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Growing evidence suggests that preservice candidates receive better coaching
and are more instructionally effective when they are mentored by more
instructionally effective cooperating teachers (CTs). Yet teacher education
program leaders indicate it can be difficult to recruit instructionally effective
teachers to serve as CTs, in part because teachers worry that serving may
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negatively impact district evaluation scores. Using a unique data set on over
4,500 CTs, we compare evaluation scores during years these teachers served
as CTs with years they did not. In years they served as CTs, teachers had sig-
nificantly better observation ratings and somewhat better achievement
gains, though not always at significant levels. These results suggest that con-
cerns over lowered evaluations should not prevent teachers from serving as
CTs.

KEYWORDS: cooperating teacher, mentor teacher, clinical preparation,
teacher evaluation, teacher education

Introduction

A growing body of evidence suggests that certain characteristics of teach-
ers’ preservice training, including aspects of student teaching, are related to
better workforce outcomes (Boyd, Grossman, Lankford, Loeb, & Wyckoff,
2009; Krieg, Theobald, & Goldhaber, 2016; Ronfeldt, 2012, 2015; Ronfeldt,
Schwartz, & Jacob, 2014). Of particular relevance to the present study, three
new studies have found recent graduates to be more instructionally effective
when they learned to teach with more instructionally effective cooperating
teachers (CTs) during their preservice training (Goldhaber, Krieg, &
Theobald, 2018a; Ronfeldt, Brockman, & Campbell, 2018; Ronfeldt, Matsko,
Greene Nolan, & Reininger, 2018).

Yet many teacher education program (TEP) leaders and state policy
makers suggest that, despite their best efforts, teacher candidates are often
placed with CTs who are not instructionally effective (Greenberg,
Pomerance, & Walsh, 2011). As we describe in more detail below, there
are a number of possible reasons why this might be the case. At least one
possible explanation, commonly cited in Tennessee, where our study takes
place, is that instructionally effective teachers fear mentoring teacher candi-
dates will negatively impact their teacher evaluations. Given substantial evi-
dence that new teachers are far less effective than more experienced
teachers, allowing a candidate to take over the classroom for part of the
year may indeed affect student achievement scores. However, early empiri-
cal evidence suggests these fears may be unwarranted. Though there are no
existing studies published in peer-reviewed journals, a working paper in
Washington (Goldhaber, Krieg, & Theobald, 2018b) finds that there are no
average effects of supervising candidates on their student achievement
gains, though lower performing teachers have worse achievement gains in
math.

More studies in different labor markets and policy environments are
needed—like the present study in Tennessee—in order to test whether these
findings are specific to the Washington context. Additionally, in Tennessee,
student achievement gains are only one aspect of the teacher evaluation

Ronfeldt et al.

2



system. This study also tests whether teachers’ observation ratings, which
receive equal weight in state evaluations, are impacted by mentoring a can-
didate. We also contribute to the existing empirical base by testing whether
serving as a CT affects teacher evaluations in years after mentoring a candi-
date. We investigate this, in part, because some existing literature suggests
that mentoring can function like a form of professional development for
the CT (Spencer, 2007). Finally, we test whether the effects of serving as
a CT are concentrated among teachers who are more or less instructionally
effective or among teachers who work at specific school levels (elementary,
middle, secondary).

Results from this study suggest that, compared with other years, teachers
receive better observation ratings and similar achievement gains in years that
they serve as CTs. We find positive effects on observation ratings for teachers
across quartiles of instructional effectiveness, though effects are the most
positive for teachers in the bottom quartile. When considering achievement
gains, we detect small, positive effects for top-quartile teachers and small,
negative (but nonsignificant) effects for bottom-quartile teachers; this is
somewhat inconsistent with Goldhaber et al. (2018b), who found negative
effects across quartiles and significantly negative effects in the bottom quar-
tile. We also find the positive effects of serving as a CT on observation ratings
to be concentrated among elementary teachers and the effects on student
achievement gains to be similar across school level. Finally, in years after
serving as a CT, teachers perform similarly on observation ratings and
slightly worse on student achievement gains, though the latter results may
be explained in part by student achievement gains’ regression to the mean
(Atteberry, Loeb, & Wyckoff, 2015).

The results of this study suggest that concerns that serving as a CT will
harm teacher evaluations seem unwarranted; in fact, mentoring a candidate
may increase evaluations. As TEPs and policy makers strive to recruit instruc-
tionally effective teachers to serve as CTs, this study suggests that these teach-
ers should consider serving as CTs because, beyond benefiting the next
generation of teachers, doing so may also improve their own evaluations.

Literature Review

The vast majority of existing literature on CTs focuses on the effects of
CTs on teacher candidates; however, this study investigates the effects of
supervising a candidate on CTs themselves. At the present moment, we
know of no published articles about the latter. In order to motivate this
study, we begin by focusing on growing evidence that CTs who are instruc-
tionally effective teachers significantly impact candidate learning and perfor-
mance. We then review literature about who serves as a CT and how
placements are made in order to illustrate why candidates are not always
placed with CTs who are highly effective teachers. We conclude with
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a review of a working paper and an unpublished report that are, to our
knowledge, the only existing evidence for the impacts of supervising a can-
didate on student achievement.

The Impact of CTs on Candidates’ Instructional Effectiveness

Recent evidence suggests that new teachers are more instructionally
effective in their first year if, during their preservice preparation, they
received mentoring from more instructionally effective CTs. In a study eval-
uating statewide data from Tennessee, Ronfeldt, Brockman, and Campbell
(2018) found that candidates who completed their student teaching or resi-
dency in a classroom with CTs who received observation ratings of 5.0 (sig-
nificantly above expectations—the highest score on Tennessee’s ratings
scale) performed as if they had an additional year of teaching experience
when they began teaching as compared with peers whose CTs received rat-
ings of 3.0 (at expectations). They also found the student achievement gains
of candidates and their CTs to be significantly and positively correlated.
Likewise, in a study using data from Chicago Public Schools, Ronfeldt,
Matsko, et al. (2018) found that an increase of one point in CTs’ observa-
tional ratings (on a scale of 1–4) was associated with a 0.16 point gain for
their preservice candidates’ ratings in their first year, an amount comparable
to the average difference on observation ratings between teachers in their
first year and teachers with between 2 and 5 years of experience in
Chicago (Jiang & Sporte, 2016). More recently in Washington, Goldhaber
et al. (2018b) also found strong, positive associations between the math stu-
dent achievement gains of mentees and mentors and more modest, but still
positive, associations in English Language Arts (ELA).

CT Recruitment and Selection

The literature reviewed thus far suggests that being assigned to an
instructionally effective CT predicts teacher candidates becoming more
instructionally effective themselves. Yet both existing qualitative literature
and anecdotal evidence indicate that teacher candidates are often assigned
to CTs who are not the most instructionally effective teachers in their schools
or districts (Greenberg et al., 2011). There are many possible explanations
for this. First, there is evidence that some TEPs privilege recruiting CTs
who are known to provide good or supportive coaching to preservice can-
didates over recruiting the most instructionally effective teachers of P–12 stu-
dents (Mullman & Ronfeldt, 2019). Additionally, recent research conducted
on student teaching placements suggests that proximity to the program or
the preservice candidate’s home might be the most influential factor in selec-
tion of CTs, rather than instructional quality (Krieg et al., 2016; Maier &
Youngs, 2009). Prior research also suggests that different stakeholders—in-
cluding program staff, district leader, school administrators, and candidates
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themselves—in different programs take primary responsibility for making
placement decisions (Grossman, Hammerness, McDonald, & Ronfeldt,
2008; Matsko et al., 2018), and these stakeholders likely differ in terms of
how much they prioritize CT instructional effectiveness as a selection crite-
rion. Finally, district and school leaders are sometimes hesitant to select their
most instructionally effective teachers to serve as CTs because this could
mean rookie teachers take over instruction for their best teachers, which
they fear may have negative short-term effects on student learning and
achievement, especially given the rise of high-stakes testing (St. John,
Goldhaber, Krieg, & Theobald, 2018). In fact, some TEP leaders indicate
that principals occasionally want to put candidates in the classrooms of
struggling teachers so that they can help out and serve as ‘‘an extra set of
hands’’ (Mullman & Ronfeldt, 2019). Similarly, St. John et al. (2018) find
that principals sometimes make these matches ‘‘with the hope of either sup-
porting or motivating a [CT’s] practice’’ (p. 14).

