Hunter, 2022; Kluger & DeNisi, 1996; Vohra & Singh,
2005). And since critical feedback from evaluators may negatively affect teacher self-image
(Atwater et al., 1998), it may also cause teachers to seek out schools where evaluators provide
more positive (i.e., less critical) feedback.
Study Setting
The setting for this study is a large urban school district located in the Southern United
States. In this study, we rely on unique administrative data on the performance evaluations of
educators collected by the district’s central office. Annually, teachers in this district are
evaluated during at least one formal classroom observation of their instructional performance
(hereafter referred to as observations). The number of annual observations a teacher receives is
based on their prior-year compositive effectiveness score and current-year certification status
(i.e., whether the teacher is an Apprentice who has taught for less than four years or a
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Professional who has taught for four or more years). State- and district-specific policies stipulate
that a structured post-observation conference between teachers and their evaluators should
follow every formal observation. Notably, the district expects teachers to submit a selfassessment of their instructional performance after each observation and input their selfassessment scores into the district’s central data management system prior to the postobservation conference with their evaluators. During these post-observation conferences, the
district expects evaluators and teachers to refer to and discuss both the evaluator scores of the
teacher’s instructional performance as well as the teacher’s self-assessment scores.
Classroom Observation System
Beginning in the 2011-12 school year, the district implemented a revised classroom
observation system for teacher evaluation. However, the requirement that teachers submit a selfassessment of their instructional performance did not begin until the 2016-17 school year, and
teacher self-assessment scores were not recorded in the district’s central data system until the
2017-18 school year. Thus, this analysis relies on teacher self-assessment data from the 2017-18
and 2018-19 school years. To evaluate teacher instructional performance, both evaluators and
teachers rely on a classroom observation rubric resembling Danielson’s Framework for
Teaching, which includes three evaluation domains: instruction (12 rubric items, or indicators);
classroom environment (four indicators); and planning (three indicators) (see Appendix A for
more detail on the classroom observation rubric). Each indicator describes specific aspects of
standards-based teaching that are mapped onto three proficiency levels: below expectations (=1);
at expectations (=3); and above expectations (=5). If evaluators believe the preponderance of
evidence is between a 1 and 3, they are advised to issue a 2; similar logic applies to scores of 4.
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Training, Certification, and Accountability. Evaluators receive two days of training on
the use of the evaluation rubric, facilitating post-observation conferences with teachers, basic
knowledge of state evaluation policy, and evaluation-informed teacher improvement planning.
This training culminates in a certification exam participants must pass in order to conduct
classroom observations. Certified evaluators need not be principals or assistant principals;
however, less than 20% of study district evaluators are not school-based (i.e., district central
office personnel). State policy holds evaluators accountable in two ways. First, teachers can file
formal grievances if evaluators do not follow policy expectations (e.g., if teachers do not receive
a copy of their observation scores). Second, the state evaluation system also assesses school
administrators’ teacher evaluation and professional learning skills (see Grissom et al., 2018 for
further explanation of the evaluator evaluation system). Although teachers do not participate in
formal evaluator training, the study district encourages schools to hold norming sessions during
which evaluators and teachers discuss the meaning of the performance rubric to develop a
common understanding about how to use it when assessing teacher performance.
Ratings Process. State policy dictates that teachers are annually assigned between one
classroom observation – to teachers receiving the highest prior-year composite effectiveness
score – and four classroom observations – to teachers with the lowest prior-year composite
effectiveness score. Teachers in the middle effectiveness categories are assigned four or two
observations depending on their certification status, which is effectively determined by years of
experience. Although state policy expects the typical classroom observation to last
approximately 15 minutes, evidence suggests that observations typically last 30 minutes (Hunter,
2020). School administrators decide which evaluators observe which teachers; prior evidence
indicates that administrators assign evaluators nonrandomly and strategically (Hunter &
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Rodriguez, 2021). Hunter and Rodriguez (2021) find that in schools with multiple evaluators,
those spending less time per observation conduct more observations than their less efficient
peers; evaluators with more experience conducting observations also conduct more observations
than their peers. Evaluators may either announce the timing of classroom observations to
teachers in advance, or may decide to observe a teacher’s classroom instruction unannounced.
Although a structured, face-to-face post-observation conference follows every classroom
observation, pre-observation conferences only occur for announced observations. Moreover,
state policy dictates that post-observation conferences should occur less than one week after the
observation.
The timing of score entry into the district’s central data management system is clear for
teachers but ambiguous for evaluators. Teachers enter self-assessment scores into the data
management system after the observation but prior to their post-observation conference with
their evaluators. Evaluators can record their observation scores of teachers at any time during or
after the observation, but must enter their scores prior to the post-observation conference. This is
because district leaders expect evaluators and teachers to discuss both teacher self-assesment and
evaluator scores during the post-observation conference. Although teachers do not see evaluator
scores prior to the post-observation conference, evaluators can review teacher self-assessment
scores (via the data management system) before recording their evaluation scores. Thus, teacher
self-assessments might influence evaluator scores; in such cases, we assume that evaluators will
inflate their evaluation scores, an assumption that is consistent with prior evidence that
evaluators prefer to avoid conflicts with teachers during post-observation conferences (Kraft &
Gilmour, 2016a). Finally, during post-observation conferences, evaluators are expected to
discuss with teachers their instructional strengths, at least one area for instructional

13

improvement, and plans for instructional improvement. Evaluators might help teachers address
an area for improvement directly via feedback or indirectly by pointing teachers to appropriate
professional learning opportunities. State and district policies expect evaluators to set
improvement timelines and rubric-aligned performance goals with their teachers.
Composite Teacher Effectiveness Scores. A teacher’s summative annual effectiveness
score is based on multiple teacher performance measures, including classroom observation,
growth and achievement scores. The growth component for teachers of tested grades/subjects is a
state-issued teacher value-added measure (VAM). Growth scores for teachers of untested
grades/subjects are based on school- or district-wide student outcomes (e.g., accountability test
scores, school-wide VAM scores). Achievement measures are grade-, school-, or district-wide
student achievement outcomes (e.g., ACT scores and high school graduation rates). Teachers
receive their summative observation, growth and achievement scores, along with their
summative annual effectiveness score (Comp-Cont) prior to the start of the next school year,
since the summative effectiveness score largely determines the number of state-assigned annual
observations a teacher is to receive.
Data & Sample
We rely on administrative data from the 2017-18 and 2018-19 school years collected by a
large urban school district located in the Southern United States. We also incorporate teacher
school assignment data from the beginning of the 2019-20 school year for analyses of teacher
mobility. From the administrative data, we construct three analytic samples. The first sample is a
teacher-observation-year panel; at this level, we link all evaluated teachers in grades K–12 to
their evaluators, observation dates, teacher self-assessment scores, and evaluator scores (full
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sample). 2 The second sample is at the teacher-year level and includes teacher and evaluator
race/ethnicity, gender, education level, years of experience, and summative observation and
effectiveness scores (Comp-Cont). 3 The second sample also includes K-12 teachers and, when
relying on prior-year measures, this sample excludes first-year teachers. The third sample (VAM
sample) is restricted to math or reading/English teachers who receive a state-issued value-added
measure (VAM) (i.e., teachers in tested grades/subjects). We link these math and reading/English
teachers to the following classroom characteristics: the proportion of a teacher’s students who
are female, economically disadvantaged, and nonwhite, and the number of office referrals
received by the teacher’s average student. We also obtain the prior-year standardized math and
reading achievement scores of students in grades 4 – 8 and prior-year standardized algebra I and
II and English I – III end-of-course achievement scores for high school students. We calculate
the student-level average of each student’s prior-year math and reading (or algebra and English)
scores (which are standardized at the subject-grade-year level), and then aggregate these studentlevel means to the classroom level to construct a composite measure of the incoming (i.e., prioryear) academic achievement of a teacher’s students.
Sample
Table 1 summarizes the demographic and performance characteristics of teachers in our
analytic sample, both overall and by the count of annual classroom observations. The sample
includes 5,251 unique K-12 teachers, 9,070 teacher-year observations and 20,045 teacher-yearobservation occurrences. On average, teachers receiving more annual observations have fewer

