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Introduction

to receive initial certification, a teacher can-
didate completes clinical training, often referred 
to as student teaching or residency, in the class-
room of a cooperating teacher (CT)—a P–12 
teacher who mentors them as they take on class-
room teaching responsibilities. There is increas-
ing evidence that clinical training—and the CT 

specifically—has important influences on pre-
service student teacher (PST) development 
(Bastian et  al., 2018; Goldhaber et  al., 2018b; 
Kang, 2020; Ronfeldt, Brockman, & Campbell, 
2018). New research suggests that PSTs who 
were mentored by instructionally effective 
teachers, as measured by observational ratings 
of performance or value-added to student 
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achievement models (VAMs), are more instruc-
tionally effective themselves once employed 
(Goldhaber et  al., 2018b; Ronfeldt, Brockman, 
& Campbell, 2018; Ronfeldt, Matsko, et  al., 
2020). Therefore, as teacher education programs 
(TEPs) strive to provide the best possible prepa-
ration for their candidates, selecting higher rated 
CTs is a promising lever.

However, program leaders report that it is 
often difficult to recruit instructionally effective 
teachers to serve as CTs for a variety of reasons. 
First, due to privacy and limited availability of 
evaluation data, school, district, and program 
leaders may not know who the most instruction-
ally effective teachers in local districts are. 
Second, school and district leaders may be resis-
tant to handing responsibility of instruction over 
to novice teachers in the classrooms of their 
strongest teachers. Finally, these different stake-
holders may have competing criteria for select-
ing CTs, some of which may not relate to their 
instructional effectiveness (Krieg et  al., 2020; 
Ronfeldt, Bardelli, et al., 2020).

This study describes an initiative that aims to 
increase the overall instructional effectiveness of 
teachers serving as CTs. In particular, the initiative 
tests whether providing data-driven recommenda-
tions for the targeted recruitment of CTs to district 
and TEP leaders can both raise the average level of 
effectiveness (LOE) of CTs and improve the qual-
ity of preparation for PSTs. First, we created an 
algorithm to identify the most instructionally 
effective and experienced teachers in the districts, 
subjects, and grades in which CTs were needed. 
We then worked with Tennessee Technological 
University (TTU)—one of the largest providers of 
teachers in the state—and the many partnering 
districts in which it places PSTs to randomly 
assign districts either to receive and use recom-
mendation lists based on this algorithm or to place 
PSTs as they normally would. We find that dis-
tricts that were randomly assigned to use these 
recommendation lists and were able to recruit sub-
stantially more effective and experienced teachers 
than other districts (by 0.4–0.7 standard deviation 
units across measures). Moreover, we observe that 
PSTs who learned to teach with this group of CTs 
felt significantly better prepared to teach at the end 
of their clinical training (by 0.5–0.7 standard devi-
ation units across measures). These findings pro-
vide evidence in support of policies, like those in 

the state of Tennessee where this study takes place, 
that set minimum requirements for instructional 
performance and years of experience in order for 
teachers to serve as CTs. Furthermore, results indi-
cate that a viable way to implement and even 
enhance such a policy involves leveraging exist-
ing information on the instructional effectiveness 
and experience of teachers to recommend which 
teachers to target. The findings demonstrate that, 
even within a state context with policy already 
establishing minimum evaluation requirements 
for service, the provision of improved information 
can meaningfully increase the quality of the pool 
of CTs.

Background/Literature Review

Understanding CTs’ Instructional Effectiveness 
and Its Likely Effects on PSTs

Three new studies have come to the same con-
clusion: PSTs are more instructionally effective 
early in their careers when they learn to teach  
with more instructionally effective CTs during 
their clinical training. In Tennessee, Ronfeldt, 
Brockman, and Campbell (2018) linked evalua-
tion data of recent program completers to the eval-
uation data of their CTs and found that newly 
hired program completers had better observation 
ratings based upon the state rubric when their CTs 
also had better observation ratings; likewise, grad-
uates had better student achievement gains (using 
Tennessee Value-Added Assessment System 
[TVAAS] scores) when their CTs did too. In sub-
sequent studies, Ronfeldt, Matsko, et  al. (2020) 
found similar patterns between PST and CT obser-
vation ratings in Chicago, whereas Goldhaber 
et al. (2018b) identified comparable associations 
between PST and CT achievement gains in 
Washington State. These studies suggest the value 
of policies like the one in place in Tennessee, 
which establishes minimum teaching evaluation 
requirements for teachers to serve as CTs. Finding 
similar relationships across different studies, labor 
markets, and sets of measures for instructional 
effectiveness also suggests that these associations 
are less likely to reflect spurious correlations than 
the actual effects of CTs on PSTs. However, all 
three studies are correlational in nature and thus 
require subsequent research relying on experi-
mental methods to assure that their results are 
truly causal, a contribution of the present study.
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In addition, these prior studies provide little 
guidance as to the possible mechanisms by which 
CT instructional effectiveness may impact PST 
instructional effectiveness. Just as important as 
knowledge of the presence of a relationship 
between CT and PST, instructional effectiveness 
is an understanding of how the former influences 
the latter. For this guidance, we turn to existing 
literature reviews on the research in teacher edu-
cation (and specifically clinical education), 
which consists of primarily qualitative inquiries, 
typically self-studies, of individual programs. 
Based upon Glenn (2006) and prior reviews of 
the existing research, Grossman et  al. (2012) 
suggest that CTs serve at least two major func-
tions: as a model of teaching and as a mentor or 
instructional coach who deliberately structures 
opportunities for new teachers to learn, practice, 
and receive feedback on their teaching efforts.1

Cooperating Teachers as Models or Coaches.  
Regarding modeling, a number of studies sug-
gest that PSTs learn how to teach, at least in part, 
from observing their CTs’ model practice and 
then emulating that practice. In fact, Koerner 
et al. (2002) found that the PSTs they surveyed 
were more likely to classify their CTs as “role 
models” than “mentors.” One might expect, then, 
that highly effective CTs positively influence 
PST development by demonstrating best prac-
tices that their PSTs are then able to incorporate 
into their own teaching. Conversely, CTs who 
model poor instruction may inadvertently pass 
less effective practices along with their PSTs 
(e.g., Hoy & Woolfolk, 1990; Rozelle & Wilson, 
2012; Zeichner & Gore, 1990); in such a sce-
nario, recruiting instructionally effective CTs 
could serve as an antidote to some of this detri-
mental socialization.