Most relevant to this study, though, are reports by TEP leaders, and the
district and school leaders with whom they collaborate, that teachers can be
hesitant to serve as CTs for concerns that their annual evaluation scores may
suffer. We initially learned about these concerns anecdotally, during conver-
sations with TDOE policy makers and TEP leaders. These concerns were
subsequently confirmed during interviews—as part of a research study on
the variation in clinical preparation—by TEP leaders responsible for design-
ing and implementing clinical experiences across Tennessee (Mullman &
Ronfeldt, 2019). When asked about the basis for these concerns, some men-
tioned an unpublished report by the SAS Institute (2014) from a pilot study in
Tennessee that concluded,

For most grades and subjects, supervising student teachers had no
significant difference in terms of teacher effectiveness, particularly
for teachers who are considered average or high performing.
However, the initial findings do suggest that low performing teachers
might have a small negative impact in their effectiveness in
Mathematics and Science when supervising student teachers as com-
pared to not supervising. This finding has potential implications for
the assignment of student-teachers to licensed teachers. (p. 2)

This potential harm to evaluation scores might worry teachers of all levels of
effectiveness, given the climate of high-stakes testing.

The Impact of Mentoring on CTs’ Instructional Effectiveness

Despite these concerns, one might hypothesize that instructional quality
would improve in classrooms with a teacher candidate/student teacher,
given the higher student-to-teacher ratio, opportunities for collaborative
teaching, and the introduction of potentially new knowledge/pedagogy by
the teacher candidate.
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We are aware, though, of only one recent working paper that has
directly tested the impact of supervising a candidate on CTs’ instructional
performance. In Washington, Dan Goldhaber et al. (2018b) tested whether
mentoring a candidate affected student achievement gains, and whether
effects were heterogenous across levels of CT instructional effectiveness,
as measured by teachers’ value-added scores. Using data from 14 TEPs in
Washington state, they found that there was no concurrent effect of mentor-
ing a candidate on average student math or ELA achievement gains.
However, there were differential effects by quartile of prior performance,
namely, mentoring a candidate had a large and negative effect on students’
math achievement for CTs in the lowest value-added quartile. The authors
suggest that more effective CTs are able to ‘‘mitigate’’ the impact of letting
an inexperienced candidate take over instruction in the classroom.
Conversely, they also found modest, positive impacts on student math and
reading performance in subsequent years of serving as a CT. In the next sec-
tion, we consider more extensively different mechanisms by which mentor-
ing a candidate might impact a teacher’s concurrent and future performance.

Contributions of the Present Study

In keeping with recent calls for more replication studies in educational
research (Makel & Plucker, 2014), the present study replicates and extends
the Goldhaber et al. study in a different teacher labor market and state con-
text. Like Goldhaber et al. (2018b), we are interested in the effect that men-
toring a candidate has on teachers’ evaluation metrics. The present study,
though, also extends prior research by incorporating both value-added
measures and observational ratings as our outcomes of interest. While
Goldhaber and colleagues only considered value-added measures, in
many states (including Tennessee) observation ratings carry equal, and
sometimes greater, weight in final evaluations. Especially given prior evi-
dence that observation ratings may be prone to rater tendencies, biases,
and subjectivities (Campbell, 2014; Campbell & Ronfeldt, 2018; White,
2018), it may be that the effects of supervising a candidate on observation
ratings differ from the effects on value-added measures. For example, the
elevated status of being a CT may cause raters to inflate scores of teachers
supervising candidates. We further extend the literature through our use of
an analytic sample from Tennessee state administrative data, a state with
a labor market and cultural context that differs from Washington.

Similar to Goldhaber et al. (2018b), we consider heterogeneity of effects
by prior performance level as well as heterogeneity by school level. We add
the latter focus because elementary teachers typically have self-contained
classrooms and teach all subjects to the same group of students, whereas
secondary teachers typically work with different students (classes/preps)
across the day and usually specialize in terms of subject matter. These
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different arrangements require different approaches and decisions about
how to integrate candidates into classrooms and lead teaching responsibili-
ties, and thus, may have different implications for impacts on a CT’s own
performance. Below, we elaborate on different school-level considerations
regarding student teaching arrangements and potential mechanisms by
which these arrangements may impact a CT’s performance.

We also consider the impacts of mentoring a candidate on the CT’s own
learning and professional growth and interrogate whether serving as a CT
changes future performance. The literature suggests that effective profes-
sional development include long-term, active learning (Desimone, 2009),
and it is possible that mentoring a novice teacher meets these requirements.
In fact, in a recent survey of CTs in Chicago, almost one fifth of CTs indicated
that their primary reason for serving as a CT was because it helped them to
improve as a teacher (Matsko, Ronfeldt, & Greene Nolan, 2019). This is fur-
ther supported by a review of mentoring programs for novice teachers in the
United Kingdom, where Shanks (2017) finds that mentors, in coaching novi-
ces, sometimes engage in the same kinds of critical inquiry and reflection as
mentees, creating opportunities for learning for both parties. Thus, we test
for lagged effects of serving as a CT on teachers’ instructional performance
in years after they mentored candidates.

Logic Model

While most existing research has focused on the effects of CTs on the
performance of those candidates working with them, this study investigates
the effects on the performance of CTs themselves. The perception among
some teachers, teacher educators, and policy makers in Tennessee and
elsewhere—a central motivation for this study—is that serving as a CT can
harm teachers’ evaluation scores1 in the year that they serve. How might
this occur? To our knowledge, there is no existing research on how serving
as a CT might impact one’s own evaluation scores; thus, we can only spec-
ulate. In this section, we begin by considering a number of possible mech-
anisms by which mentoring a candidate might impact, positively and
negatively, teachers’ evaluation scores in the year that they serve; after, we
consider how serving as a CT might affect their future performance, during
postservice years.

Our logic model (see Figure 1) begins with an assumption that observa-
tion ratings and value-added measures reflect the quality of underlying
teaching skills/competencies, an assumption that is supported by a number
of studies demonstrating their validity and reliability (Cantrell & Kane, 2013;
Gitomer & Bell, 2013; Hill, Kapitula, & Umland, 2011; Kane & Staiger, 2012).
We also acknowledge, though, that these evaluation measures are unlikely
to capture all dimensions of teaching quality and are known to measure
other aspects of classrooms beyond teaching quality, so are prone to
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manipulation, error, and bias, as previously stated. We know, for example,
that observation ratings tend to be lower in classrooms with students who
are lower achieving, Black and Latinx, receiving special education services,
and secondary, and in classrooms of teachers who are male and, in some
cases, Black (Campbell & Ronfeldt, 2018; Harris, Ingle, & Rutledge, 2014;

Figure 1. Logic model for effects of serving as a cooperating teacher on evalua-

tion scores.

Note. CT = cooperating teacher; PD = professional development.
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Jiang & Sporte, 2016; Steinberg & Garrett, 2016). We also know that observa-
tion ratings may vary by time of day and year, identity of the rater (e.g., master
rater versus principal), and content being taught (White, 2018; Whitehurst,
Chingos, & Lindquist, 2014). Similarly, value-added measures (VAMs) are
somewhat unstable across years and can vary by student characteristics, sub-
ject area, and prior achievement (Loeb & Candelaria, 2012). Thus, as we con-
sider how ratings change in response to serving as a CT, we consider not only
how serving as a CT may influence the quality of teaching in a classroom but
also how evaluations may change as a result of manipulation or bias, even
where the quality of teaching remains constant.

As we consider mechanisms by which CTs’ performance may be
affected by mentoring a candidate, it is also important to consider different
ways that CTs might hand over lead teaching responsibilities to candidates.
In some cases, CTs only have one classroom or section (e.g., elementary
teachers in self-contained classrooms). In these cases, CTs can allow candi-
dates to take over lead teaching responsibilities across subject areas; they
can also hand over lead teaching responsibilities in some subjects (e.g., read-
ing, science) but not others. In other cases, CTs teach multiple periods or
classes (e.g., secondary science teachers with Biology and AP Biology clas-
ses). Here, CTs may hand over lead teaching responsibilities in some classes
but retain them in others. Given that school principals/leaders are likely to
observe CTs when they are personally teaching, the decision about which
classes to hand over to a candidate can have implications for CTs’ evalua-
tions. For example, if a CT hands over lead teaching responsibilities in their
most challenging classes or subjects, then they are likely to be observed and
evaluated in less challenging contexts which could boost their evaluations.
Thus, as we discuss mechanisms by which mentoring may impact a teacher’s
own evaluations, we consider ways in which the quality of teaching may be
impacted versus ways that evaluated performance may change without nec-
essarily impacting underlying teaching quality; in Figure 1 we differentiate
mechanisms by which ‘‘real’’ and ‘‘perceived’’ performance may be
impacted. Here we intend to differentiate ways in which teachers may actu-
ally alter their teaching (quality) in response to service as a CT versus ways in
which evaluations of their practice might be altered without necessarily
changing their teaching at all. Our study is not designed to test which, if
any, of these postulated mechanisms is at work; rather, we include this sec-
tion to give the reader an orientation to plausible ways that serving as a CT
might affect a teacher’s evaluations. We encourage future research to inves-
tigate which of these mechanisms explain the results we observe.