2
Following prior work on the construction of observation-level teacher performance scores (Garrett & Steinberg,
2015; Ho & Kane, 2013; Hunter, 2021; Mihaly et al., 2013), we average across all 19 items at the observation (k)
level to construct a teacher performance score at the observation occurrence level.
3
School administrators also receive a de facto summative observation score based on a portfolio of evidence and
two observations per year. We link these summative scores to evaluators who are school administrators.
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years of teaching experience and are less likely to hold an advanced degree (see Panel A).
Moreover, teachers receiving more annual observations receive lower observation scores from
their evaluators, on average, than teachers who receive fewer annual observations. Similarly,
among teachers who receive a state-issued VAM score, those who receive fewer annual
observations are more effective (as measured by student achievement growth) than their teacher
peers who receive three or four annual observations. These patterns are consistent with the fact
that teachers who are less experienced, on average, receive lower performance scores than their
more experienced colleagues and more annual observations by school-based evaluators.
[Insert Table 1 about here]
In the sections that follow, we first examine the magnitude, distribution and within-year
patterns of classroom observation scores from both evaluators and teacher self-assessments. We
pay particular attention to score discordance, which is the difference between evaluator and
teacher self-assessment scores for each observation occurrence. Next, we examine the
classroom-level predictors of classroom observation scores and score discordance. We then
examine the potential consequences of score discordance on teacher productivity and mobility.
Discordance in Classroom Observation Scores
We construct a measure of the discordance in classroom observation scores between
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
teacher self-assessments and evaluator assessments. Specifically, we define 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗
as

the evaluator’s rating of teacher j during classroom observation k in school year t and

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑒𝑒𝑒𝑒
𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟𝑒𝑒𝑗𝑗𝑗𝑗𝑗𝑗
as teacher j’s self-assessment of classroom observation k in school year t. We

define score discordance as follows:

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑒𝑒𝑒𝑒
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
(1) 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗
− 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗
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When an evaluator rates a teacher’s performance as high (or higher) than the teacher’s
self-assessment, 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 ≤ 0, which we characterize as positive feedback from
evaluators on a teacher’s instructional performance. Alternatively, we characterize

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 > 0 as critical feedback from evaluators in cases when evaluators rate teacher

performance lower than the teacher’s self-assessment. In this section, we describe the magnitude,
distribution and within-year patterns of score discordance.
Figure 1 shows the magnitude and distribution of teacher and evaluator observation
scores. Across all 20,045 teacher-year-observation occurrences, the mean (standard deviation)
teacher self-assessment score is 3.79 (0.62). Notably, the typical evaluator score is nearly
identical to the typical teacher self-assessment score, with a mean (standard deviation) of 3.73
(0.64). Thus, while mean score discordance is modest in magnitude (0.06), indicating that the
typical observation is rated similarly by both teachers and their evaluators, we also observe
significant variability in discordance scores (SD=0.55).
<Figure 1 about here>
To better understand the underlying patterns of score discordance, Figure 2 presents the
within-year distribution of mean teacher self-assessment and evaluator scores by the total
number of observations teacher j was subject to in school year t. Teacher and evaluator scores

follow similar patterns across the first three annual observation occurences. Namely, teacher selfassessment scores are, on average, greater in magnitude than evaluator scores for any given
observation; this pattern holds independent of the total number of annual observations a teacher
received. Further, there is a downward trend in mean observation scores – both from evaluators
and teacher self-assessment scores – across the distribution of total annual observations received,
a pattern which is consistent with the fact that lower-performing teachers are annually assigned
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more classroom observations. At the same time, average teacher performance, as measured by
evaluator and teacher scores, rises across multiple observations within each teacher group
receiving the same number of annual observations. Yet, for teachers receiving four annual
observations – the lowest-performing teachers based on prior-year evaluation ratings – evaluator
scores are significantly higher than teacher self-assessment scores for the fourth (and final)
annual observation.
<Figure 2 about here>
To formally examine the within-year patterns of observation scores presented in Figure 2,
we estimate variants of the following regression specification:
(2) 𝑦𝑦𝑗𝑗𝑗𝑗𝑗𝑗 = 𝛿𝛿𝜆𝜆𝑗𝑗𝑗𝑗𝑗𝑗 + 𝜙𝜙𝑗𝑗𝑗𝑗𝑗𝑗 + 𝑢𝑢𝑗𝑗𝑗𝑗𝑗𝑗 ,

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑒𝑒𝑒𝑒
𝑒𝑒𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣
, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗
, or 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 . The
where 𝑦𝑦𝑗𝑗𝑗𝑗𝑗𝑗 is, alternatively, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗

variable 𝜆𝜆𝑗𝑗𝑗𝑗𝑗𝑗 represents the linear count k of observations received by teacher j in school year t,
𝜙𝜙𝑗𝑗𝑗𝑗𝑗𝑗 captures teacher-by-evaluator-by-year fixed effects, and 𝑢𝑢𝑗𝑗𝑗𝑗𝑗𝑗 is the error term. The

coefficient 𝛿𝛿 represents the magnitude by which observation or discordance scores change with
each additional within-year observation (i.e., the score gradient). Further, the vector 𝜙𝜙𝑗𝑗𝑗𝑗𝑗𝑗

effectively compares the change in observation scores across observations within teacher-byevaluator dyads within each school year. We also estimate 𝛿𝛿 for teacher subgroups by total
observations received, interacting 𝜆𝜆𝑗𝑗𝑗𝑗𝑗𝑗 with indicator variables for the total count of annual

observations teacher j received in school year t.

Table 2 (Panel A) presents evidence on the within-year score gradient. On average,
teacher self-assessment scores increase within a school year by 0.10 points (approximately 0.16
standard deviations of teacher scores) with each additional observation. In comparison, evaluator
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scores increase by 0.16 points (approximately 0.25 standard deviations of evaluator scores) with
each additional observation. Thus, with each additional observation received, the discordance
between teacher and evaluator scores decreases by 0.06 points (approximately 0.11 standard
deviations of discordance scores). This suggests that as teachers receive additional observations
their evaluators increasingly provide more positive feedback on their instructional performance.
Notably, the teacher self-assessment score gradient is relatively homogeneous across teachers
receiving different total annual observations (see column V of Table 2, Panel A). However, the
evaluator score gradient is increasing in the count of annual observations received (see column
VI), suggesting that evaluators provide increasingly positive feedback to the lowest-performing
teachers who receive more annual observations, a result consistent with prior evidence on
evaluator rating behavior (Kraft & Gilmour, 2016a). Thus, the degree of positive feedback
received and the magnitude of score discordance is largest for teachers receiving four annual
observations (-0.07 points) – the lowest performing teachers, on average – while we find no
discordance in scores among higher-performing teachers receiving two annual observations (see
column IV).
<Table 2 about here>
Together, evidence from Figure 2 and Table 2 (Panel A) point to important patterns in the
within-year growth in teacher instructional performance. First, ratings by both teachers and their
evaluators indicate that teacher performance improves across multiple classroom observations.
This result is consistent with research showing not only that subjective performance ratings in
the form of classroom observations reflect important information about teacher effectiveness, but
also that classroom observation scores capture substantively large within-teacher improvements
over time in their instructional practices (Kraft et al., 2020). Second, while the rates of growth in
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teacher self-assessments are homogenous across teachers receiving different numbers of annual
observations, evaluator scores exhibit higher growth rates for teachers receiving more annual
observations. Furthermore, the evidence also suggests that evaluators inflate the fourth (and
final) observation score for the lowest-performing teachers – those who receive four annual
observations. This is in light of prior evidence from interviews with school principals suggesting
that school leaders (i.e., evaluators) may intentionally overstate the evaluation ratings of teachers
to avoid, for example, the time and effort associated with removing and replacing the lowestperforming teachers (Kraft & Gilmour, 2016a).
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
)
To examine the influence of the fourth (and final) evaluator score (i.e., 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗4𝑡𝑡