CTs may also serve in the role of coaches. 
Schwille (2008) studied the strategies used by 
coaches of novice teachers who were known as 
effective embodiments of “educative mentor-
ing,” a practice grounded in learning theories that 
position the learner (here, the PST) as an active 
participant in the learning process. Schwille 
(2008) documented many such strategies—
coaching while the PST is in the act of teaching, 
brief coaching interactions between classes or 
activities, more formal and structured postobser-
vation debriefs, co-planning and co-teaching 

lessons, and videotape analysis—in contrast to 
an “osmosis” approach consistent with model-
ing, “where the mentor hopes the novice will 
‘see’ and pick up on something on her or his 
own” (p. 148). In addition to employing different 
coaching pedagogies, CTs can also provide PSTs 
with emotional support when needed (Glenn, 
2006) and a balance of autonomy and encourage-
ment (Yendol-Hoppey, 2007). While it is likely 
that more instructionally effective teachers are 
also more adept at these coaching practices, it is 
also possible that they require skills and capaci-
ties distinct from those needed for the effective 
teaching of P–12 students.

The Relationship Between Modeling, Coaching, 
and Preservice Teacher Outcomes.  The empiri-
cal basis linking CTs’ actual practices—whether 
as coaches or models—to outcomes for PST 
learning is especially thin. One exception is 
McQueen (2018), who designed a training pro-
gram supporting randomly assigned CTs to pro-
vide their PSTs with more choice/autonomy 
about which area of teaching on which to focus 
and then to maintain a sustained focus in their 
feedback on that area over time. Per the typology 
described above, this training promoted a coach-
ing model for CTs rather than a modeling one. 
McQueen found that PSTs who worked with 
trained CTs received stronger evaluations on 
their teaching, though differences were signifi-
cant in only some specifications. These results 
are also consistent with a large body of research 
finding consistently positive effects of profes-
sional development programs that target the 
coaching practices of mentors of inservice, rather 
than preservice, teachers (see Kraft et al., 2018, 
for a review of this literature).

We know of three other studies that attempt to 
link the coaching practices of CTs with PST out-
comes. Matsko et  al. (2020) looked at all CTs 
who served in the Chicago area and found that 
PSTs reported feeling better prepared to teach at 
the end of their programs when also reporting 
that their CTs provided more frequent and/or a 
higher quality of feedback, instructional support, 
autonomy and encouragement, collaborative 
coaching, and job assistance. In a subsequent, 
related study, Ronfeldt, Matsko, et al. (2020) also 
found that PSTs had better first-year observation 
ratings (based upon district evaluations) when 
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their CTs reported more coaching focused on 
specific instructional practices, including those 
evaluated on the same rubric. However, both 
studies still suggest that the modeling function of 
CTs also benefits PSTs. The better prepared PSTs 
in Matsko et al. (2020) reported more effective 
instructional modeling from their CTs, who also 
received better observation ratings (based on the 
district evaluation rubric), while the more 
instructionally effective first-year teachers in 
Ronfeldt, Matsko, et al. (2020) served under CTs 
with higher observation ratings as well.

The third study provides the most relevant 
evidence about whether more instructionally 
effective CTs provide higher quality coaching. 
Ronfeldt, Goldhaber, et  al. (2018) developed 
and evaluated an initiative similar in many 
ways to the study described in this article, com-
bining prior administrative data on CTs’ 
instructional performance and experience with 
the average student achievement gains and 
teacher retention rates of the schools in which 
they worked to create an index for predicting 
more and less promising placements. Using the 
median as the cutoff, the authors randomly 
assigned PSTs to be placed in either low- or 
high-index placements. Compared with their 
peers in low-index placements, high-index 
PSTs reported that their CTs not only modeled 
more effective instructional practices but also 
engaged in more frequent and higher quality 
coaching activities like the provision of feed-
back and opportunities to practice different 
aspects of teaching in their placements—in 
short, both modeling and coaching again.

Although these results offer some plausibly 
causal estimates for the relationship between CT 
and PST instructional effectiveness, as well as 
some suggestion of the mechanisms by which 
that relationship has impact, other noncausal 
explanations are still possible. By including 
school-based measures like average teacher 
retention, which is known to signal school work-
ing conditions (Ronfeldt, 2012), CTs may simply 
have had more opportunity to mentor PSTs as a 
function of the characteristics of their schools 
rather than of their own attributes. Our present 
study rules out this alternative explanation by 
focusing only on measures of teachers’ instruc-
tional effectiveness and experience (absent any 
school-level variables); it thus offers the best 

causal evidence to date for the impact of being 
assigned to an instructionally effective and expe-
rienced CT on PST preparedness to teach.

Another limitation of Ronfeldt, Goldhaber, 
et al. (2018) is that the comparison group in this 
previous study was, in some sense, manufactured 
as a part of the research, with control PSTs inten-
tionally assigned less promising placements from 
the lower half of the index. In contrast, the design 
of the present study—randomizing at the district 
level to obtain a business-as-usual comparison—
allows us to test whether an intervention that is 
relatively low cost and easy to reproduce can 
improve CT recruitment procedures, on average, 
over typical approaches.

The main purpose of the present study, then, is 
to use existing administrative data to identify the 
most instructionally effective and experienced 
teachers to serve as CTs and then to randomly 
assign districts to receive recommendation lists 
(based on this information) to target their recruit-
ment. We then investigate the effects of having 
an instructionally effective CT on PSTs. Finally, 
we explore evidence related to two possible 
mechanisms by which instructionally effective 
CTs might influence PSTs’ preparedness: (a) 
modeling better instruction or (b) providing bet-
ter coaching and feedback. The following ques-
tions guide this study:

Research Question 1 (RQ1): Do CTs in dis-
tricts randomized to receive recommenda-
tion lists have higher average effectiveness 
scores and experience compared with those 
in districts following business-as-usual 
recruitment strategies?

Research Question 2 (RQ2): Do PSTs report 
feeling more instructionally prepared when 
their CTs were recruited using recommen-
dation lists?