Possible Mechanisms for Impacting Performance During Service Year

We begin by considering mechanisms by which CTs’ performance may
be harmed in years that they mentor candidates. Perhaps the most obvious is

Effects of Serving as a Cooperating Teacher

9



that candidates are inexperienced, and there is a great deal of literature dem-
onstrating that rookie teachers tend to be less effective teachers, which could
lead to lower student achievement scores. That is, when candidates take
over some/all lead teaching responsibilities, students in their classrooms
likely encounter less effective teaching, on average. If, as a result, students
perform worse on state tests, this would be reflected in CTs’ achievement
gains, given that they are still the teacher of record. This is an example of
a real change in teaching quality resulting from serving as a CT.

How could mentoring a candidate also negatively affect CTs’ observation
ratings? In Tennessee, a teacher must still be observed by a principal or school
leader even when mentoring a candidate. In cases where CTs teach a self-con-
tained class, the evaluator presumably observes the CT teaching the same stu-
dents as those taught by their candidate. As a result of inexperienced
candidates taking responsibility for some of the prior classroom activities, it
is possible that the classroom culture will be worse and/or the students will
be less prepared and, as a result, the CTs may struggle more when being
observed and evaluated. In cases where CTs have multiple preps/classrooms
and hand over lead teaching responsibility in only one/some classes, then it is
possible that candidates will take over in classes with stronger classroom cul-
tures (e.g., to make learning to teach somewhat easier). This would then leave
CTs to be evaluated in classrooms/preps where they may be more likely to
struggle and, hence, receive lower observation ratings. This scenario describes
a case in which perceived teaching quality changes as a result of CT service.
Yet another possibility is that mentoring a candidate takes CTs’ time and effort
away from improving their own teaching with P–12 students.

On the other hand, there are potential mechanisms that could lead to an
improvement in CT performance. One possible mechanism is that mentoring
a candidate effectively doubles the numbers of teachers in a classroom, thus
decreasing the student-to-teacher ratio and raising the likelihood that students
will receive more individualized attention. Moreover, mentoring a candidate
allows for teacher collaboration, which can increase teaching quality and stu-
dent performance; for example, candidates might share new curriculum or
pedagogy perhaps from their TEPs. It is also possible that when mentoring
a candidate, CTs may be more motivated to model exceptional teaching,
thus putting extra time and effort into teaching. Finally, if they choose to place
their candidates in their most challenging preps/classes/subjects, CTs will be
more likely to be observed in settings that are favorable to their performance.

Possible Mechanisms for Impacting Performance in Future Years

It is also possible that a teacher’s performance after serving as a CT may
be affected. Hosting a candidate could be a form of professional develop-
ment for CTs (Spencer, 2007). By observing and providing feedback to
a new teacher, or in engaging in planning and reflective conferences with
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them, CTs might sharpen their practice and become more effective teachers
themselves. Student teachers also may bring innovative teaching practices
from their methods courses that they implement during their clinical place-
ments. CTs could learn from these practices and add them to their teaching
repertoire, which could manifest in improved performance in subsequent
years.

Of course, a CT’s performance could also decline in postservice years.
Hosting a candidate could be taxing for a CT, either personally or profession-
ally. This could lead to CT burnout and exhaustion. Having to fulfill the
always-increasing demands of teaching on top of mentoring a new teacher
could lead to CTs not having enough time to properly rest, which could
result in a decline in performance in the years following mentoring a candi-
date. It is also possible that teachers develop poor habits when mentoring
a candidate and then carry these habits into future years (e.g., adopt ineffec-
tive practices used by the candidate).

School leaders might also believe that teachers who serve as CTs are
exceptional, and, in subsequent years, assign these teachers more difficult
preps/classes, leading to lower evaluations in subsequent years. It is also
possible that school leaders inflate evaluations of teachers in years they serve
as CTs (e.g., leaders may be more lenient given that being a CT is a form of
service that effectively increases workload); consequently, postservice eval-
uations might subsequently decline mechanically even where the quality of
teaching performance is consistent.

Research Questions

Drawing upon this logic model, in this article we ask broadly, ‘‘What
effects might serving as a CT have on teachers’ concurrent and subsequent
performance?’’ More specifically, the following research questions guided
our analysis:

Research Question 1: Do teachers perform differently in years that they serve as
CTs?

Research Question 2: Are the effects different for different groups of CTs?
Research Question 3: Do teachers perform differently in years after they serve as

CTs?

Data

Data for this article come from a unique data set of CTs collected by the
Tennessee Department of Education. This data set includes information from
17 TEPs2 in the state and identifies the teachers who served as CTs for these
programs between the 2010–2011 and the 2013–2014 school years. We
merge these data onto Tennessee’s teacher and school databases. The
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teacher database includes information about teachers’ work experience,
licensing status, and evaluation scores. School-level data come from
Tennessee school universe files which include information about student
body characteristics, average attendance, and school improvement status.

Descriptive Statistics

Our analytic data set includes all teachers in Tennessee from the 2010–
2011 school year through the 2016–2017 school year. Our sample includes
458,717 teacher-by-year observations. Table 1 presents descriptive informa-
tion about types of evaluation data we have for teachers, including observa-
tion ratings and their value-added to student achievement measures
(Teacher Value-Added Assessment System, or TVAAS; see Vosters, Guranio,
and Wooldridge, 2018, for more information on how these scores are calcu-
lated). Similar to other states’ use of value-added measures, TVAAS is calcu-
lated using state test data and intends to capture an individual teacher’s
effect on student achievement; teachers receive scores for specific tested
subjects as well as composite scores. TVAAS was piloted in the 2010–2011
school year and fully implemented the following year, so we report value-
added measures starting in 2011. TVAAS scores are available only for about
half of the teachers in our sample because of variation in testing require-
ments across grade levels and school settings. Observation ratings are avail-
able starting from the 2011–2012 school year. We have a total of 4,522
teacher-by-year observations for teachers who served as CTs between the
2010–2011 and 2013–2014 school years.3 Teachers in Tennessee are assessed
multiple times per year using the Tennessee educator acceleration model,
a rubric that includes four domains and multiple indicators within each
domain.4 The four domains are instruction, environment, planning, and pro-
fessionalism. Professionalism is only assessed one time, at the end of the
school year. For the other three, multiple domains and indicators are scored
simultaneously, during the same observation, and teachers receive scores on
a scale from 1 (significantly below expectations) to 5 (significantly above
expectations). For this article, domain and overall ratings are an average of
indicator scores and domain scores, respectively.

Table 2 presents summary statistics comparing those teachers who
served as CTs with those who did not. Reading the table from left to right,
we present the average statistics for our entire analytic sample of teachers,
CTs, all other teachers, and the difference between CTs and other teachers.
Teachers who served as CTs are, on average, statistically different from other
teachers when it comes to their observation ratings, TVAAS scores, teacher
covariates, and school covariates. On average, we find that CTs are more
likely to be White (7.6 percentage point difference) and female (3.6 percent-
age point difference), have 1.88 years more experience, are more likely to
hold an advanced degree, and work in schools with a greater proportion
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of students who are White and meet proficiency levels on state exams and
with a smaller proportion of students who qualify for free or reduced-priced
lunch. CTs also tend to have higher observation ratings and TVAAS scores. In
our sample, the average observation rating for a CT was 4.04, compared with
3.88 for teachers who did not serve. The average TVAAS score for CTs was

Table 2

Comparing Observable Characteristics of All Teachers With Those of

Cooperating Teachers

All

Teachers

Cooperating

Teachers

Other

Teachers Difference p Value

Outcomes of interest

Observation ratings 3.888 4.042 3.879 0.163 ***

TVAAS—All subjects 0.042 0.098 0.038 0.061 ***

TVAAS—Mathematics 0.083 0.158 0.078 0.081 ***

TVAAS—ELA 0.022 0.054 0.019 0.035 ***

Teacher covariates

Percent female 0.799 0.833 0.797 0.036 ***

Percent White 0.870 0.941 0.866 0.076 ***

Percent Black 0.122 0.055 0.125 20.070 ***

Percent other 0.005 0.004 0.005 20.002 ***

Percent bachelor’s degree 0.408 0.326 0.414 20.088 ***

Percent master’s degree 0.503 0.547 0.500 0.047 ***

Percent PhD 0.009 0.012 0.009 0.002 *

Age 42.55 42.95 42.53 0.42 ***

Years of teaching experience 11.96 13.74 11.86 1.88 ***

School assignment

Elementary school 0.433 0.498 0.429 0.068 ***

Middle school 0.185 0.193 0.185 0.009 **

High school 0.278 0.230 0.280 20.051 ***

School covariates

Percent White 0.678 0.759 0.673 0.086 ***

Percent Black 0.216 0.140 0.221 20.081 ***

Percent Hispanic 0.075 0.074 0.075 20.001

Percent FRPL 0.587 0.567 0.589 20.022 ***

Percent proficient 0.514 0.537 0.513 0.024 ***

N 241,882 4,522 237,360

Note. ELA = English Language Arts; FRPL = free or reduced-priced lunch; TVAAS = Teacher
Value-Added Assessment System. The Cooperating Teacher database is available for a sub-
set of teacher education programs in the state for school years 2010–2011 through 2013–
2014. The Tennessee Teacher Value-Added Assessment System was piloted during the
2010–2011 school year and fully implemented in the 2011–2012 school year.
Observation ratings are available starting from the 2011–2012 school year.
1p \ .10. *p \ .05. **p \ .01. ***p \ .001.
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0.061 student standard deviation units higher than other teachers. These
findings are consistent with other prior research which has found CTs to
have stronger evaluation scores, on average, than non-CTs (Goldhaber
et al., 2018b; Matsko et al., 2018; Ronfeldt, Brockman, & Campbell, 2018).