on the measured growth in instructional performance among the lowest-performing teachers, we
estimate variants of equation (2) as follows. First, we estimate equation (2) on a subset of the full
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑒𝑒𝑒𝑒
sample which excludes the fourth teacher self-assessment score (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗4𝑡𝑡
) and the fourth
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
evaluator score (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗4𝑡𝑡
) for teachers with four annual observations; doing so enables

insight into the performance growth of all teachers (and by total observations received) across
just the first three classroom observations (see Table 2, Panel B). We then apply the parameter
estimates from this regression to predict the fourth-observation evaluator score
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
�𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆�
�; i.e., the fourth observation score evaluators should have issued based on the
𝚥𝚥4𝑡𝑡

observation score trend across the first three observations (note that we do not extrapolate the

teacher self-assessment score for the fourth observation since it does not meaningfully deviate
from the observation trend based on the first three teacher scores; see Figure 2). Then, we create
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
a new variable – 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆�
– and replace the actual evaluator score from a teacher’s fourth
𝚥𝚥𝚥𝚥𝚥𝚥

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
classroom observation (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗4𝑡𝑡
) with the predicted fourth-observation evaluator score
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𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
(𝑆𝑆𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜�
). Next, we investigate whether (and the extent to which) the instructional
𝚥𝚥4𝑡𝑡

performance gradiant across observations is influenced by the actual evaluator score from a
teacher’s fourth classroom observation. To do so, we compare the parameter estimate 𝛿𝛿 (from

Equation (2)) to the same parameter estimate from a regression in which only the observed

fourth-observation evaluator score is replaced by the predicated fourth-observation evaluator
score (see Table 2, Panel C); all other scores use the observed evaluator and teacher scores.
Table 2 (Panel B) presents results showing the performance growth of all teachers (and
by total observations received) across just the first three classroom observations; Table 2 (Panel
C) presents results showing the performance growth of all teachers when we replace the actual
fourth observation score from evaluators with the predicted fourth observation score. Results
reveal that the growth in teacher instructional performance – as rated by both teachers and
evaluators – based on just the first three observations (see Panel B, columns V and VI) is
identical to the estimated performance growth when we include the predicted fourth evaluator
score (see Panel C, columns V and VI). Further, the discordance gradient is not only small in
magnitude (though statistically significant) when excluding the fourth score and when using the
predicted fourth evaluator score (-0.03, see Panels B and C, column I), but also is substantively
different in magnitude than the discordance gradient based on all observed evaluator scores (0.06). Notably, the estimated growth in teacher performance based on evaluator scores – the
scores that determine high-stakes teacher evaluation ratings in this context – is significantly
smaller in magnitude when excluding the fourth scores and when using the predicted fourth
evaluator score (0.13, see Panels B and C, column III) than when based on all observed evaluator
scores (0.16, see Panel A, column III). Together, these results suggest that evaluators may likely
inflate the fourth and final observation score for the lowest-performing teachers, an empirical
21

result consistent with findings from interviews with school principals from Kraft and Gilmour
(2016a) that document why so few teachers receive low evaluation ratings as well as why teacher
evaluation ratings did not reflect evaluators’ perceptions of teachers’ actual instructional
performance. Indeed, this result may further support prior interview evidence that evaluators
(typically the school’s principal) may wish to avoid giving teachers low ratings because of the
intensive amount of time required to document low performance and to implement the
professional development and improvement plans that low evaluation ratings typically trigger.
As a robustness check on our primary results on the magnitude of discordance presented
in Table 2, we estimate a nonparametric version of equation (2) in which we replace the linear
count of total annual observations (𝜆𝜆𝑗𝑗𝑗𝑗𝑗𝑗 ) with 𝜆𝜆𝑘𝑘 , an indicator variable for the kth observation up
to the fourth classroom observation (the omitted reference category is the first classroom

observation of the school year). In alternative models, we include either month fixed effects,
which control for the within-year timing of each classroom observation or domain fixed effects,
which control for potential differences in classroom observation scores by the domain of teacher
performance. In all cases, results indicate significant discordance in teacher and evaluator scores
occurring during the fourth (and final) classroom observation (see Figure 3).
<Figure 3 about here>
Predictors of Discordance in Classroom Observation Scores
A recent literature has emerged documenting the important influence that the
composition of a teacher’s classroom has on teacher performance ratings based on classroom
observation scores (and, notably, classroom observation scores based only on scores provided by
evaluators). Indeed, teachers tend to receive lower classroom observation scores from evaluators
in classrooms with lower-achieving and more economically disadvantaged students (Campbell &
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Ronfeldt, 2018; Grissom & Bartanen, 2022; Steinberg & Garrett, 2016; Steinberg & Sartain,
2021; Whitehurst et al., 2014). In light of this recent evidence, we next examine the classroomlevel predictors of score discordance. In doing so, we also aim to distinguish the source –
evaluators, teachers or both – of any bias in classroom observation scores as a function of
differences in the composition of a teacher’s classroom.
Figure 4 plots score discordance (at the teacher-year-observation level) and select
classroom characteristics, including: prior-year student achievement; proportion of students who
are economically disadvantaged; proportion of nonwhite students; and prior-year student
disciplinary referrals. We find that teachers who teach in classrooms serving more academically
and economically disadvantaged students receive, on average, more critical feedback from
evaluators (i.e., score discordance is positively signed) about their instructional performance than
teachers in classrooms with more advantaged students. These results are consistent with prior
causal evidence showing that evaluators rate classroom observations lower for teachers whose
students are lower-achieving, more nonwhite and more economically disadvantaged (Campbell
& Ronfeldt, 2018; Steinberg & Garret, 2016).
<Figure 4 about here>
To estimate the conditional associations between classroom characteristics and score
discordance, we estimate variants of the following specification:
(3) 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 = 𝑋𝑋𝑗𝑗𝑗𝑗 𝐴𝐴 + 𝑊𝑊𝑗𝑗𝑗𝑗 𝐵𝐵 + 𝑉𝑉𝑒𝑒𝑒𝑒𝑒𝑒 𝐶𝐶 + 𝜆𝜆𝑘𝑘 + 𝜃𝜃𝑠𝑠𝑠𝑠 + 𝑢𝑢𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 ,

where 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 is the teacher-year-observation discordance score for observation

k of teacher j in year t. The vector X includes the classroom characteristics of students in teacher
j’s class during school year t, including: prior-year student achievement; proportion of students
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who are economically disadvantaged; proportion of nonwhite students; and prior-year student
disciplinary referrals. The vector W includes controls for the following teacher-level
characteristics: gender, race, education level, years of experience, and prior-year observation
scores. The vector V controls for evaluator-level characteristics for evaluator e who conducted
observation k (for teacher j) in school year t, including: gender, race, education level, years of
experience, and prior-year observation score. The variable 𝜆𝜆𝑘𝑘 is an indicator variable for the

count of annual observations a teacher received and controls for within-year heterogeneity in (the
level and growth of) classroom observation scores across teachers receiving different numbers of
total annual observations (as discussed in the prior section). All observed (and unobserved)
differences between school-year cells are controlled for by 𝜃𝜃𝑠𝑠𝑠𝑠 , and the error term is 𝑢𝑢𝑗𝑗𝑗𝑗𝑗𝑗 . We

examine the sensitivity of results from Equation (3) to heterogeneity between specific teacherby-evaluator dyads, replacing 𝜃𝜃𝑠𝑠𝑠𝑠 with teacher-by-evaluator fixed effects (𝜂𝜂𝑗𝑗𝑗𝑗 ) and year fixed
effects (𝜅𝜅𝑡𝑡 ) as prior work finds that the assignment of evaluators to teachers is nonrandom