Research Question 3 (RQ3): Do PSTs report 
more frequent and/or higher quality coach-
ing practices when their CTs were recruited 
using recommendation lists?

What We Know About Recruitment Procedures

The review above illustrates that there is 
already substantial evidence that recruiting 
instructionally effective and experienced teach-
ers to serve as CTs is likely a good idea. To what 
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degree is this already a priority among program 
and district/school leaders? In this section, we 
review the existing literature about how CTs are 
recruited for student teaching placements, the 
kinds of obstacles that program and district/
school leaders face in recruiting teachers (espe-
cially instructionally effective ones) to serve as 
CTs, and whether or not existing recruitment pro-
cedures are already targeting and getting the 
most instructionally effective teachers to serve.

Existing Recruitment Procedures.  A handful of 
empirical studies help shed light on the factors 
that influence the selection of CTs. In particular, 
demographic match between PST and CT, prox-
imity to the TEP, and CT and placement school 
characteristics seem to influence which teachers 
get selected to serve (Krieg et al., 2016; Maier & 
Youngs, 2009). We know of two studies that 
explored the recruitment procedures in specific 
labor markets. Reflecting the literature reviewed 
above, both of these studies found that TEP lead-
ers and other stakeholders report considering a 
potential CT’s ability not only to model effective 
instruction with students but also to support and 
coach a PST. In the first of these studies, St. John 
et al. (2018) identified a common CT recruitment 
process used across eight TEPs in Washington 
state. Broadly, TEPs began by assessing their 
needs and contacting districts and schools. 
Schools and districts evaluated their capacity to 
host, and eventually, PSTs, CTs, and principals 
met to determine whether each placement was a 
good match. The authors pointed out that the 
day-to-day demands and concerns of different 
stakeholders may cause recruitment procedures 
to deviate from these steps, but that, for the most 
part, TEPs adhered to a largely uniform process.

Conversely, in Tennessee, where the present 
study takes place, Mullman and Ronfeldt (2019) 
found that recruitment procedures varied both 
across and within TEPs. Districts and schools 
each assumed different roles and responsibilities 
for the selection of CTs along a spectrum ranging 
from maintaining full control of the process to 
allowing PSTs themselves to find their own 
placements. Moreover, if a single TEP placed 
PSTs in multiple districts, it often used a variety 
of systems for selecting CTs. Tennessee TEPs 
also face additional considerations for selecting 
CTs due to state policies put in place for clinical 

practice, including requirements for diversity of 
experience and a minimum of two clinical 
placements.

In their National Council on Teacher Quality 
(NCTQ) report, Rickenbrode et al. (2018) looked 
across the TEPs of graduate students and con-
cluded that CTs’ instructional effectiveness was 
not a consistent priority in recruitment proce-
dures. Out of the 506 TEPs they studied, they 
found that even in the eight states that set effec-
tiveness criteria for CTs, only about half of pro-
grams took action to ensure these were honored 
and met. And in the context of discussions of the 
current study, stakeholders raised a variety of 
potentially competing priorities that might play a 
role in recruitment, including rewarding senior-
ity, providing “help” to a struggling teacher, and 
practicing turn-taking to give every teacher a 
chance to serve as a CT.

Challenges to Recruiting (Instructionally Effec-
tive) CTs.  Both St. John and colleagues (2018) 
and Mullman and Ronfeldt (2019) identified 
knowledge gaps as obstacles to recruiting instruc-
tionally effective CTs. Typically, due to privacy 
laws, data about value-added to student achieve-
ment and observation ratings are not available to 
TEPs or PSTs. Even in contexts where evaluation 
data are accessible, discrete categorizations and/
or a highly compressed and top-heavy distribu-
tion of teacher quality can make it challenging to 
differentiate among higher performing teachers 
despite meaningful variation in their effective-
ness. Furthermore, even when district leaders 
and school administrators might know who the 
most effective teachers are, they may not share 
that information with TEPs. Mullman and Ron-
feldt (2019) talked to TEP leaders who said they 
simply had to trust that their district partners 
were complying with state regulations for 
instructional effectiveness. In addition, both 
studies described above found evidence that 
stakeholders may prioritize other traits when 
selecting CTs. These included differences in 
opinion about the role of the CT (i.e., as coach or 
model), social networks (TEPs often recruit 
alumni from their programs to serve), and ease of 
onboarding (given that once a TEP has a relation-
ship with a teacher, they may try to use that CT 
again). There is also a prevalent belief that work-
ing with adult learners differs from working with 
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young learners, so instructional effectiveness 
measures might not tell TEPs a great deal about a 
teacher’s capacity to mentor a PST (Mullman & 
Ronfeldt, 2019; St. John et al., 2018).

It is also plausible that the most effective 
teachers may be hesitant to serve in the current 
climate of accountability. Teachers who serve as 
CTs give a large portion of instructional time to 
their less experienced PSTs, which they fear may 
negatively impact their value-added scores 
(Goldhaber et  al., 2018b; Ronfeldt, Bardelli, 
et al., 2020; SAS Institute, 2014). In Tennessee, 
Ronfeldt, Brockman, and Campbell (2018) 
explored this possibility by measuring the impact 
of serving as a CT on both value-added measures 
(VAMs) and observation ratings. While they 
allay these concerns, finding no effects on value-
added and small, positive effects on observation 
ratings, hesitancy to serve on the part of teachers 
may remain. St. John and colleagues (2018) also 
found concerns that CTs who served multiple 
times might feel burnout. Mentoring a novice 
requires a great deal of time and effort, and the 
work is rarely compensated more than a few hun-
dred dollars, if at all. Some stakeholders inter-
viewed by the authors reported feeling reluctant 
to ask the same high-quality CTs to serve repeat-
edly as they worried about putting undue burden 
on these teachers.

Do Existing Recruitment Procedures Work?  The 
wide variation in recruitment procedures—as 
well as the many obstacles to recruitment—casts 
some doubt that existing practices always result 
in selection of the most instructionally effective 
CTs. Yet, there is some evidence that program 
and district/school leaders are already recruiting 
individuals to serve as CTs who are relatively 
more effective and experienced than other teach-
ers. Examining 21 programs in Tennessee, for 
example, Ronfeldt, Brockman, and Campbell 
(2018) found that CTs had significantly better 
observation ratings and VAMs than other teach-
ers in the state, though they had similar levels of 
teaching experience. Across preparation pro-
grams in Chicago, Gordon et  al. (2018) found 
that, compared with their peers who did not 
serve as mentors, CTs had better REACH obser-
vation ratings and were more likely to have a 
master’s degree, be tenured, and be National 

Board Certified; however, they had statistically 
similar VAM scores. In Washington state, Gold-
haber et  al. (2018a) discovered that, all else 
being equal, teachers with more experience were 
more likely to host a PST, but teachers with 
greater VAMs were not.