CT Blocks

In order to conduct a more appropriate comparison of those who serve
as CTs with those who do not, we construct blocks of all eligible teachers for
a student teaching placement in a given year. We identify teachers who
served each year and then group them with all other teachers in their dis-
tricts with the same teaching endorsement (e.g., secondary math, elemen-
tary, secondary ELA, etc.). This allows us to create a hypothetical pool of
all teachers who could have potentially served as CT for a particular candi-
date.5 We merge Tennessee’s Personnel Information Reporting System and
teacher assignment data onto our analytic sample and then compare the
courses they taught that year and assigned them an endorsement. If for
example, a seventh-grade social studies teacher in district D serves as
a CT, we create a block with all secondary social studies teachers in district
D in order to build a sample of all possible CTs for that year.

Table 3 presents descriptive differences between blocks with and with-
out eligible CTs, as well as differences between CTs and the rest of the teach-
ers in their block. Compared with blocks without CTs, on average, blocks
with CTs have lower observation ratings and years of experience but higher
TVAAS scores. Blocks with CTs have a higher share of elementary and mid-
dle school teachers and lower share of secondary teachers. They also tend to
have more female and Black teachers but fewer White teachers.

When we look within blocks, we find that CTs outperform non-CTs. In
our sample, CTs have average observation ratings of 4.03, approximately
0.19 higher than non-CTs in the same blocks. CTs also have higher TVAAS
scores than non-CTs (a 0.08 standard deviation difference for teachers not
in blocks and a difference of 0.06 for those in blocks). CTs were more likely
to be female, White, and hold a graduate degree, but were less likely to be
Black. When compared with the rest of their block, CTs were also more
likely, on average, to teach in schools with higher proportions of White
and higher achieving students.

Method

Research Question 1

We use a generalized differences-in-differences method with teacher
fixed-effects model to investigate the effects of serving as a CT on evaluation
metrics. This modeling strategy allows us the estimate the within-teacher
changes in years during which they serve as a CT as compared with the other
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years during which they did not mentor a teacher candidate while account-
ing for differences between teachers who are selected and teachers who are
not selected to serve as a CT.

Our preferred model is

Yit5b0i1b1CTit1dExpit1lt1eit ; ð1Þ

Table 3

Descriptive Statistics by Block

Blocks With CTs

Blocks Without CTs All Non-CTs CTs

Outcomes of interest

Observation ratings 3.911 3.855 3.838 4.026

TVAAS 0.033 0.051 0.045 0.109

TVAAS—Mathematics 0.063 0.100 0.093 0.171

TVAAS—ELA 0.019 0.024 0.020 0.058

Teacher covariates

Percent female 0.781 0.824 0.822 0.845

Percent White 0.878 0.857 0.849 0.940

Percent Black 0.110 0.137 0.145 0.056

Percent other 0.005 0.005 0.005 0.004

Percent bachelor’s degree 0.401 0.419 0.429 0.330

Percent master’s degree 0.509 0.493 0.487 0.548

Percent PhD 0.010 0.008 0.008 0.011

Age 42.87 42.10 42.05 42.69

Years of teaching experience 12.13 11.72 11.57 13.41

School assignment

Elementary school 0.39 0.50 0.50 0.53

Middle school 0.17 0.21 0.21 0.19

High school 0.33 0.20 0.20 0.21

School covariates

Percent White 0.693 0.657 0.648 0.752

Percent Black 0.207 0.230 0.238 0.145

Percent Hispanic 0.072 0.079 0.080 0.074

Percent FRPL 0.588 0.586 0.589 0.564

Percent proficient or above 0.517 0.509 0.507 0.537

N 102,560 118,562 114,037 4,222

Note. CT = cooperating teacher; ELA = English Language Arts; FRPL = free or reduced-
priced lunch; TVAAS = Teacher Value-Added Assessment System. Blocks were calculated
according to whether a CT served in particular district in a given year. We group them with
all other teachers in that district with the same teaching endorsement, so blocks represent
all eligible CTs for a preservice teacher that year.

Ronfeldt et al.

16



where Yit is the outcome of interest. b0i is the individual-level fixed effect.
CTit is an indicator variable taking the value of 1 for all years t during which
teacher i is reported as serving as a CT. Expit is a set of indicators for years of
work experience that we add to the model to increase efficiency and
account for the timing of being selected to be a CT. lt is the year fixed effect.
We use these fixed effects to account for any secular variation in evaluation
scores. eit is the stochastic error term adjusted for clustering of teachers at the
school level.

Our coefficient of interest is b1. This term captures the causal effect of
serving as a CT on evaluation scores and teacher value-added estimates.
Our causal claim rests on two identifying assumptions. First, any individual-
level characteristics that lead to selection into serving as a CT are constant
over time and can be accounted for by an individual-level fixed effect.
Second, these characteristics have a linear and additive functional form to
the model’s intercept (Angrist & Pischke, 2008).

Research Question 2

Heterogeneity by Quartile

Goldhaber et al. (2018b) suggested that the effects of serving as a CT
vary for teachers in different effectiveness quartiles, with a negative effect
among the lowest quartile of teachers.6 We calculate effectiveness quartiles
using a two-step approach. First, we estimate the teacher fixed effect from
this model:

Yit5ti1p1CTit1ei; ð2Þ

where ti is the teacher fixed effect for teacher i. This captures the evaluation
score averages for teacher i over all observation years, controlling for effects
of serving as a CT on evaluation scores. We use these teacher fixed effects to
calculate the quartile of effectiveness for each teacher or, more formally,
Qijti. We use these quartiles to estimate the effect of serving as a CT for
teachers across the quality distribution using the model

Yit5b0i1b1CTit3Qi1dExpit1lt1eit ; ð3Þ

where CTi3Qi is the interaction term between the CT indicator and the quar-
tile of effectiveness for each Y . b1 is a vector of four estimates, one for each
quartile of effectiveness, that allow us to test whether the effects of serving as
a CT vary at different points of the teacher performance continuum.

Heterogeneity by School Level

A major difference between elementary and secondary teachers is that
the former are typically with the same group of students throughout the
day while the latter tend to work with different students during the school
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day. As we discuss in our logic model, differences in school level could have
differential impacts on CTs’ evaluation scores. It is, therefore, important to
investigate whether or not the effects of serving as a CT vary by school level.

Thus, we divide schools into four categories, elementary (Grades K–5),
middle (Grades 6–8), high (Grades 9–12), and other (e.g., K–8 schools). We
estimate a model similar to Equation (4) where we interact the CT indicator
with indicators for school level, allowing us to test whether the effects of
serving as a CT vary by instructional setting.

Research Question 3

We modify our preferred model described in Equation (1) to answer the
third research question:

Yit5b0i1b1CTit1b2CTafterit
1dExpit1lt1eit ; ð4Þ

where we divide the counterfactual for serving as a CT in Equation (1) into
two parts using the CTafterit

indicator. This indicator takes the value of 1 for
all teachers who were reported as being a CT for at least 1 year and for all
years following serving as a CT. This allows us to separately estimate the
effects of serving as a CT on evaluation metrics for the years during which
a teacher serves as a CT and for the years following serving as a CT.7 The
coefficient of interest for these analyses is b2. This captures the effects of
serving as a CT in the period following this experience as compared with
evaluation scores during the period preceding serving as a CT.

Robustness Checks

We run several robustness checks to test whether our results are sensi-
tive to our model specification, to the sample of teachers that we use, and
to our estimation strategy. We find that the results from our preferred model
are robust against all of these checks.

First, we test whether our results are sensitive to the inclusion of teacher
experience. Papay and Kraft (2015) argued that experience coefficients
could be biased when used in a fixed-effects model that includes year terms.
We address this concern by estimating our preferred model without the
experience terms and by adjusting the experience coefficients using the
technique described by Papay and Kraft (2015).

Second, we include school-level covariates to control for possible unob-
served differences among workplaces that could confound selection to be
a CT and evaluation scores. For example, researchers have found a relation-
ship between teachers’ evaluation ratings and the characteristics of their stu-
dents (Campbell & Ronfeldt, 2018; Jiang & Sporte, 2016; Steinberg & Garrett,
2016).

Third, we estimate our preferred model on progressively more restric-
tive samples of teachers in order to account for various forms of likely
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selection. We restrict our sample to teachers who teach in the same school
district and subject area as the teachers who we observe serving as a CT,
to teachers who teach in the same school and subject, and to teachers
who are reported as being CTs at least once.