(Hunter and Rodriguez, 2021). In alternative versions of equation (3), we replace the discordance
score outcome with teacher or evaluator scores to understand whether scores provided by
teachers or their evaluators explain differences in the relationship between classroom
characteristics and score discordance. Standard errors are clustered at the teacher level. We
estimate equation (3) on the analytic sample that is restricted to teachers for whom we can link to
the characteristics of the students in their classrooms (i.e., VAM sample).
Table 3 summarizes these results. Score discordance is highly correlated with the
proportion of economically disadvantaged students in a teacher’s classroom. Moreover,
differences in observation scores across classrooms serving different concentrations of low-

income students reflect evaluator (and not teacher) scoring patterns. The proportion of
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economically disadvantaged students in a classroom is significantly related to score discordance,
on the order of 0.13 points (or 0.24 standard deviations) in models that control for teacher-byevaluator and year fixed effects (results are qualitatively the same in models that leverage
variation in teacher scores within the same school-year cell; i.e., school-year fixed effects). This
result suggests that teachers in classrooms with more economically disadvantaged students
receive more critical feedback from their evaluators than teachers in classrooms with fewer
economically disadvantaged students. Notably, this relationship is driven by the fact that
evaluators rate teacher performance significantly lower in classrooms with more economically
disadvantaged students (-0.08 points, or 0.13 standard deviations), while teacher self-assessment
scores do not reflect variation in the concentration of economically disadvantaged students.
Thus, any bias in classroom observation scores that reflect compositional differences in a
teacher’s classroom are based on differences in how evaluators rate teacher performance, and not
how teachers rate their own performance. And, while this result is consistent with prior evidence
on the influence of classroom composition on classroom observation scores, our data allow us to
distinguish the source of this potential bias in teachers’ classroom observation scores.
The Consequences of Discordance on Teacher Productivity and Mobility
To what extent might the type (and degree) of feedback that a teacher receives from
evaluators shape instructional performance? Further, does the provision of critical feedback to
teachers about their performance influence teacher mobility patterns? In this section, we leverage
variation within teacher-by-evaluator-by-year cells to examine how discordance (i.e., critical
feedback from evaluators) is associated with within-year teacher productivity. We then leverage
variation across years while controlling for differences between teacher-by-evaluator pairs to
investigate the association between discordance and annualized measures of teacher productivity
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and mobility. In both sets of analyses, we estimate extensive and intensive margins. Estimates of
the extensive margin provide insight into how teacher productivity changes when a teacher
receives critical feedback from evaluators instead of positive feedback, independent of the extent
of critical feedback. Estimates of the intensive margin estimate how teacher productivity changes
as a function of both the type (i.e., positive or critical) and extent of feedback (i.e., whether
teacher productivity responds differently the more severe the critical feedback about teacher
instruction might be).
To estimate the within-year change in teacher productivity, we first model the extensive
margin of critical (versus positive) feedback from evaluators on observation scores. We estimate
variants of the following specification:
(4) 𝑦𝑦𝑗𝑗𝑗𝑗𝑗𝑗 = 𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0� + 𝜙𝜙𝑗𝑗𝑗𝑗𝑗𝑗 + 𝑢𝑢𝑗𝑗𝑗𝑗𝑗𝑗 ,

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡ℎ𝑒𝑒𝑒𝑒
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗
, or 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗𝑗𝑗 . The indicator function
where 𝑦𝑦𝑗𝑗𝑗𝑗𝑗𝑗 is 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗𝑗𝑗

𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0� takes a value of one when the jth teacher receives critical feedback

from evaluators on their instructional performance during the prior observation occurrence (k-1)
within year t. The variable 𝜙𝜙𝑗𝑗𝑗𝑗𝑗𝑗 captures teacher-by-evaluator-by-year fixed effects, and as with

equation (2) we estimate equation (4) using the full sample. At the extensive margin, 𝛿𝛿

represents the difference in scores between teachers who receive critical instead of positive
feedback from evaluators during their prior classroom observation.
To estimate the intensive margin of within-year critical feedback from evaluators, we
interact the indicator function 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑜𝑜𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0� with the degree of score discordance

between teachers and evaluators during the prior observation occurrence, which we measure as

the absolute value of 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 (i.e., �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �). The inclusion of this

interaction term enables insight into whether teacher productivity varies based on both the
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direction of instructional feedback from evaluators (positive or critical) and the extent of score
discordance between teachers and evaluators during the prior observation (i.e., observation k-1).
We specify the model as follows:
(5) 𝑦𝑦𝑗𝑗𝑗𝑗𝑗𝑗 = 𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0� + 𝛽𝛽1 �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

+ 𝛽𝛽2 [𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0� ∙ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �] + 𝜙𝜙𝑗𝑗𝑒𝑒𝑡𝑡 + 𝑢𝑢𝑗𝑗𝑗𝑗𝑗𝑗

In equation (5), 𝛽𝛽1 represents the change in teacher productivity associated with a unit

increase in score discordance among teachers who received positive feedback from evaluators
during their prior classroom observation. 𝛽𝛽2 captures any differential change in teacher

productivity as a function of the extent of score discordance between teachers and evaluators
during the prior observation (i.e., observation k-1) among teachers who received critical
feedback from evaluators during their prior classroom observation relative to teachers who
received positive feedback during their prior observation occurrence. The linear combination of
parameters 𝛽𝛽1 + 𝛽𝛽2 represents the total change in productivity associated with a unit change in
score discordance among teachers who received critical feedback from evaluators during the

prior observation. The inclusion of teacher-by-evaluator-by-year fixed effects (𝜙𝜙𝑗𝑗𝑗𝑗𝑗𝑗 ) restricts all

comparisons to the same teacher-by-evaluator dyads within the same year, accounting for all

observed and unobserved time-invariant factors among teacher-by-evaluator pairs that may be
correlated with both teacher productivity as well as score discordance. Standard errors are
clustered at the teacher level.
Table 4 summarizes these results. Teachers who receive critical feedback from evaluators
(instead of positive feedback) about their instructional performance during the prior observation
are rated, on average, higher by their evaluators but rate their own performance lower in the
subsequent observation. At the extensive margin, critical feedback from evaluators in the prior
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observation is associated with a subsequent rise in evaluator scores (0.07 units, 0.11 standard
deviations, see Panel A, column III), suggesting that critical feedback from evaluators is
associated with improvements in within-year teacher productivity. However, teacher selfassessment scores are negatively associated with the receipt of critical feedback from evaluators
in the prior observation (-0.09, -0.15 standard deviations, see Panel A, column II). The negative
association with teacher self-assessments could reflect a recalibration of teachers' understandings
of instructional performance expectations, as teachers who were told that they scored themselves
too highly (relative to evaluator scores) in the prior observation lowered their self-assessment
during the following observation. Alternatively, the decline in teacher self-assessment scores
following the receipt of critical feedback from evaluators may reflect demoralization (Alicke &
Sedikides, 2009; Kluger & DeNisi, 1996; Vohra & Singh, 2005).
[Insert Table 4 here]
We also find that teacher instructional performance responds to the intensity of critical
feedback from evaluators. A unit increase in positive feedback from evaluators during the prior
observation is associated with a 0.07 unit (0.11 standard deviation, see column V) increase in
teacher self-assessment and a 0.25 unit (0.39 standard deviation, see column VI) decrease in
evaluator scores during the subsequent observation. 4 In contrast, a unit increase in critical
feedback from evaluators is associated with a 0.14 unit decline in teacher self-assessments (0.23
standard deviations, see column V) and 0.07 increase in evaluator scores (0.11 standard
deviation, see column VI). Thus, this evidence suggests that teachers respond to more positive
feedback from evaluators by reducing their instructional effort, reflected in a decrease in