Given that recruiters seemed to already be 
tapping more instructionally effective and expe-
rienced teachers to serve as CTs, we were con-
cerned that the pool of effective teachers in 
needed grades/subjects/districts might already 
be exhausted. If so, then supplying district/
school/program leaders with recommendations 
about effective and experienced teachers to 
recruit might have little or no effect. We won-
dered whether there would even be enough alter-
native, more effective teachers willing to serve 
to make a significant difference, and if so, we 
were concerned that some of the other obstacles 
described above might obstruct efforts to use 
recommendation lists to nudge recruitment. As a 
result, our first research question centers on 
whether or not providing recommendation lists 
alone increases the effectiveness and experience 
of recruited CTs, whereas our second and third 
research questions return to the issue of whether 
and how instructionally effective CTs impact 
PST preparation.

It is also instructive to emphasize here the 
strong policy relevance of this first research 
question. This study was designed in close col-
laboration with our state department partners 
in an effort to provide a test of the lowest cost 
policy lever that we identified as a means of 
potentially raising the overall instructional 
effectiveness of the pool of CTs. Initial study 
design conversations considered the possibil-
ity of testing the use of cash incentives as a 
means of attempting to recruit more instruc-
tionally effective teachers to serve as CTs, but 
that idea was shelved in favor of the present 
study out of concern for the need to test a strat-
egy that could be sustainable and scalable in 
the absence of grant funds. Moreover, jumping 
right to incentives would have presumed that 
providing better recruitment information 
(absent accompanying incentives) would not 
suffice, so we decided to test whether provid-
ing better information alone could move the 
needle before adopting incentives.
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Method

Research Design, Context, and Sample

For this initiative, we partnered with TTU, a 
large provider that uses a residency model, where 
PSTs complete a yearlong clinical placement2 in 
their CTs’3 classroom(s). In 2017–2018, the pro-
gram placed 189 PSTs in 22 neighboring districts. 
PSTs needed to complete their residency in sub-
jects/grade levels appropriate for their specific 
program endorsement areas; for example, those 
pursuing elementary endorsements were placed in 
grades K–5. In addition, PSTs were able to request 
a specific county/district in which they wanted to 
be placed, especially to accommodate geographic 
and travel constraints.4 We report PST prerecruit-
ment characteristics in Appendix Table A1. The 
majority of PSTs identified as being White and 
female, and on average, they had a 3.46 GPA, an 
admission ACT score of 22.80, and a Praxis score 
of 168.94. About 63% of the teachers requested 
an elementary education clinical placement. 
Seventeen PSTs left the TEP during the duration 
of our experiment, translating to an overall attri-
tion rate of about 9%. We do not find differences 
in PST attrition by treatment condition.

We used clinical placement request informa-
tion to identify, for each PST, all teachers that 
matched the county/district-by-grade band-by-
subject “block” of choice. We then used prior 
information on instructional performance and 
years of experience (from administrative data) to 
identify the most instructionally effective and 
experienced potential CTs in these blocks (see 
below for details) and—based upon this informa-
tion—generated recommendation lists to guide 
CT recruitment. Table 1 reports summary statis-
tics for these potential teachers. Overall, teachers 
who were selected to serve as CTs, regardless of 
the treatment condition, appear to have higher 
evaluation scores and years of experience than 
other potential CTs who work in a similar assign-
ment in the same county/district, which aligns 
with the findings of previous work.

Our state partners, with our technical support, 
then randomly assigned neighboring districts to 
receive these recommendation lists and requested 
district leaders who received the lists to use them 
in their recruitment, starting where possible with 
the teacher at the top of the list (highest ranked). 
District leaders were also advised to use their 

best judgment and to skip any listed teachers that 
they felt were inappropriate or unwise to recruit 
and to instead move to the next listed teachers. 
We presumed that providing district leaders with 
this flexibility would both honor and leverage 
their personal expertise and their knowledge of 
the strengths of their teaching staffs. Among dis-
tricts randomly assigned to treatment, district 
leaders took primary responsibility for outreach 
and recruitment in 10 districts, whereas TTU 
leaders took primary responsibility in two dis-
tricts; in the latter case, TTU leaders reached out 
directly to school leaders and/or specific teach-
ers. In these cases, the state shared recommenda-
tion lists with TTU leaders, who then used them 
for CT recruitment.

We asked that recruiters (district or program 
leaders) who received the recommendation lists 
keep notes on which teachers were invited, 
accepted invitations to serve, and declined; for 
the latter, we requested that recruiters record and 
share notes on why teachers declined. We received 
data from 12 treatment districts and 160 teachers 
who were contacted during the recruitment drive; 
92 teachers (55.4%) accepted to serve as a CT and 
74 teachers (44.6%) declined to serve when 
offered. Among those that declined, recruiters 
entered notes on why for 60 of these teachers. 
Many teachers (n = 17, or 28.3%) declined to 
serve for personal reasons, including, for exam-
ple, not being interested in serving, not having 
enough time to properly supervise a new teacher, 
or wanting to serve only for a semester instead of 
a yearlong clinical placement. District adminis-
trators declined the recruitment request for 11 
teachers (or 18.3%). Our lists had the wrong 
information for 26 teachers; 16 of these potential 
CTs (or 26.7%) had either left their teaching 
assignment or had their teaching assignment mis-
identified (10 teachers or 16.7%). Other reasons 
were given for six teachers (or 10%). In all cases 
where teachers declined to serve as CTs, recruit-
ers simply continued to the next name on the list.

Balance Check

Given that randomization occurred at the dis-
trict level, we report the results of balance checks 
for observed district characteristics in Table 2. 
We checked for balance on K–12 student charac-
teristics and potential CT evaluation scores at the 
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district level. There does not appear to be any 
evidence that the treated and control districts are 
significantly different across all tested dimen-
sions. This result suggests that randomization 
was successful in balancing treatment and con-
trol districts on observed teacher and student 
covariates.