Last, we use traditional difference-in-differences and matched-sample
model specifications to check whether our results are sensitive to model
specification. In this specification, we use the equation:

Yit5b0i1b1CTever it1b2CTit1dExpit1pit1lt1eit ;

where CTever is an indicator variable that takes the value of 1 for any teacher
who served as a CT at least once, CT is the indicator variable taking the value
of 1 during all years t for which teacher i is reported as serving as a CT, pit is
a school fixed effect, and lt is a year fixed-effect term. Conceptually, this
difference-in-differences model compares teachers who serve as CTs with
teachers who did not serve within the same school. The first difference is
between teachers who ever serve as CT (‘‘ever CTs’’) and teachers who never
serve as a CT. This difference accounts for average unobserved differences
on evaluation scores between the group of teachers that is ever selected
to serve as CTs and those who were never chosen to serve. The second dif-
ference is within the group of ‘‘ever CTs’’ and compares the evaluation
scores for the years during which these teachers serve as CT and years dur-
ing which they do not. This second difference estimates the effect of serving
as a CT on evaluation scores.

This difference-in-differences specification relies on more permissive
assumptions than our preferred model: that the evaluation scores of teachers
who were ever selected to be CTs and the ones for teachers who were not
have parallel trends before CT selection. Evaluation and CT data availability
make it difficult to formally assess the degree to which evaluation scores for
CTs and non-CTs followed parallel trends before serving as CT. In particular,
when teachers served as CTs early in our observation window, we some-
times have no data on pretrends or only scores for a single year. Thus, we
limit our analysis to the 2013 and 2014 CT cohorts where we have at least
2 years of pretrend data, and we present an event study using this cohort
(see Appendix Figure A1). While we observe parallel trends between CTs
and non-CTs in terms of TVAAS, we observe that observation ratings (OR)
seem to increase the year prior to being selected to serve as a CT.

These results could hint at CTs being selected to serve based on prior
year observation score data. Given the mixed evidence during the pre-CT
period and the data limitations (especially the shifting cohorts of teachers
across years), it is difficult to be certain that the parallel trends assumption
has been met; therefore, we only include these difference-in-differences
results as a robustness check to our preferred model. We recommend cau-
tion when interpreting the results from these difference-in-differences
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models, as relaxing the assumptions of our preferred model could introduce
bias when the parallel trend assumptions are not met. In fact, we find that
the difference-in-differences estimates have greater magnitude than our
fixed-effects estimates. Two possible sources of bias can explain these
results. First, if the difference-in-differences models do not meet the parallel
trend assumption, the estimates will be biased upward. Second, unobserved
variables could lead to an increase in observation ratings that is unrelated to
serving as a CT. For example, a teacher might take on a leadership role at the
school at the same time as mentoring a candidate. We could expect that tak-
ing on that leadership role could lead to higher observation ratings and that
this increase is unrelated to serving as a CT.

In part because of possible concerns that, prior to serving, teachers who
become CTs may be increasing on observation ratings at relatively greater
rates than other teachers, we restrict the estimate sample to a matched sam-
ple of teachers. This matched-sample model allows us to construct a compar-
ison group that is similar on observed characteristics, including pretrends on
evaluation data, to teachers who serve as a CT. We do this in a two-step pro-
cess. First, we identify a sample of teachers who have observed characteris-
tics similar to our CT sample. Second, we use this matched group to calculate
the effect of serving as a CT on evaluation scores. Specifically, we match CTs
and non-CTs using a nearest neighbor matching algorithm that uses an exact
match on teacher demographic characteristics (i.e., race/ethnicity and gen-
der), highest level of education completed (i.e., bachelor’s, postbachelor’s,
or master’s degree), school level (i.e., elementary, middle, or high school),
and CT block. We fuzzy match using Mahalanobis distance on up to two
prior years of evaluation data and years of experience at the time of serving
as a CT. We remove two CTs from these analyses who did not match with
other teachers in the state on background characteristics. Appendix Figure
A2 reports the density distributions for the fuzzy matched variables pre-
and postmatching. We note that the matching procedure was able to identify
similar teachers across the demographic variables for all four outcomes of
interest, suggesting that these models appear to meet the common support
assumption. We also note that we were not able to have quality matches
on TVAAS mathematics scores 2 years prior to serving as a CT, which could
introduce some bias in the matched estimates for this particular measure.

This matched-sample specification relies on the assumption that we
match teachers who are reported as being CTs to teachers similar to them
in all observed characteristics included in the model except for being
selected to be a CT. However, these estimates could be biased if selection
to be a CT is driven by unobserved teacher characteristics.

The estimates from these two alternative model specifications have gen-
erally the same sign and are larger in magnitude than the estimates from our
preferred model. The results confirm that our preferred model provides the
most conservative estimates of our outcomes of interest.
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Results

Research Question 1: Do Teachers Perform Differently

in Years That They Serve as CTs?

We present the main results for the four outcomes of interest—observation
ratings, average TVAAS, mathematics TVAAS, and ELA TVAAS—in Table 4. We
begin by summarizing results from our preferred models with teacher fixed
effects. Across the first row, we notice that the effects of serving as a CT on eval-
uation metrics is either small and positive, in the case of observation ratings, or
not significantly different from zero, in case of all three TVAAS estimates.
Regarding observation ratings, estimates suggest that teachers’ observation
scores increase by 0.04 points in years that they serve as CTs as compared
with other years; this is roughly equivalent to about one fifth of the expected
growth in observation ratings for a first-year teacher (Ronfeldt, Brockman, &
Campbell, 2018). It is worth noting that CTs have, on average, almost 14 years
of experience, a point in teachers’ careers when their observation ratings tend
not to increase substantially (i.e., after the 10-year mark, see Papay & Kraft,
2015, for an in-depth analysis).

The even-numbered columns in Table 4 display the estimates from the
difference-in-differences models. We note that the point estimates for our
coefficient of interest tend to be greater in magnitude in these models
than in the teacher fixed-effects ones.8 In fact, the estimate on models for
TVAAS (all subjects), is now positive and statistically significant at the 5%
level, suggesting that teachers have greater achievement gains in years
that they serve as CTs. These models also allow us to estimate the difference
in evaluation scores (across years) between teachers who are reported as
serving as CTs at least once in our data set (see row ‘‘Ever cooperating
teacher’’) and teachers who are not reported as serving as CTs during our
observation period. We interpret this coefficient as the baseline difference
in evaluation scores that might have led specific teachers to be selected as
CTs. Across all four outcomes, we note that teachers who serve as CTs at
least once have significantly and meaningfully higher evaluation scores
than their peers. In other words, teachers who serve as CTs are, on average,
higher performing teachers and seem to be positively selected on their eval-
uation scores.

Sensitivity to Sample Selection

As discussed in the ‘‘Data’’ section (see Table 2), we find that teachers in
the same districts and subject areas as our CT sample seem to differ from
teachers in other districts/subjects. While our teacher fixed-effects models
effectively compare a teacher’s performance in years in which they serve
as CTs with performance in years in which they do not, in our preferred
specification we use the full sample of teachers—including those teachers
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in non-CT blocks—to estimate coefficients for teaching experience and for
the intercept term in a generalized difference-in-differences model. Thus,
we wondered whether our estimates could be sensitive to our choice of ana-
lytic sample. To test this, we constrain our analyses to successively more
restricted samples: (1) to teachers who teach in the same districts, same sub-
ject areas, and years as CTs in our sample; (2) to teachers who teach in the
same school, subject areas, and years as CTs in our sample; and (3) only to
teachers who served as CTs at least once. For all outcomes, the estimates for
our preferred models have qualitatively similar estimates over the different
estimation samples (see Appendix Table A1). However, the estimates for
observation ratings decrease by about a quarter when we restrict the sample
to teachers in the same blocks or same schools. This might be in line with
our prior finding indicating that the blocks and schools where we observe
CTs are different on baseline characteristics than other blocks and schools
in the state. This will lead to a mechanical change in the coefficients for
the covariates that we include in the model which could in part explain
the difference in point estimates across the different sample specifications.9

Alternatively, this might indicate the presence of positive selection bias
that is not fully accounted for in our preferred models but is accounted for in
the models that restrict the sample to teachers in the same block or school.
As an additional robustness check for our sample choice, we use a nearest
neighbor matching algorithm to construct a sample of teachers who have
observed characteristics similar to CTs but that were not picked to serve as
CTs. We report these estimates in Table 5, alongside the estimates for the
teacher fixed-effects and difference-in-differences models. Overall, we
observe that the estimates for observation ratings have the same sign and
magnitude across the different estimation models. Our matching algorithm
matches on up to 2 years of prior evaluation scores; thus, we are matching
CTs with non-CTs that have similar patterns of returns to experience preced-
ing the CT years. While differences in pretrends could explain the positive
effects on observation ratings in CT service years for our difference-in-
differences specifications, these pretrends are unlikely to explain observed
effects in our matched-sample models. Results for TVAAS appear to be sig-
nificant and greater in magnitude for the matched-sample model. This might
indicate that the matched-sample models, and to an extent the difference-in-
differences models, could fail to account for self-selection bias. Said another
way, teachers who were selected to be CTs could be different in unobserved
ways from teachers who were not selected (e.g., stronger motivation). The
teacher fixed-effects models account for these unobserved differences by
leveraging the within-teacher variation in evaluation scores for CTs, assum-
ing that these unobserved differences are constant within a teacher during
our observation period. Failing to account for these unobserved differences
could lead to estimates that are biased upward.