Although these associations are large, they are based on substantively large changes in feedback; a unit increase in
score discordance is equivalent to 1.82 standard deviations of score discordance.
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evaluator scores. Conversely, critical feedback from evaluators appears to result in instructional
improvement (captured by higher evaluator scores) while potentially introducing demoralization
(captured by lower teacher self-assessment scores). These results are consistent with the
empirical and conceptual arguments advanced by Carver and Scheier (1982), Hunter and
Springer (2022), and Locke and Latham (2002), among others (see the Background and Related
Literature section for more details).
Evidence in Table 4 further suggests that if critical feedback from evaluators (at the
extensive and intensive margins) induces teacher demoralization, it is not detrimental to the point
of reducing teacher performance, at least as measured by a teacher’s evaluator. However,
demoralization may be related to greater mobility among teachers who receive more critical
feedback from their evaluators. Furthermore, if critical feedback from evaluators is associated
with improvements in teacher performance as measured by evaluator ratings of a teacher’s
instructional performance during classroom observations, we also expect a corresponding
increase in other measures of teacher performance measures, such as those based on student
achievement scores. Notably, results from Table 4 Panel B show that the relationship between
critical feedback from evaluators and evaluator scores is not qualitatively different among the
subsample of teachers who also receive VAM scores.
Between-Year Productivity and Mobility. Since teacher mobility and VAM scores (based
on student achievement) are annualized outcomes, we estimate teacher-year variants of equations
4 and 5. The following equation estimates extensive margins for the annualized outcomes:
(6) 𝑦𝑦𝑗𝑗𝑗𝑗 = 𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 > 0� + 𝑋𝑋𝑗𝑗𝑗𝑗 𝐴𝐴 + 𝑊𝑊𝑗𝑗𝑗𝑗 𝐵𝐵 + 𝜆𝜆𝑘𝑘 + 𝜃𝜃𝑡𝑡𝑡𝑡 + 𝑢𝑢𝑗𝑗𝑗𝑗 .
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where 𝑦𝑦𝑗𝑗𝑗𝑗 is the state-issued VAM score or a binary mobility indicator for teacher j in

year t. 5 The mobility measure indicates whether (or not) teacher j remains in their school after
the end of year t (Retain). Since 𝑦𝑦𝑗𝑗𝑗𝑗 is measured at the teacher-year level, we aggregate

discordance scores to the same level: 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 is the jth teacher’s average discordance
across all observations within year t and 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 > 0� takes a value of one when

teacher j’s average feedback from all observations in year t is critical feedback. The vectors X,
W, 𝜆𝜆𝑘𝑘 , and the term 𝑢𝑢𝑗𝑗𝑗𝑗 refer to the same quantities as in Equation 3, and we control for teacherby-evaluator heterogeneity via 𝜃𝜃𝑡𝑡𝑡𝑡 , which are teacher-by-evaluator fixed effects. The coefficient
of interest, 𝛿𝛿, represents the average change in an outcome measured at the end of year t for a
unit increase in average discordance during school year t. Standard errors are clustered at the
teacher level.
We estimate the intensive margins of annualized teacher productivity and mobility with
Equation 7:
(7) 𝑦𝑦𝑗𝑗𝑗𝑗 = 𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 > 0� + 𝛽𝛽1 �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 � + 𝛽𝛽2 [𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 > 0� ∙
�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 �] + 𝑋𝑋𝑗𝑗𝑗𝑗 𝐴𝐴 + 𝑊𝑊𝑗𝑗𝑗𝑗 𝐵𝐵 + 𝜆𝜆𝑘𝑘 + 𝜃𝜃𝑡𝑡𝑡𝑡 + 𝑢𝑢𝑗𝑗𝑗𝑗 ,

where all variables refer to the same quantities as described in Equation 6 and the
interpretation of coefficients is similar to those in equation 4. When VAM is the outcome,
equations 6 and 7 rely on the VAM sample; estimates of teacher mobility rely on the full sample.
Standard errors are clustered at the teacher level.

We do not examine summative observation scores as an outcome for econometric reasons. A teacher's summative
observation score is their average evaluator-issued observation score across all observations. 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 is a
linear function of all evaluator-assigned observation scores. Regressing summative observation scores on
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 effectively amounts to regressing summative observation scores on itself.
5
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Table 5 summarizes these results. Teachers who receive critical feedback on their
instructional performance throughout the school year have higher end-of-year VAM scores, on
average, than teachers who receive positive feedback on their instructional performance, on the
order of 1.30 units (0.20 standard deviations of VAM; see column I, Table 5). These results
provide additional support for the association between critical feedback from evaluators on a
teacher’s instructional performance and improvements in teacher productivity, as shown with
classroom observation scores (see Table 4). However, we do not find that changes in VAM
depend on the degree of average discordance (see column II, Table 5).
[Insert Table 5 here]
The relationship between annual score discordance and teacher retention suggest that
critical feedback may improve teacher productivity at the expense of teacher turnover (see Table
5). Teachers who receive critical feedback from evaluators, on average, are five percentage
points less likely to remain in their school the following year; while substantively large (baseline
teacher turnover is 12%), this estimate is not statistically significant (see column III). However,
estimates in column IV suggest that a unit increase in positive average feedback from evaluators
is associated with a nearly 20-point higher probability that the teacher will remain in their school
the following year. Although the change in retention is substantively large, so is the unit change
in positive average feedback from evaluators, which is equivalent to 2.08 standard deviations of
average discordance scores. Conversely, teachers receiving a unit more critical average feedback
from evaluators are 13 percentage points less likely to remain in their school (column IV);
although this difference is not statistically significant, it accounts for more than the baseline
turnover rate. Results from additional mobility analyses on the probability that teachers exit the
district or switch into a new school in the same district are consistent with these retention results
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(see Appendix B). Together, the within-year and between-year analyses suggest that while
critical feedback from evaluators may improve teacher productivity, it may also push teachers
out of their school.
If the teachers who exit their schools for another do so to avoid critical feedback from
evaluators, we expect to see these teachers switching to schools that are less likely to provide
critical feedback. Indeed, auxiliary analyses support this hypothesis. 6 We hypothesize that if
teachers aimed to enter relatively less critical schools in year (t + 1), they would have sought out
less critical school placements. We tested this hypothesis by comparing the year t school-level
average discordance of school-switching teachers’ sending and receiving schools. Among the
sample of teachers who switched schools, those who received critical feedback from evaluators,
on average and regardless of degree (i.e., critical average feedback on the extensive margin),
switched into receiving schools with 0.05 units (0.09 standard deviations) less discordance than
their sending school. Stated differently, teachers who received critical feedback from evaluators