As PST surveys provide the outcomes of 
interest, we also tested for balance on observed 
PST demographic characteristics, prior achieve-
ment, and Praxis scores at time of randomization. 
We report these results in Appendix Table A1 to 
evaluate whether the differential sorting of PSTs 
into districts might bias any estimates we derive. 

Table 1

CT Characteristics

Variable
(1)

Noninitiative teachers
(2)

All CTs
(3)

Treatment CTs
(4)

Control CTs

2015 Observation ratings 3.852 4.266 4.336 4.183
(0.580) (0.491) (0.451) (0.526)
7,179 147 80 67

2016 Observation ratings 3.893 4.298 4.406 4.175
(0.581) (0.439) (0.379) (0.473)
8,444 159 85 74

2017 Observation ratings 3.945 4.342 4.427 4.247
(0.580) (0.429) (0.401) (0.442)
9,168 159 84 75

2015 TVAAS scores −0.043 0.206 0.309 0.061
(0.373) (0.316) (0.317) (0.257)
3,510   65 38 27

2016 TVAAS scores −0.015 0.265 0.265 0.264
(0.331) (0.410) (0.431) (0.393)
   755   26 17   9

2017 TVAAS scores −0.004 0.251 0.313 0.168
(0.268) (0.230) (0.217) (0.227)
2,728   51 29 22

2017 Years of experience 10.986 15.656 17.941 13.067
(8.991) (9.858) (10.330) (8.655)
9,376 160 85 75

Observation scores index −0.162 0.515 0.675 0.334
(0.982) (0.719) (0.648) (0.756)
9,259 160 85 75

TVAAS index −0.034 0.228 0.320 0.110
(0.284) (0.296) (0.298) (0.251)
4,352   77 43 34

Experience index −0.035 0.449 0.704 0.160
(0.988) (1.086) (1.144) (0.943)
9,376 160 85 75

Recruitment index −0.113 0.531 0.731 0.304
(0.742) (0.629) (0.548) (0.641)
9,310 160 85 75

Note. This table reports summary statistics for the CT recruitment index. Column 1 reports the estimates for the potential CTs 
who taught requested field recruitments in districts participating in the initiative. Columns 2 through 4 report the estimates for 
the initiative’s CTs. Standard deviations are in parentheses. Cell counts are in italics. CT = cooperating teacher; TVAAS = 
Tennessee Value-Added Assessment System.



559

We find no significant differences in these covari-
ates between PSTs in treatment and control dis-
tricts, suggesting that randomization was also 
successful at minimizing observed PST differ-
ences between conditions.

Recruitment Procedures

In this section, we elaborate on the specific 
algorithm used to generate the recommendation 
lists. We calculated a composite measure for our 
“recruitment index” as the weighted average of 
observation ratings,5 VAMs,6 and years of expe-
rience. We first standardized each measure within 

recruitment field7 at the state level. This proce-
dure used the following formula:

Y
Y Y

STD
i b

Y
i

b

=
−
σ

,

where Yb  and σYb  are the state-wide mean and 
standard deviation for variable Yi  within recruit-
ment block b.  For observation rating and VAM, 
we averaged the scores for the three preceding 
school years, weighing the year immediately pre-
ceding recruitment as 50% of that measure and 
the other two 25% each.8 This can be represented 
as follows:

Table 2

Balance Check on District Characteristics

Variable All Control Treatment Diff Effect size

Panel A: Student characteristics
  % African American 6.168 5.758 6.578 0.820 0.101
  % Hispanic 6.621 6.852 6.389 −0.463 0.084
  % Asian 0.995 1.267 0.722 −0.545 0.546
  % Native American 0.296 0.296 0.296 0.000 0.001
  % White 85.783 85.651 85.915 0.263 0.021
  % Hawaiian or Pacific Islander 0.116 0.133 0.100 −0.033 0.409
  % Free or Reduced-Price Lunch 36.413 34.577 38.249 3.673 0.419
  % Students With Disabilities 15.047 14.912 15.182 0.270 0.155
  % English Language Learners 0.524 0.571 0.476 −0.095 0.177
Panel B: Potential CT evaluation scores
  Mean Observation Rating 3.987 3.993 3.980 −0.013 0.060
  Mean Instructional Domain Rating 3.877 3.876 3.878 0.003 0.015
  Mean Environment Domain Rating 4.353 4.348 4.358 0.010 0.041
  Mean Planning Domain Rating 3.937 3.985 3.896 −0.089 0.301
  Mean Professionalism Rating 4.241 4.216 4.263 0.047 0.184
  Mean VAM 0.031 0.059 0.003 −0.057 0.690†

  90th Percentile Observation Rating 4.614 4.604 4.623 0.019 0.082
  90th Percentile Instructional Domain Rating 4.473 4.490 4.458 −0.031 0.120
  90th Percentile Environment Domain Rating 4.940 4.925 4.955 0.030 0.206
  90th Percentile Planning Domain Rating 4.640 4.692 4.597 −0.094 0.229
  90th Percentile Professionalism Rating 4.917 4.900 4.932 0.032 0.182
  90th Percentile VAM 0.333 0.352 0.314 −0.038 0.287
N 24 12 12  

Note. This table reports the results of a balance check on district characteristics at time of randomization. School-level student 
characteristics are calculated using publicly available school data from Tennessee. Teacher evaluation data include tests for the 
average evaluation scores of teachers in the same district and subject as the requested placements as well as the 90th percentile 
of each score distribution. The 90th percentile variables test for the availability of highly effective CTs in treatment and control 
districts. A joint test of significance across the five covariates is nonsignificant for both panels, Panel A: χ2(9) = 8.771, p = .459; 
Panel B: χ2(12) = 8.463, p = .748. CT = cooperating teacher; VAM = value-added measures.
†p < .10. *p < .05. **p < .01. ***p < .001.
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We then calculated a final recruitment index as

RI OR TVAAS EXPi i i i= ⋅ + ⋅ + ⋅0 40 0 40 0 20. . . ,

where ORi  and TVAASi  are the standardized 
weighed averages described above. EXPi  is the 
standardized number of years of experience 
reported for school year 2016–2017.