Effects of Serving as a Cooperating Teacher
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Research Question 2: Are the Effects Different for Different Groups of CTs?

In this section, we investigate whether the effects of serving as a CT dif-
fer for different groups of teachers. We begin by examining heterogeneity for
different quartiles of effectiveness. We then consider differences in estimates
for teachers who work in different school levels.

Heterogeneity by Effectiveness Quartile

Table 6 reports the estimates that include an interaction term between
the CT indicator and quartile indicator. We interpret the estimate for these
interaction terms as the effect of serving as a CT for teachers in the various
quartiles of effectiveness. We find positive effects of serving as a CT for
teachers in all four quartiles of observation ratings. Moreover, we find that
teachers in the lowest quartile benefit the most from serving as a CT com-
pared with teachers in the other quartiles. A possible explanation for this
pattern of results is that the ceiling effect built into the observation score
rubric negatively biases the effects of serving as CT for teachers in the upper
quartiles of effectiveness. In this case, the observation scores of more effec-
tive teachers do not have as much room for improvement as the scores of
less effective teachers.10 It is also possible that any contemporaneous profes-
sional development benefits of serving as a CT might affect lower perform-
ing CTs most.

Table 5

Coefficient Sensitivity to Estimation Method

(1) (2) (3) (4)

Observation

Ratings

TVAAS All

Subjects

TVAAS

Math

TVAAS

ELA

Fixed-effects model 0.040*** 0.008 20.001 20.003

Difference-in-differences model 0.053*** 0.014* 0.005 0.005

Matched sample 0.059*** 0.039** 0.092** 0.007

Note. ELA = English Language Arts; TVAAS = Teacher Value-Added Assessment System.
This table reports the sensitivity of the cooperating teacher (CT) coefficient to various
model specifications. The fixed-effects models include controls for years of experience,
year and teacher fixed-effects. The difference-in-differences models include controls for
years of experience, year and school fixed effects. The matched sample models report
the Average Treatment Effects on the Treated (ATET) on teachers who serve as CTs. We
fuzzy match using Mahalanobis distance on up to two prior years of evaluation data
and years of experience at time of serving as a CT. We exact match on teacher background
characteristics. We remove two CTs who do not match with other teachers in the state on
background characteristics.
1p \ .10. *p \ .05. **p \ .01. ***p \ .001.
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Results for TVAAS tell a different story. We find that the effects of serving
as a CT increase along the instructional effectiveness continuum. We observe
positive effects on TVAAS scores only for teachers in the fourth quartile of
effectiveness and possibly negative, but imprecisely estimated and nonsig-
nificant, effects for teachers in the first and second quartiles of effectiveness.
Finding effects to be more negative for lower performing teachers is consis-
tent with what Goldhaber et al. (2018b) found in their sample of teachers
from Washington state, where they hypothesize that more effective teachers
are better able to buffer any potential negative effects of their mentees.
However, while they found significant, negative effects overall (across quar-
tiles), with the most negative effects concentrated in the lowest quartile, we
find no significant effect overall (across quartiles) and instead small positive
effects among teachers in the top quartile of instructional effectiveness.

One possibility is that our results are entirely driven by regression to the
mean in evaluation scores (see Goldhaber et al., 2018b). In this case, we
might conflate random year-to-year variation in evaluation scores with
effects of serving as a CT. Specifically, if teachers’ service (as CT) years coin-
cide with years in which they also happen to randomly be at their peak per-
formance, then they will tend to naturally regress to their average
performance in post-CT years; this could lead to estimates like the ones
that we observe for observation ratings in Table 6.11 We check whether
our results are sensitive to the way that we calculated the quartile of effec-
tiveness by conducting a Monte Carlo simulation of the effects of serving
as a CT on a placebo sample of CTs. Using the CT blocks described earlier,
we randomly select 1,000 cohorts of teachers who were not actually selected
as CTs during our observation period; these cohorts serve as a placebo for
serving as a CT. We then calculate the effects of serving as a placebo CT
for these 1,000 cohorts in order for us to test the extent to which our results
are sensitive to regression to the mean. Appendix Table A3 shows the results
from this Monte Carlo simulation. If regression to the mean were at play,
then we would expect that the effects of regression to the mean on evalua-
tion scores as a result of serving as a CT for the placebo group to have esti-
mates similar to what we found for our CT sample. Instead, we find all the
point estimates for the placebo CT sample are all close to zero and their 95%
confidence intervals are centered at zero. More simply, we find no placebo
effect of serving as a CT on evaluation scores for teachers along the effective-
ness continuum. This suggests that our estimates for the effects of serving as
a CT for each quartile of effectiveness are robust against teachers’ evaluation
scores regressing to the mean.

Heterogeneity by School Level

Table 7 displays the results for the effects of serving as a CT by school
level. We find that the positive results on observation ratings are driven by
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CTs who teach in elementary and middle schools and that the evaluation
scores of teachers in high schools or other schools do not change when serv-
ing as a CT. Though we are not entirely sure why we observe these differ-
ences by school level, we explore possible explanations in the Discussion
and Conclusion section. We also find that estimates for serving as a CT on
TVAAS scores are mostly similar across the different school settings.
However, the results seem to suggest that high school mathematics teachers’
scores increase the year they serve as CTs but that these point estimates are
imprecisely estimated.

Research Question 3: Do Teachers Perform Differently

in Years After They Serve as CTs?

Based on our most conservative (i.e., teacher fixed effects) estimates, we
find small and positive effects on observation ratings and null effects on
TVAAS scores for years in which teachers serve as CTs. One possibility,
though, is that the effects of serving as a CT are not immediate, but instead
are observed in subsequent years. As discussed in our logic model, for exam-
ple, if serving as a CT functions as a form of professional development, then
we might not expect to observe increases in performance during the year
a teacher serves, but perhaps in following years. In the next section, we
turn to Research Question 3, where we estimate different effects for the years
during which teachers serve as CTs and for years following that experience.

Table 8 reports the results of the teacher fixed-effects and difference-in-
differences estimates of the effects of serving as a CT during postservice
years. Specifically, we compare performance while serving as a CT and after
serving as a CT with the evaluation scores during the time before serving as
a CT. For observation ratings, CTs’ evaluations do not increase, on average,
in years following serving as a CT (see Columns 1 and 2). We note that the
point estimates from the difference-in-differences model change sign but
remain nonsignificant. That is, both specifications indicate that serving as
a CT does not have a lasting impact on observation ratings beyond the years
during which teachers serve as CTs.

On the other hand, results for TVAAS scores show that CTs’ scores
decline in the period after serving as a CT. TVAAS scores for the years in
which teachers serve as CTs are similar to their scores for years before serv-
ing as a CT. However, scores in years after serving are lower than scores in
years prior to serving. These results might highlight unobserved differences
between CTs and non-CTs that we are not able to control in our main mod-
els. In fact, the negative effects for TVAAS scores disappear once we restrict
our analyses to only teachers who ever serve as a CT (see Appendix Table
A4, Column 3). This could suggest that CTs have differential returns to expe-
rience on TVAAS scores (this is supported by Atteberry et al., 2015, who find
differential returns to experience by quartile of performance). Specifically,
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CTs experience relatively higher growth on TVAAS in years leading up to ser-
vice years. This performance may increase the likelihood that teachers are
tapped to serve as CTs; given a bump in performance during years leading
up to serving. A postserving decline may be expected if non-CTs close the
TVAAS gap during the post-CT period.

Similar to Research Question 1, we explore whether our results are sen-
sitive to sample selection. Appendix Table A4 presents the results for the
teacher fixed-effects models on restricted samples of teachers. The estimate
directions and magnitudes are similar across the estimation samples for the
main effect of serving as a CT. The estimates for the period following serving
as a CT appear to change somewhat depending on the sample that we use.
For observation ratings, we find that the positive but insignificant estimate
for the years following serving as a CT appears to move toward a null but
imprecise estimate. For TVAAS scores, we find that the negative effect on
the years following serving as a CT appears to move toward zero.12

Discussion and Conclusion

There is growing evidence that recruiting more instructionally effective
teachers to serve as CTs is a promising approach to improving the prepara-
tion that teacher candidates receive and, subsequently, the instructional
effectiveness of the incoming supply of new teachers. So why are program
leaders reporting that it can be difficult to get our most instructionally effec-
tive teachers to serve as CTs? The challenge appears to be multifaceted, and
this study investigates one factor: that teachers are hesitant to mentor
a teacher candidate for fear that they may receive lower evaluations. Our
results suggest that any concerns over declining evaluations are not war-
ranted. Rather, we find observation ratings may even increase while student
achievement gains are unaffected. The implications are that instructionally
effective teachers who are considering becoming CTs should not let fears
over evaluation scores deter them from serving. Moreover, program and dis-
trict leaders charged with recruiting these teachers to serve can assure poten-
tial CTs that such fears are likely unjustified.