We examine the school-level discordance scores of the schools school-switching teachers moved into relative to
the school-level discordance scores of the school switchers left. We define the difference in school-level discordance
scores �𝑦𝑦𝑠𝑠𝑠𝑠𝑠𝑠 � as 𝑦𝑦𝑠𝑠𝑠𝑠𝑡𝑡 = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑠𝑠⃖𝑗𝑗𝑗𝑗 − 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑠𝑠⃗𝑗𝑗𝑗𝑗 , where 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑠𝑠⃖𝑗𝑗𝑗𝑗 is the year t school-level
average discordance across all observations in school 𝑠𝑠⃖, the school the jth teacher switched into for year (t + 1) and
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠⃖𝑗𝑗𝑗𝑗 is the year t school-level average discordance across all observations in school 𝑠𝑠⃗, the school the jth
teacher left at the end of year t. Thus, 𝑦𝑦𝑠𝑠𝑠𝑠𝑠𝑠 may vary across school-switching teachers leaving school 𝑠𝑠⃗ if they switch
into different schools; 𝑦𝑦𝑠𝑠𝑠𝑠𝑠𝑠 can also vary across switchers entering the same school (𝑠𝑠⃖) at the beginning of year (t +
1) if switchers came from different schools. Equation A estimates the relationship between receiving critical
feedback, on average, and the school-level discordance of receiving schools relative to sending schools �𝑦𝑦𝑠𝑠𝑠𝑠𝑠𝑠 �,
among the teachers who switch schools: (𝐴𝐴) 𝑦𝑦𝑠𝑠𝑠𝑠 = 𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 > 0� + 𝛽𝛽1 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠⃖𝑡𝑡 + 𝛽𝛽2 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠⃗𝑡𝑡 + 𝑢𝑢𝑠𝑠𝑠𝑠 ,
where 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 > 0� is the same indicator function from equations 6 and 7 and indicates whether teacher j
received critical feedback, on average, in year t. 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠⃖𝑡𝑡 is the year t school-level average VAM score across all
teachers of tested subjects in school 𝑠𝑠⃖, the school the jth teacher switched into for year (t + 1) and 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠⃗𝑡𝑡 is the year
t school-level average VAM score across all teachers of tested subjects in school 𝑠𝑠⃗, the school the jth teacher left at
the end of year t.
We apply equation A to the sample of teachers who switched schools from year t to (t + 1) only. We do not control
for school-level average teacher observation scores or LOE because these are determined by the outcome. The
coefficient 𝛿𝛿 represents the difference in school-level discordance scores in receiving schools relative to sending
schools for the school switchers who received critical feedback, on average. Standard errors clustered at the school
level. Results from equation A suggest that school switchers who received critical feedback, on average, switch into
less discordant schools (𝛿𝛿 = −0.05, clustered standard error = 0.02).
6
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and switched schools within the district typically entered schools where teachers were provided
with, on averge, more positive (i.e., less critical) feedback from their evaluators on their
instructional performance.
Discussion
Recent evidence has shown that teacher evaluation systems can positively impact student
achievement in specific district settings (Steinberg & Sartain, 2015; Taylor & Tyler, 2012), while
larger-scale studies are less sanguine about the potential impact of teacher evaluation (Bleiberg
et al., 2021; Hunter & Bowser, 2021). These mixed findings raise questions about the
instructional conditions and, more specifically, the developmental function of evaluation systems
for supporting improvements in teacher instructional performance (Cohen et al., 2020;
Donaldson, 2021; Donaldson & Woulfin, 2018; Hunter & Springer, 2022). In this paper, we rely
on unique data from the evaluation system of a large Southern school district to explore one
potential mechanism implicit in educator evaluation for teacher development and student
improvement – post-observation teacher performance feedback (Donaldson, 2021; Hunter &
Springer, 2022). Specifically, we examine the alignment between evaluator ratings and teacher
self-assessments of teacher performance (i.e., score discordance), and the potential implications
of critical evaluator feedback for improving teacher productivity.
We find that teachers and their evaluators rate teacher performance similarly following
the typical classroom observation, but with substantial observation-level variability in teacher
and evaluator scores. While these results differ from study contexts outside of K-12 education in
which employee self-assessments tend to exceed evaluator ratings (Tetlock & Manstead, 1985;
Vansteenkiste et al., 2007), teachers and evaluators in our study context may typically agree
about employee performance for three reasons. First, the performance rubric used in this study
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delineates teacher performance across multiple proficiency levels and relies on detailed
descriptors that link observable evidence about teacher instructional performance with the ratings
levels of each performance indicator. Indeed, Danielson's Framework for Teaching and many
other standards-based rubrics in K-12 settings are similarly designed (Danielson, 1996; Steinberg
& Donaldson, 2016), and the clarity with which these rubrics describe multiple dimensions of
teacher performance may increase their reliability when used by teachers and evaluators (Wherry
& Bartlett, 1982). Second, the study district encourages schools to hold norming sessions during
which evaluators and teachers discuss the design and application of the evaluation rubric as a
way to develop a shared understanding of not only how the rubic measures teacher performance
but also what evaluators may expect to observe when evaluating and rating teacher practice
during classroom observations. Third, prior evidence finds that evaluators wish to avoid conflict
with teachers in evaluation contexts (Kraft & Gilmour, 2016a); as such, evaluators may
intentionally work with their staff to develop shared understandings of rubric use to avoid
differences in how teachers and evaluators observe and rate teacher performance.
We further find that as teachers receive more annual observations of their performance,
evaluators provide increasingly positive feedback to teachers. Notably, the within-year evaluator
rating gradient increases with the number of observations teachers receive, while teacher selfassessment scores do not vary by the number of annual observations a teacher receives. To the
extent that these evaluator rating patterns reflect actual instructional growth in teacher
performance, particularly among the lowest-performing teachers, these patterns are consistent
with Kraft et al. (2022) who find larger within-teacher returns to experience among less
experienced teachers. Because teachers in the study setting who receive more observations are
less effective, the heterogeneity in evaluator ratings may also suggest that the higher growth rate
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among the least effective teachers narrows the performance gap between the least and most
effective teachers. However, this heterogeneity in evaluator ratings may also reflect something
other than actual performance improvements. Evaluators may issue increasingly higher ratings
(and increasingly more positive feedback) over time to their lowest-performing teachers in order
to avoid conflict with teachers and the low evaluation ratings that might trigger teacher dismissal
(Kraft & Gilmour, 2016a). Notably, our findings indicate that evaluators systematically inflate
the final within-year observation score issued to the least effective teachers. Evaluators might
point to inflated end-of-year positive feedback as a reason why their least effective teachers
should remain in their schools and build on their end-of-year performance ‘improvement’ next
school year. Such evaluator behaviors would be consistent with the evaluator belief that all
teachers can improve, rationalizaing their hesitance to dismiss the least effective teachers
(Rodriguez & Hunter, 2021). Although the data do not allow us to conclude whether the
evaluator ratings reflect real or inflated performance growth (survey or qualitative research may
be well-suited to examining such mechanisms), the homogeneity in teacher self-assessments
across teachers at different performance levels suggests the latter.
Our investigation into the classroom characteristics predicting discordance suggests that
student economic disadvantage is the greatest source of disagreement between teachers and
evaluators. Teacher-by-evaluator fixed effect models predict that teachers receive a higher
degree of critical feedback from evaluators in classrooms serving greater concentrations of
economically disadvantaged students. While the concentration of economically disadvantaged
students do not shape teacher self-assessments, evaluators issue systematically lower ratings for
classrooms with higher proportions of economically disadvantaged students. Consistent with
prior evidence (Campbell & Ronfeldt, 2018; Steinberg & Garrett, 2016), our findings suggest