Missing Evaluation Data.  We had some missing 
evaluation data for the years that we used to cal-
culate the recruitment index. We decided not to 
impute or otherwise calculate possible values for 
these data. Instead, we just removed the variable 
from the calculations and adjusted the weights  
to reflect the available data. For example, if obser-
vation scores were not available for teacher i  for 
time t −3,  her evaluation scores were weighed 
as 0 50.  for t − 2  and 0 50.  for t −1.  Other com-
binations of missing data followed the same 
procedure.

We also made the decision to exclude (i.e., 
treat as missing) individuals for whom only 
experience, was available. Our partners at the 
Tennessee Department of Education have 
argued that calculating quality based only on 
years of experience does not add anything new 
for school administrators and district leaders, 
as experience is an easy variable to observe in 
teachers.

CT Eligibility.  We decided that teachers were 
eligible to be recommended as CTs when they 
fell in the upper three quintiles of the recruit-
ment index distribution. Thus, the recommenda-
tion lists are organized by recruitment index 
score, where the potential CTs with the highest 
index score were at the top of the list and thereby 
the ones we asked district/TEP leaders to recruit 
first. If a district/TEP leader exhausted all teach-
ers on the lists and still could not recruit a CT 
for a PST, at that point, we expected them to 
recruit in whatever way they typically would. 
Our rationale was that their business-as-usual 
approaches were preferable to suggesting they 
recruit CTs toward the bottom of the index dis-
tribution. In addition, we wanted to avoid the 

possibility of recommending CTs who may not 
have met the minimum LOE score to serve as a 
CT.

This approach also mitigated a potential sen-
sitivity that might have arisen with the practice of 
sending districts a ranked list of recommended 
teachers. Because our list only included teachers 
who were ranked approximately at or above 
“average” on our recruitment index, we hoped to 
assuage any concerns district partners might 
have about receiving “ranked” lists of teachers. 
That is, although potential CTs were still ordered 
from most instructionally effective down, all 
teachers on the list were recommended, and con-
sequently there should have been no stigma asso-
ciated with appearing near the bottom of the list.

Outcomes of Interest

Along with the selected CTs’ rankings based 
on value-added, observation, and experience, the 
outcomes of interest for this article include sur-
vey-based reports of feelings of preparedness, 
frequency of coaching, and satisfaction with 
coaching. We surveyed PSTs at the beginning 
(presurvey) and at the end (postsurvey) of their 
clinical placement. We also surveyed CTs once 
during the second half of the clinical placement. 
PSTs were surveyed about all outcomes, whereas 
CTs were asked to report on the frequency of 
their coaching. The survey items were adapted 
from instruments used previously (Matsko et al., 
2020; Ronfeldt, Goldhaber, et al., 2018) to assess 
the preparation of student teachers. We adapted 
these prior instruments to this initiative, develop-
ing new items to collect data on the goals of the 
experiment and to better align with the teacher 
evaluation system in Tennessee. We report non-
response rates for each survey in Appendix Table 
A2. The control group response rate was 41.6% 
for the PST postplacement survey and 71.0% for 
the CT survey. We do not find evidence of dif-
ferential nonresponse by treatment condition.

In the following sections, we provide a quali-
tative description of each latent construct we 
include in our analyses. Technical Appendix 1 
(available in the online version of the journal) 
reports in detail the psychometric procedures we 
followed to calculate factor scores for each mea-
sure, including reliability estimates, fit indices, 
and factor loadings for each model.
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Feelings of Preparedness (PST Survey).  We 
measured feelings of preparedness in both pre- 
and postsurveys. We divided this construct into 
two correlated subconstructs: preparedness in 
questioning skills and in other instructional 
skills. The first subfactor includes five items 
focused on preparedness in developing, plan-
ning, and implementing questions to engage stu-
dents in understanding a concept; we included a 
focus on this construct because the state had 
identified this as a priority, especially as “ques-
tioning” is consistently among the lowest rated 
indicators, on average, on the Tennessee Educa-
tor Acceleration Model (TEAM) rubric across 
the state. The second subfactor includes six items 
about other aspects of planning and delivering 
instruction, such as developing materials, provid-
ing examples or analogies for new concepts, and 
using visuals during a lesson.

Coaching Frequency (PST Survey).  We mea-
sured frequency of coaching practices using four 
subconstructs that focus on common coaching 
practices, data-driven coaching practices, collab-
orative coaching practices, and modeling coach-
ing practices. Common coaching practices 
include two items asking about the frequency of 
observations and of prompts to practice a spe-
cific aspect of teaching practice. We have seen 
these coaching practices to be the most com-
monly used during student teaching and there-
fore practices with which all CTs are likely 
familiar. Data-driven coaching practices include 
six items that focus on using data from observa-
tions or student work to guide coaching. Collab-
orative coaching includes two items focused on 
co-planning and co-teaching activities, whereas 
modeling coaching practices include two items 
assessing modeling of specific instructional strat-
egies by the CT.

Coaching Satisfaction (PST Survey).  We mea-
sured coaching satisfaction using two subcon-
structs that include support/feedback and 
autonomy/encouragement. The support and feed-
back subfactor includes nine items that measure 
satisfaction with specific coaching practices (i.e., 
identifying next steps to improve teaching; 
coaching about instructional content, planning 
instructional activities, and questioning students; 
explaining how certain changes to practice would 

impact student learning) and feedback (i.e., feel-
ing that their CTs’ evaluations and feedback were 
accurate, helpful, and sufficiently frequent). The 
autonomy and encouragement subfactor includes 
four items that measure the extent to which PSTs 
felt comfortable and independent under their CTs 
(i.e., feeling comfortable asking their CTs for 
help and taking risks in front of them, feeling that 
their CTs’ expectations were appropriate, and 
feeling that they had the ability to make indepen-
dent instructional decisions).

Coaching Frequency (CT Survey).  The CT sur-
vey included two main factors for coaching prac-
tices: a general factor with three subfactors and a 
specific factor on instructional practices. We 
divided the general factor on frequency of coach-
ing practices into three correlated subfactors: 
debriefing, developing practice, and collaborative 
coaching practices. The debriefing subfactor 
includes five items that focus on helping the PST 
debrief a lesson through questioning, analysis of 
student work, or data analysis. The developing 
practice subfactor includes four items that focus 
on modeling specific instructional skills or pro-
viding opportunities to practice outside of regular 
instruction. The collaborative coaching practice 
includes two items measuring the frequency of 
co-teaching and co-planning activities.