Since this article is the first to examine effects on observation ratings,
a unique contribution is finding that teachers’ concurrent observation ratings
may actually benefit by mentoring a candidate. Regarding student achieve-
ment gains, our main results are similar to those of Goldhaber et al.
(2018b). Both studies found no effects of serving as a CT on average student
achievement gains, though our study found small, positive effects in alter-
nate model specifications.

Goldhaber et al. (2018b) also found that the effects of serving as a CT on
math achievement were negative among lowest performing teachers, but
effectively zero for other quartiles. They point out that this finding is some-
what surprising in light of prior evidence that principals sometimes place
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candidates in classrooms of less effective teachers to help boost performance
in those classrooms; in fact, the authors find the reverse to be true—placing
candidates in these classrooms appears to harm performance. They con-
clude that more instructionally effective teachers are likely better able to
buffer against the negative effects of mentoring a teacher candidate. In com-
parison, we find that the coefficients for serving as a CT decrease as CT effec-
tiveness decreases. However, we find positive and significant effects for
teachers in the top quartile, and negatively trending but nonsignificant
effects for teachers in lower quartiles. These results do not seem to be con-
sistent with an explanation that higher performing teachers are mitigating
the negative effects of mentoring a candidate; rather, our results seem to sug-
gest that higher performing teachers may actually benefit from mentoring
a candidate.

In terms of observation ratings, we find that all teachers, across all quar-
tiles of prior performance, receive significantly higher ratings in years that
they serve as CTs. However, we find that lowest quartile CTs tend to benefit
most.13 One might be tempted to conclude, based on this latter finding, that
program and school leaders should place candidates with lower performing
teachers. However, such a conclusion, we believe, would likely be prema-
ture in light of other evidence. First, there is strong evidence that graduates
have better early career performance when they learn to teach with more
instructionally effective CTs (Goldhaber et al., 2018b; Ronfeldt, Brockman
& Campbell, 2018; Ronfeldt, Matsko, et al., 2018). Second, results from our
study and Goldhaber et al. (2018b) indicate that student achievement gains
among lower performing teachers tend to decline in years they mentor can-
didates. Finally, as we describe above, we do not actually know if the overall
teaching and learning quality are benefitting in classrooms of lowest per-
forming teachers who mentor candidates or if teachers’ new roles as CTs
somehow change their evaluation procedures in ways that benefit their rat-
ings without necessarily benefitting their teaching (see Figure 1 Perceived
Changes). We encourage future work to examine the specific mechanisms
by which teachers’ evaluations change as a result of mentoring candidates,
including why there appear to be differences by the level of instructional
effectiveness of CTs.

Prior research has established that recruiting the most instructionally
effective teachers to serve as CTs is likely to benefit the new supply of pro-
spective teachers and those schools and districts that hire them. Our present
study suggests that this strategy is likely also to benefit those teachers who
serve as CTs, or at least cause the least harm. Though there are some subtle
differences between our results and those of Goldhaber et al. (2018b) and
SAS Institute (2014), a common conclusion from all three studies is that
the student achievement gains of the least instructionally effective teachers
are likely to suffer when they mentor candidates, whereas the achievement
gains and observation ratings of the most instructionally effective teachers
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are likely to go unchanged and possibly even improve. Taken together, the
existing research then tends to suggest that placing candidates with the most
instructionally effective teachers is likely to result in the greatest overall ben-
efit and least harm.

A limitation of our study is that we do not have comprehensive data
identifying all teachers who served as CTs across the state and across the
years included in our study. Rather, our CT data come from only those
TEPs that kept and were willing to share these data and only for years
that were included in their records. Thus, our coverage across TEPs and
years is uneven, and our results are not necessarily generalizable across
the state. It is possible that the CTs for the particular TEPs and years in
our sample may respond differently to serving than the CTs we do not
observe. Though unlikely, it is possible that teachers in our sample
improved on observation ratings when they served but teachers outside
our sample declined in performance. This might occur, for example, if CTs
in unobserved programs may have had different motivations for serving
than those in the programs we observed. The study by Goldhaber et al.
(2018b) also did not have full coverage of programs in Washington state
and so may be subject to similar limitations. We are currently in negotiations
with the TDOE to see if we can access comprehensive data on CTs across all
programs in Tennessee for future cohorts.

More research is needed to understand possible mechanisms by which
teachers get a boost in observation ratings during the years in which they
serve as a CT. As identified in our logic model, one possibility is that serving
as a CT does indeed boost the quality of instruction. It might be, for exam-
ple, that, in years they are serving as CTs, having an additional adult in the
classroom helps with instruction by increasing the amount of individual
instructional time each student has with a teacher. In years they serve as
CTs, teachers also might invest more in instructional planning as a result
of needing to onboard another teacher and ensure they are modeling
good practice.

Another possibility is that teachers who serve as CTs must schedule eval-
uations on days or during sections/periods when their candidates are not
lead teaching. This likely means that unscheduled observations (for evalua-
tion) are less common in years that teachers mentor candidates. It also could
mean that CTs are able to be more strategic about when they schedule obser-
vations/evaluations—for example, during easier periods/classes or during
subjects in which they especially excel—thus, reducing the impact of unan-
nounced observations. In these ways, teachers could effectively boost their
evaluations, possibly explaining the bumps in performance we observe dur-
ing years they serve as CTs. These explanations are consistent with finding
that lowest quartile teachers benefit most on observation ratings when serv-
ing as CTs, as one might expect strategically planned evaluations to benefit
less-effective teachers most. They are also consistent with finding little to no
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effects of serving as a CT on TVAAS scores, where student achievement,
rather than scheduled observations by raters, dictate performance.

One additional consideration is that we find the positive effects of serv-
ing as a CT on observation ratings to be concentrated in elementary schools.
There are many reasons why this might be true. It could be, for example, that
elementary candidates are better able to form personal relationships with
students because they are with them all day or because younger students
are more willing to connect with new teachers in their classrooms; this, in
turn, likely translates into a stronger instructional environment. If this were
the case, though, we would expect teachers’ TVAAS, and not just observation
ratings, to increase in years they serve as CTs.

Alternatively, one of the main differences between elementary and sec-
ondary teachers is that the former are tasked with teaching all subjects, even
ones in which they are less knowledgeable or effective. It is possible that ele-
mentary teachers who mentor candidates are more inclined to hand over
lead teaching responsibilities in subjects in which they feel less proficient.
If so, this could result in evaluators being more likely to evaluate CTs
when teaching their stronger subjects and, thus, to rate them higher than
in other years.14 If this were the case, then we would expect mentoring a can-
didate to likely benefit lower performing elementary CTs the most, which is
what we observe (see Appendix Table A6).

It is true that secondary teachers also often teach multiple courses.
Secondary teachers could also then assign their teacher candidates to the
subjects that are their weakest. However, we believe that secondary candi-
dates are often more specialized in their subject matter/content focus and
more likely to request a specific class that is a match. Compared with ele-
mentary teachers, this would likely place more constraints on secondary
CTs in terms of which parts of the school day that they would be able to
hand over lead teaching responsibilities to candidates, that is, secondary
CTs may have somewhat less flexibility than elementary CTs in how they
assign their candidates.

An important next step for future research is to interrogate the mecha-
nisms by which observation ratings increase in years that teachers serve as
CTs and, relatedly, whether the increases reflect improvements in actual
teaching quality or instead changes in evaluation processes that result in bet-
ter evaluations but not necessarily better teaching. If boosted performance
among CTs is explained by having opportunities to game the evaluation sys-
tem, whether intentional or unintentional, then we expect that some will
argue that it seems inequitable for teachers who mentor a candidate to
gain such an advantage. Though we understand this perspective, we also
recognize that mentoring a candidate is a tremendous amount of additional
work for classroom teachers and is often unrecognized, underappreciated,
and not rewarded. One recent study found that CTs typically received
only about $300 for mentoring a candidate, and that many were not
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compensated at all (Matsko et al., 2019). Especially given that CTs can have
meaningful, positive impacts on the instructional effectiveness of the incom-
ing supply of teachers, they may be deserving of advantages during the years
in which they mentor. In fact, one consideration might be to relieve teachers
of being evaluated in the years in which they mentor a candidate. Doing so
would remove any concerns about CTs gaming the evaluation system and
would offset fears that mentoring a candidate might harm evaluation scores—
even though our results suggest that these fears may be unwarranted—while
providing a low-cost incentive to serve.