35

that teachers in classrooms with high percentages of economically disadvantaged students
receive lower scores, likely reflecting bias in evaluator ratings. Thus, evaluators may require
more intensive support to quell this bias; however, recent experimental evidence suggests that
workshop-based support may be insufficient (Kraft & Christian, 2021), implying the need for
ongoing evaluator coaching. Evaluators might also apply a “consider the opposite” strategy, a
scalable, low-cost, and low-intensity intervention in which evaluators describe two reasons why
their initial rating is inaccurate, effectively prompting more robust scoring rationales;
experimental evidence in public management settings finds that this strategy reduces multiple
sources of bias in evaluator ratings (Nagtegaal et al., 2020).
Our findings on the consequences of score discordance suggest that critical feedback
from evaluators may improve teacher productivity, which prior work suggests may operate via
three mechanisms. First, evaluators providing critical feedback might improve teacher
productivity directly by recommending specific teaching practices (Hunter & Springer, 2022).
Second, evaluators might improve teacher productivity indirectly by pointing the teacher to
suitable professional learning opportunities (e.g., peer mentors, resources) that improve teaching
(Hunter & Springer, 2022). Third, when evaluators tell teachers that they performed worse than
their self-assessment, it may motivate self-directed teacher improvement, independent of
evaluator recommendations (Carver & Scheier, 1982; Kraft & Christian, 2021; Locke & Latham,
2002). In addition to these mechanisms, a novel study examining the written feedback teachers
receive suggests that the extent to which feedback improves teacher productivity depends on
specific feedback characteristics (e.g., sets teacher performance goals) and teachers’ familiarity
with their performance expectations (Hunter & Springer, 2022). At the same time, Hunter and
Springer (2022) found no relationships between teacher productivity and several feedback
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characteristics that prior survey-based research and studies outside K-12 settings suggested ought
to improve teacher performance. Collectively, evidence from the study herein and recent work
underscores the need for more research examining the influence of evaluator feedback on teacher
performance, its mediators and suppressants, and the environments and conditions in which such
feedback may be performance-enhancing for educators.
From a policy perspective, pre- and in-service principal training programs might design
and incorporate professional development opportunities to facilite skill development so that
evaluators and school administrators can provide candid and critical feedback to teachers during
classroom observations. Indeed, our findings suggest that evaluators who forego the provision of
critical feedback may also forego an opportunity to improve teaching and teachers’ contributions
to student achievement (Hunter & Springer, 2022), underscoring the need to overcome
principals’ hesitancy around critical feedback (Kraft & Gilmour, 2016a). However, improving
the candor and quality of feedback that evaluators may offer to educators may be difficult, as
prior work suggests that principals prefer to avoid confrontations in the context of teacher
evaluations (Kraft & Gilmour, 2016a) and that evaluators tend to provide simplistic feedback
(Hunter & Springer, 2022). Further, policymakers and school leaders might also consider
incorporating teacher self-assessments into the design and implementation of educator evaluation
systems. Doing so will afford new insights into how teachers rate their own performance relative
to their evaluators, and also provide greater insight into the process by which evaluator feedback
is aligned with teacher beliefs and may be related to improving teacher instructional
performance. Ultimately, policy efforts should recognize the potential that critical feedback can
play in driving improvements in teacher instructional practice, and work to develop the capacity
of princpals to more effectively communicate areas for instructional improvement to their
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teachers and develop opportunities for educators to share their assessments of their own
instruction. Such efforts will shed new light on the mechanisms for driving improvements to
teacher quality and student achievement.
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Tables & Figures
Table 1. Teacher Characteristics
Annual Classroom Observations
All Teachers

One

Two

Three

Four

Panel A: Teacher Characteristics
Female

0.80

0.82

0.79

0.78

0.79

Nonwhite

0.26

0.25

0.28

0.24

0.23

Experience

9.70
(9.31)

12.65
(9.16)

12.53
(9.12)

3.37
(5.70)

1.87
(3.66)

0.07

0.10

0.08

0.06

0.03

Masters+

Panel B: Teacher Performance Measures
Summative
Observation Score

3.57
(0.45)

3.57
(0.44)

3.56
(0.44)

3.51
(0.47)

3.36
(0.60)

Comp-Cont

334.80
(78.69)

342.53
(79.49)

335.13
(78.29)

315.53
(78.35)

330.45
(77.75)

VAM

-1.15
(6.62)

0.18
(6.99)

-1.49
(5.69)

-3.04
(7.33)

-1.92
(5.36)

N(Teacher-Year)

9,070

5,049

2,828

737

456

Notes. In Panel A, each cell reports proportion, except for Experience, which reports mean (standard deviation).
Masters+ includes teachers who have more than a master’s degree. In Panel B, each cell reports mean (standard
deviation) of the teacher performance measure from year t. Observation Score represents teacher performance ratings
from formal classroom observations and range from 1 – 5. Comp-Cont is the composite teacher effectiveness score
which is a continuous measure from 100 – 500. VAM is a state-issued value-added measure, an integer score ranging
from -100 – 60. The count of teacher-year observations includes teachers with nonmissing teacher self-assessment
and evaluator scores (some teachers are missing values for some characteristics in the table); there are 5,251 unique
teachers in the sample.
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Table 2. Within-Year Changes in Classroom Observation Scores
I
Discordance
Panel A. All Scores
Observations
-0.06***
(0.00)

II
Teacher
Scores

III
Evaluator
Scores

0.10***
(0.00)

0.16***
(0.00)

IV
Discordance

V
Teacher
Scores

VI
Evaluator
Scores

2 Annual Obs:
Observations

-0.02
(0.01)

0.10***
(0.01)

0.11***
(0.01)

3 Annual Obs:
Observations

-0.04***
(0.01)

0.09***
(0.01)

0.14***
(0.01)

4 Annual Obs:
Observations
N(Teacher-YearObs)

-0.07***
(0.01)

0.10***
(0.01)

0.18***
(0.01)

20,045

20,045

20,045

2 Annual Obs:
Observations

-0.02
(0.01)

0.10***
(0.01)

0.11***
(0.01)

3 Annual Obs:
Observations

-0.04***
(0.01)

0.09***
(0.01)

0.14***
(0.01)

4 Annual Obs:
Observations
N(Teacher-YearObs)

-0.03***
(0.01)

0.10***
(0.01)

0.13***
(0.01)

18,257

18,257

18,257

20,045

20,045

20,045

Panel B. Excluding Fourth Score
Observations
-0.03***
0.10***
(0.01)
(0.01)

0.13***
(0.00)

18,257

18,257

18,257

Panel C. First Through Third Scores and Predicted Fourth Score
Observations
-0.03***
0.10***
0.13***
(0.00)
(0.00)
(0.00)
2 Annual Obs:
Observations

-0.02
(0.01)

0.10***
(0.01)

0.11***
(0.01)

3 Annual Obs:
Observations

-0.04***
(0.01)

0.09***
(0.01)

0.14***
(0.01)

4 Annual Obs:
Observations
N(Teacher-YearObs)
N(Teacher-Year)

-0.03***
(0.00)

0.10***
(0.00)

0.13***
(0.00)

20,045

20,045

20,045

20,045

20,045

20,045

9,070

9,070

9,070

9,070

9,070

9,070

Notes: Each column (witin a panel) is a separate regression. Coefficients reported with standard errors (in parentheses)
clustered at the teacher-level. Outcomes are regressed on a nonparametric operationalization of the kth observation
and teacher-by-evaluator-by-year fixed effects. Panel A uses the full sample; Panel B excludes the fourth observation
score; Panel C uses the full sample with predicted fourth score. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 3. Classroom Predictors of Discordance, Teacher, and Evaluator Scores
I

II

III

IV

V

VI

Discordance

Teacher Scores

Evaluator
Scores

Discordance

Teacher Scores

Evaluator
Scores

Proportion Economically
Disadvantaged

0.07*
(0.03)

0.01
(0.03)

-0.05*
(0.03)

0.13*
(0.05)

0.04
(0.06)

-0.082*
(0.040)

Proportion Nonwhite

0.00
(0.04)

0.01
(0.04)

0.02
(0.03)

-0.05
(0.04)

0.03
(0.05)

0.084
(0.049)

0.01
(0.02)

0.04
(0.02)

0.02
(0.02)

0.01
(0.05)

-0.01
(0.07)

-0.02
(0.06)

-0.01
(0.02)

-0.02
(0.02)

-0.01
(0.02)

-0.01
(0.02)

0.03
(0.03)

0.04
(0.03)

X

X

X
X

X

X

Prior-Year Achievement
Prior-Year Office Referrals
School-Year FE
Evaluator-Teacher FE, Year FE
N(Teacher*Year)

1,140

1,140

1,140

1,140

1,140

1,140

N(Teacher*Year*Observation)

2,287

2,287

2,287

2,287

2,287

2,287

Notes: Each column represents a separate regression and coefficients are reported with standard errors (in parentheses) clustered at the teacher-level. The sample
includes the VAM sample. All regressions control for teacher and evaluator gender, race/ ethnicity, education level, years of experience (in school-year fixed effect
models), and prior-year observation score, in addition to standardized classroom characteristics listed. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 4. Extensive and Intensive Margins of Discordance on Within-Year Change in Teacher Observation Scores