The specific factor includes questions about 
frequency of coaching around key instructional 
practices. This factor includes 11 items that are 
aligned with the instruction domain in the TEAM 
observation rubric used in Tennessee. We used 
text from the domain descriptors from the TEAM 
rubric as question stems for this factor.

For each of the above four constructs (feelings 
of preparedness, coaching satisfaction, PST 
coaching frequency, CT coaching frequency), we 
also average the subconstruct measures to con-
struct “general” measures. For example, we con-
struct a “general” feeling of preparedness measure 
by averaging scores for the two subconstructs: (a) 
preparedness in “questioning skills” and (b) pre-
paredness in “other instructional skills.”

Analysis

Our experimental design allows us to conduct 
a relatively simple analysis. In detail, we use lin-
ear regression with fixed effects:
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Y Treatijd d j ijd= + ⋅ + +β β φ0 1  ,

where Yijd  is the outcome of interest for CT or 
PST i  in request field j in district d, Treatd  is an 
indicator variable taking the value of 1  if district 
d  was randomized to receive a recommendation 
list, φj  is a recruitment field fixed effect, and ijd  
are standard errors clustered at the district level. 
β1  captures the treatment effect of receiving the 
recommendation list on the outcome of interest.

We re-specify our preferred model in three 
alternative specifications. First, we calculate 
standard errors using a bootstrap procedure. This 
allows us to calculate standard errors using a 
nonparametric, data-driven procedure that might 
be more robust against violation of the assump-
tions of our preferred models. Second, we use 
recruitment field random effects, rather than a 
fixed effects approach.9 Although we prefer the 
fixed effects specification because it adjusts for 
unobserved differences between recruitment 
field types, the random effects approach appears 
to be more efficient.10 Third, when using feelings 
of preparedness as an outcome, we include pre-
placement feeling of preparedness scores as a 
covariate in our models to control for possible 
imbalance in PSTs’ initial feelings of prepared-
ness (see Appendix Table A3). Overall, we find 
that the results of our preferred models are simi-
lar to those from alternative specifications; there-
fore, we mostly discuss results from our fixed 
effects models from this point forward.

Mediation Analysis

We conduct three mediation analyses to 
decompose our observed treatment effect into 
multiple possible pathways that help us explore 
possible treatment mechanisms, as shown in 
Figure 1. In each of these structural equation 
models, treatment influences PSTs’ feelings of 
preparedness through three paths. One indirect 
path—the “coaching” path—estimates the effect 
of a district receiving recommendation lists 
through various survey measures of CTs’ coach-
ing capacity: In Panel A, CTs’ reported frequency 
of coaching; in Panel B, PSTs’ reported fre-
quency of coaching received; and in Panel C, 
PSTs’ satisfaction with coaching received. 
Meanwhile, the “modeling” path estimates the 
indirect effect of treatment through a measure of 

CTs’ instructional effectiveness, using the 
recruitment index calculated to generate recom-
mendation lists (see “Recruitment Procedures” in 
“Method” section for more details). After isolat-
ing the potentially positive influence of more 
instructionally effective CTs’ coaching into a 
separate pathway, this channel essentially prox-
ies only the effect of CT modeling on PST pre-
paredness. The final path directly connects the 
treatment indicator to the outcome. This pathway 
contains not only any other channels through 
which treatment might have influenced PST pre-
paredness but also any effect of CT coaching not 
contained by our survey measures and modeling 
not included in our recruitment index.

Each of our operationalizations of CT model-
ing and coaching likely do not fully capture the 
constructs that they purport to measure; as a 
result, much of the treatment effect in each medi-
ation analysis remains in the direct path between 
treatment and preparedness. As we are inherently 
unable to determine whether this indicates short-
comings of our measures for modeling and coach-
ing or an alternative channel through which 
treatment affects PST preparedness, we choose to 
avoid interpretation of this pathway. However, 
under certain strict assumptions, we can interpret 
each indirect channel relative to the other. Given 
that any path coefficients for measures with 
imperfect reliability will be biased toward zero 
(Bollen, 1989), if we assume equivalent reliabil-
ity for the measures of both constructs, we can 
assess the extent to which CT modeling or coach-
ing explains more of the observed treatment 
effect. That said, we acknowledge that our mea-
sures for CT coaching and modeling are limited 
in that they likely fail to capture important aspects 
of both constructs. Moreover, it is possible that 
our measures overlap to some degree, where our 
measure for coaching may capture dimensions of 
modeling and vice versa. We try to address this 
concern by correlating the residual terms for the 
two measures. These correlation terms had small 
nonsignificant estimates, indicating that our mea-
sures of coaching and modeling do in fact capture 
nonoverlapping aspects of the clinical experi-
ence. Regardless, these mediation analyses should 
be considered as largely exploratory and descrip-
tive, aiming to provide a conceptual and method-
ological foundation for future research aiming to 
disentangle modeling and coaching effects.
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Results

RQ1: Recruitment Index Contrast

Table 3 summarizes the differences between 
CTs in districts randomized to receive recom-
mendation lists (treatment) and districts that use 
business-as-usual recruitment procedures (con-
trol). Overall, we find that CTs in treatment dis-
tricts have, on average, higher evaluation scores 
than CTs in control districts. These differences 
are significant on observation ratings (0.332 
standard deviation units), VAM scores (0.654 
standard deviation units), and years of experi-
ence (0.558 standard deviation units).

We add indicators for recruitment field (i.e., 
district by grade by subject) requests to increase 
the statistical power of these analyses and to 
account for possible differences between recruit-
ment fields such as the possibility that secondary 
English language arts (ELA) teachers are rated 
higher (or lower) on average than, say, elemen-
tary teachers. The estimates for these models are 
reported in the fourth row of Table 3. We find 
that the point estimates increase slightly, indicat-
ing that there are differences on evaluation scores 
between recruitment fields.