Finally, our research extends prior work by testing whether or not serv-
ing as a CT has a longer term effect on evaluation during post-CT years. A
positive effect in post-CT years could suggest that mentoring serves a profes-
sional development function. For observation ratings, we find post-CT per-
formance to decline back to pre-CT levels. For TVAAS, we find post-CT
performance to actually be somewhat worse than pre-CT levels. However,
when we constrain models only to individuals who ever served as CTs,
the postserving estimates are similar to pre-CT estimates; this may suggest
that CTs are not actually doing worse in post-CT years, but that instead,
non-CTs tend to have stronger relative returns. Either way, while we find
some boost to evaluations during the years in which teachers serve as
CTs, we find no evidence that serving as a CT makes individuals better teach-
ers in post-CT years. Thus, serving as a CT does not appear to function as
a form of long-term professional development. These results differ from
Goldhaber et al. (2018b), who find student achievement gains to increase
significantly in post-CT years and conclude that serving as a CT may serve
as a form of professional development for teachers.

More research needs to investigate why these results in Washington dif-
fer from ours in Tennessee. One possibility is that the different labor mar-
kets, policy, and evaluation contexts afford and constrain different
responses by teachers who serve as CTs. Another possibility is that the differ-
ences result from different ways that the two studies measured value-added
to student achievement gains (VAMs) and modeled effects on achievement
gains. In particular, in their construction of VAMs, Goldhaber and colleagues
used student-level data and controlled for many student characteristics,
whereas our study, due to our data sharing agreements, depends on
teacher-level TVAAS measures which do not adjust for the same covariates.
If such differences in VAM construction were responsible for differences in
effects on post-CT outcomes, then we would have likely also expected dif-
ferences in concurrent effects, but our results are similar.

While more research is clearly needed to understand the mechanisms by
which serving as a CT impact evaluations—during concurrent and post-CT
years—the main policy conclusion from this study is generally promising
and consistent with conclusions from prior research: Serving as a CT does
not appear to harm a teacher’s concurrent or future performance evaluations
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and may even be of benefit. For teacher education program leaders, a related
implication is that they should not be concerned about potential unintended
consequences to teachers they recruit to serve as CTs. In fact, sharing that
there may even be some evaluation benefits could assist in their recruitment
efforts.

Appendix

Figure A1. Event study of serving as a cooperating teacher (CT) on outcomes of

interest.
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Figure A2. Density distribution of fuzzy matched covariates.
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Table A2

Nearest Neighbor Matching Quality

Mean Variance

Raw Matched Sample Raw Matched Sample

Panel A: Observation ratings (OR)

OR—2 years prior 20.847 0.000 1.874 1.000

OR—1 year prior 0.271 0.002 0.613 1.004

Years of experience 0.175 0.016 0.849 1.017

N 45,220 4,608

Panel B: TVAAS

TVAAS—2 years prior 20.097 0.012 0.503 1.135

TVAAS—1 year prior 0.255 0.013 0.777 1.180

Years of experience 0.181 0.008 0.866 0.987

N 18,424 2,236

Panel C: TVAAS Mathematics

TVAAS Math—2 years prior 20.127 0.015 0.427 1.088

TVAAS Math—1 year prior 0.186 0.007 0.757 1.122

Years of experience 0.172 0.021 0.865 0.987

N 8,753 988

Panel D: TVAAS ELA

TVAAS ELA—2 years prior 20.036 0.009 0.704 1.081

TVAAS ELA—1 year prior 0.265 0.008 0.823 1.126

Years of experience 0.162 0.016 0.817 0.969

N 9,684 1,176

Note. ELA = English Language Arts; TVAAS = Teacher Value-Added Assessment System.
This table reports the standardized difference between cooperating teachers (CTs) and
non-CTs on the variables we used to construct the nearest neighbor matched sample.
Values close to 0 for the matched sample means and close to 1 for the matched sample
variance indicate that the matching procedure was able to identify a non-CT sample sim-
ilar to the observed CT sample.

Ronfeldt et al.
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1In this article, we use measures from Tennessee’s educator evaluation system as our
outcomes of interest. While this evaluation system is designed to capture multiple aspects
of teaching, we are also aware that these measures could leave out important dimensions
of teaching practice that are not addressed on standardized tests or observation rubrics.
We want to stress that we are measuring the impacts of mentoring a candidate on these
evaluation scores rather than changes in CTs’ skills while mentoring candidates.

2The Tennessee Department of Education asked all educator preparation programs in
the state to share their placement data for this project, including cooperating teacher-
teacher candidate match data that is not currently collected as part of the teacher licensing
process. Seventeen programs agreed to share their data. These data cover about 40% of
the teacher candidates prepared in Tennessee during our period of observation.

3In most of our models, we restrict the evaluation data to cover the same time span as the
CT data set. As a robustness check, we use the full evaluation data. Our results are robust
against the data set that we use to estimate the effects of serving as a CT on evaluation scores.

4About 20% of Tennessee teachers are assessed using other rubrics than the
Tennessee educator acceleration model rubric. As part of the state-wide educator assess-
ment system, the Tennessee department of education calculates equated scores among the
Tennessee educator acceleration model rubric scores and these other observational
rubrics. We use these equated scores in our analyses.

5It is common for TEPs to ask candidates for their preferences in terms of districts in
which they are willing to complete their student teaching and to then select placements in
the requested districts (Krieg et al., 2016; Maier & Youngs, 2009). One reason for this is that
candidates often have geographic and travel constraints.

6Goldhaber et al. (2018b) also found evidence of regression to the mean in their sam-
ple. We test for this issue using a Monte Carlo simulation described below. We do not find
evidence that evaluation scores regress to the mean in our sample. This fact could be due
to differences in the way that we calculated the effectiveness quartile for teachers and the
way in which Tennessee calculates teacher value-added scores. First, we calculate quartile
of effectiveness using all evaluation data available for each teacher. This is because we do
not have access to evaluation data for the period preceding serving as a cooperating
teacher. Second, TVAAS models differ from traditional value-added models insofar that
scores for each teacher are calculated separately for each student cohort and that teacher
value-added are calculated using empirical Bayes’s estimates (Vosters et al., 2018).

7We observe that 83% of CTs are reported to serve only once during our observation
period, 14% of CTs serve twice, 3% serve three times or more.

8As we discussed in the ‘‘Method’’ section, these results rely on a different set of
assumptions than the teacher fixed-effects estimates. Namely, we are assuming that the
evaluation scores for CTs and non-CTs follow parallel trends during the pre-CT period.
The difference in results between the two specifications could suggest that this assump-
tion is not met, that is, CTs have different returns to experience than non-CTs. While
our analysis of parallel trends is partial, we find some potential evidence that pretrends
are not parallel for observation ratings (see the ‘‘Method’’ section and Appendix Figure
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A2). However, the results that we report in Appendix Tables A1 and A3 seem to suggest
that that the estimates from our preferred models are well specified.

9To test whether the change in covariate coefficients could explain our results, we
adjust the year fixed effects using the method that Papay and Kraft (2015) describe.
These models’ results are qualitatively identical to our preferred model estimates.

10Observation scores averages are 3.36 (SD = 0.36) for CTs in Quartile 1, 3.73 (SD =
0.30) for teachers in Quartile 2, 4.01 (SD = 0.28) for Quartile 3, and 4.39 (SD = 0.38) for
Quartile 4.

11In detail, regression to the mean happens when a variable is measured with error. Point
estimates from a regression model will include both the true effect and the effect of random
measurement error. Since the effect of the random measurement error changes year-to-year,
the point estimate for the effect of interest will also vary around its true point estimate. In our
case, regression to the mean could explain the improvement in observation scores that we
observe for teachers in the lower quartiles of effectiveness by suggesting that our CT estimates
are based on a ‘‘good evaluation’’ (i.e., positive measurement error) year and that these teach-
ers’ observation ratings regress back to their mean for years following serving as CT.

12A possible explanation for these unstable estimates could be collinearity between
the CT and following CT indicators, the experience fixed effects, and the years fixed
effects. This would lead to unstable point estimates that are sensitive to the estimation
sample that we use to identify the main effects. To address this concern, we use the
two-stage adjustment strategy for year fixed-effects described in Papay and Kraft (2015).
We first estimate the year fixed effect using a model that does not include teacher fixed
effects. We then use the year-specific coefficients estimated in Stage 1 in our preferred
model. The results from these models are consistent with the estimates from our preferred
models (see Appendix Table A5), confirming a null effect on observation ratings for years
following serving as a CT and a possible small and negative effect on TVAAS scores.

13It is important to point out that the lowest performing teachers in our CT sample are
actually still more instructionally effective than the average teacher in the state.

14It also may be more difficult for evaluators to do unplanned observations and eval-
uations of elementary CTs, since they are more likely than secondary CTs to be with a stu-
dent teacher throughout the entire day. Since teachers can prepare for planned
observations, this may effectively boost evaluations for elementary CTs.
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