Panel A. Full Sample
𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�

I

II

Discordance

Teacher Scores

-0.16***
(0.02)

-0.09***
(0.02)

III
Evaluator
Scores
0.07***
(0.02)

𝛽𝛽1 �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

𝛽𝛽2 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�
∙ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

IV

V

VI
Evaluator
Scores

Discordance

Teacher Scores

-0.01
(0.02)

-0.02
(0.02)

-0.01
(0.03)

0.33***
(0.04)

0.07*
(0.04)

-0.25***
(0.04)

-0.22***
(0.05)
-0.14***
(0.03)
6,661

0.32***
(0.05)
0.07*
(0.04)
6,661

N(Teacher*Year)

6,661

6,661

6,661

-0.54***
(0.05)
-0.21***
(0.04)
6,661

N(Teacher*Year*Observation)

10,837

10,837

10,837

10,837

10,837

10,837

-0.19***
(0.04)

-0.13***
(0.04)

0.05
(0.04)

-0.04
(0.05)

-0.05
(0.05)

-0.01
(0.05)

0.28*
(0.11)

0.11
(0.10)

-0.17
(0.09)

-0.53***
(0.13)

-0.30*
(0.12)

0.23*
(0.12)

-0.19**
(0.07)
995

0.06
(0.07)
995

1,811

1,811

𝛽𝛽1 + 𝛽𝛽2

Panel B. VAM Sample
𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�
𝛽𝛽1 �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

𝛽𝛽2 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�
∙ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

𝛽𝛽1 + 𝛽𝛽2

N(Teacher*Year)
N(Teacher*Year*Observation)

995

995

995

-0.25***
(0.07)
995

1,811

1,811

1,811

1,811

Notes: Each column (within a panel) represents a different regression and coefficients are reported with standard errors (in parentheses) clustered at the teacherlevel. Observation scores are regressed on discordance measures and teacher-by-evaluator-by-year FE. Panel A is the subset of teachers from the full sample with
at least two annual observations. Panel B is the subset of teachers in Panel A with VAM scores. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 5. Extensive and Intensive Margins of Discordance on Teacher VAM and Teacher Retention
I

II

III

VAM
𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�

1.30*
(0.65)

𝛽𝛽1 �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

N(Teacher*Year)

-0.05
(0.03)

0.80
(3.42)
-1.63
(4.07)
-0.84
(2.16)

𝛽𝛽2 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0� ∙ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �
𝛽𝛽1 + 𝛽𝛽2

1.92
(1.44)

537

537

3,980

IV
Retained
0.01
(0.04)
0.19*
(0.08)
-0.32**
(0.11)
-0.13
(0.07)
3,980

Notes: Each column represents a separate regression and coefficients are reported with standard errors (in parentheses) clustered at the teacher-level. Teacher-years
are the unit of analysis. Outcomes are regressed on a discordance measure and teacher-by-evaluator fixed effects and year fixed effects. Columns I and II are limited
to teachers of tested subjects with VAM scores. Columns III and IV include all teachers and are estimated by linear probability models. * p < 0.05, ** p < 0.01,
*** p < 0.001.
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Figure 1. Distribution of Classroom Observation Scores, by Evaluator and Teacher

Notes. Observation occurrences are the unit of analysis. Each figure shows the distribution of classroom observation
scores. The mean (standard deviation) of teacher self-scores is 3.79 (0.62); the mean (standard deviation) of evaluator
scores is 3.73 (0.64); and the mean (standard deviation) of discordance scores is 0.06 (0.55). The count of observations
at the teacher-year-observation level is 20,045.
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Figure 2. Within-Year Distribution of Observation Scores, by Total Observations Received

Notes: N(Teacher-Year-Observation) = 20,045 and N(Teacher-Year) = 9,070. The x-axis represents the count (k) of
observations received and these are grouped by total annual observations received. Circles represent mean teacher
self-assessment scores and diamonds represent mean evaluator scores for count k in each annual observation group.
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Figure 3. Nonparametric Estimates of Discordance, by Total Observations Received

Notes: N(Teacher-Year-Observation) = 20,045 and N(Teacher-Year) = 9,070 in Teacher-by-Evaluator-by-Year FE
model and Teacher-by-Evaluator-by-Year FE and Domain FE model. N(Teacher-Year-Observation) = 9,944 and
N(Teacher-Year) = 4,533; samples differ due to missing month data. Teacher-level clustered standard errors; 95%
confidence intervals.
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Figure 4. Bivariate Relationship between Discordance and Classroom Characteristics

Notes. Points represent means within bins. N(Teacher-Year-Observation) = 6,047 for Average Student Prior-Year Achievement panel, N(Teacher-YearObservation) = 8,561 for Proportion of Students: Economically Disadvantaged panel, N(Teacher-Year-Observation) = for 8,561 for Proportion of Students:
Nonwhite panels, N(Teacher-Year-Observation) = 6,537 for Average Student Prior-Year Referrals. Fit line produced by regressing binned discordance scores on
binned baseline characteristic, the sole right-hand side variable in each model. The coefficient (standard error) for prior-year student achievement -0.03 (0.01),
student economic disadvantage = 0.20 (0.03), nonwhite student = 0.21 (0.03), and student prior-year office referrals 0.00 (0.0002).
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Appendix A. Classroom Observation Rubric
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Appendix B. Extensive and Intensive Margins of Discordance on Teacher Exit and School
Switching
In the main text, Equation (6) estimates extensive margins for teacher exit and school
switching, where 𝑦𝑦𝑗𝑗𝑗𝑗 is one of two binary mobility indicators for teacher j in year t. The first

measure indicates whether (or not) teacher j exits the state public educator market at the end of
school year t (Exit) and the second indicates whether (or not) teacher j switches into a new
school (in the same district) after the end of school year t (Switches). All other quantities are as
described in Equation 6 in the main text. We estimate the intensive margins on Exit and Switches
using Equation 7 from the main text.
Table B1 summarizes these results. Evidence in Table 5 suggests that receiving critical
feedback, on average, may push teachers out of their school. The findings in Table B1 suggest
that the lower probability of retention may be due to teachers seeking out new schools instead of
exiting the profession. Teachers who receive critical feedback from evaluators, on average, are
two percentage points more likely to exit the profession (column I) and four percentage points
more likely to switch into a new school (column III) the following year, though neither estimate
is statistically significant. Nonetheless, the four percentage point estimate is approximately onethird the baseline teacher turnover rate (12%), making it a substantively large change. Results in
columns II and IV suggest that teacher exits and school switching is not sensitive to the degree of
critical average feedback received.
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Table B1. Extensive and Intensive Margins of Discordance on Between-Year Teacher
Mobility
I

II
Exit

𝛿𝛿𝛿𝛿�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�

Switching
-0.01

0.04

0.01

(0.02)

(0.02)

(0.03)

(0.03)

𝛽𝛽2 𝐼𝐼�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 > 0�
∙ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �
N(Teacher*Year)

IV

0.02

𝛽𝛽1 �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗,𝑘𝑘−1 �

𝛽𝛽1 + 𝛽𝛽2

III

3,980

-0.07

-0.13

(0.05)

(0.08)

0.15*

0.20*

(0.07)

(0.10)

0.07

0.07

(0.06)

(0.06)

3,980

3,799

3,799

Notes: Teacher-years are the unit of analysis. Each column represents a separate regression and coefficients are
reported with standard errors (in parentheses) clustered at the teacher-level. Outcomes are regressed on a discordance
measure and teacher-by-evaluator fixed effects and year fixed effects. The sample includes all teachers and estimates
are generated by linear probability models. * p < 0.05, ** p < 0.01, *** p < 0.001
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