We use the average recruitment index to cal-
culate the overall contrast between treatment and 
control CTs. This index allows us to compare 
CTs across recruitment fields as this variable is 
standardized within each. We find that the 
recruitment index for CTs in treatment districts is 
0.425 standard deviations higher than it is for 
CTs in control districts. This result is statistically 
significant at the .01 level. When we adjust these 
estimates for recruitment field differences,11 we 
find that the quality contrast increases to 0.476 
standard deviation units.12

RQ2: Feelings of Preparedness

Table 4 reports the effect of being placed in a 
district that received the recommendation lists on 
PSTs’ feelings of preparedness. We find that 
PSTs in treatment districts reported feeling sig-
nificantly better prepared to teach by 0.593 stan-
dard deviation units (SE = 0.226, p < .05). We 
also see that these results are robust to how we 
calculate standard errors, to the inclusion of pre-
recruitment controls, and to the re-specification 
of the model using random effects.

When we focus on the feelings of prepared-
ness in specific subskills, we find that PSTs in 
treatment districts reported feeling better pre-
pared in both questioning skills (d = 0.637, SE = 
0.230, p < .05) and other instructional skills (d = 
0.548, SE = 0.225, p < .05), suggesting that the 
treatment effect was equally distributed across 
all teaching subskills that we measured.

RQ3: Reported Coaching

Finding that PSTs in treatment districts felt 
better prepared made us wonder about the under-
lying mechanisms driving these differences. One 
potential explanation is that, by depending upon 
the recommendation lists, these districts recruited 
more effective and experienced teachers to serve 
as CTs; in turn, perhaps more effective and expe-
rienced teachers, on average, model better 
instruction, thus helping PSTs to feel better pre-
pared by regularly observing best practices. 
Another possibility is that more effective and 
experienced CTs, on average, provide more or 
better instructional coaching to their PSTs. To 
test this second hypothesis, we examined survey 
items related to the frequency of and satisfaction 
with coaching that PSTs reported receiving and 
that CTs reported offering.

Results, which are summarized in Table 5, 
suggest that PSTs in treatment districts felt they 
received somewhat more frequent coaching 
activities, as coefficients trend positive across 
outcomes and model specification; however, 
results are mostly nonsignificant. Effects are 
largest in magnitude (about 0.20 standard devia-
tion units) in relation to data-driven coaching 
practices. On the other hand, PSTs in treatment 
districts tended to report less support and satis-
faction with the coaching they received and less 
autonomy and encouragement, though, again, 
not at significant levels. In terms of the coaching 
activities that CTs themselves reported, differ-
ences between conditions are also mostly nonsig-
nificant. That said, there were some notable 
trends: treatment CTs reported engaging in 
developing practices and coaching focused on 
the “instruction” domain more often and in 
debriefing practices less often than control CTs.

Figure 1 and Appendix Table A4 report the 
results of descriptive mediation analyses that 
explore the possible mechanisms through which 
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treatment assignment might impact PSTs’ feel-
ings of preparedness. The results of these analy-
ses should not be interpreted as causal 
relationships between the mediator variables 
and PSTs’ feelings of preparedness as our 
experimental design only allows us to estimate 
the causal link between treatment assignment 
and downstream outcomes. We note three main 
findings from the results of these mediation 
analyses. First, focusing on the modeling 

pathway, our recruitment index appears to 
explain between 25% and 28% of the overall 
treatment effect of receiving a recommendation 
list on PSTs’ feelings of preparedness. This esti-
mate is consistent across the three models 
regardless of the measure of coaching that we 
include in our path diagram. Second, coaching 
frequency appears to explain at most 12% of the 
total treatment effect. The higher end of this 
range stems from PSTs’ reports of coaching 

Figure 1.  Treatment mediation through CT modeling and coaching.
Note. Models inlcude controls for CT survey administration cohort and recruitment field. Solid arrows indicate significant paths 
at the .05 level; short dashed lines indicate paths significant at the .10 level; long dashed lines indicate nonsignificant paths. CT 
= cooperating teacher; PST = preservice student teacher.
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frequency, which appear to explain more of the 
treatment effect than the self-reports of CTs, 
perhaps suggesting that PSTs are more reliable 
in reporting the frequency of coaching received 

than CTs themselves. This intuition is in line 
with prior work that has found that CTs tend to 
overreport the frequency of their own coaching 
practices (Matsko et al., 2020). Third, we find 

Table 3

Contrast of CT Recruitment Index Measures Between Treated and Control Districts

Contrast

Observation ratings

Average Instruction Environment Planning Prof.

Contrast 0.184 0.103 0.057 0.004 0.198**
(0.115) (0.102) (0.080) (0.151) (0.069)

Adjusted contrast 0.231† 0.159 0.075 0.040 0.235*
(0.130) (0.119) (0.093) (0.167) (0.085)

Std. contrast 0.332 0.184 0.109 0.012 0.336*
(0.207) (0.190) (0.138) (0.244) (0.121)

Adjusted std. contrast 0.415† 0.288 0.126 0.062 0.397*
(0.234) (0.218) (0.158) (0.258) (0.141)

  VAM

Contrast Average Mathematics ELA Experience

Contrast 0.208** 0.411** 0.222** 5.007**
(0.065) (0.136) (0.077) (1.498)

Adjusted contrast 0.215** 0.424** 0.199* 5.081**
(0.072) (0.140) (0.080) (1.595)

Std. contrast 0.654** 0.967** 0.744** 0.558**
(0.203) (0.311) (0.257) (0.178)

Adjusted std. contrast 0.683** 0.979** 0.702* 0.570**
(0.229) (0.318) (0.268) (0.178)

Note. This table reports the contrast between treatment and control CTs on evaluation scores. Adjusted estimates include fixed 
effects for PSTs’ recruitment field requests. Standardized scores are calculated at the state level within recruitment field requests. 
Clustered standard errors at the block level in parentheses. CT = cooperating teacher; VAM = value-added measures; ELA = 
English language arts.
†p < .10. *p < .05. **p < .01. ***p < .001.

Table 4

PST Postsurvey Differences Between Treatment and Control Districts

Survey factor (1) Preferred model (2) Bootstrap SE (3) Presurvey control (4) R.E. model

Feeling of preparedness—
Teaching skills

0.593* 0.593* 0.451* 0.579***
(0.226) (0.250) (0.207) (0.155)

  Preparedness in 
questioning skills

0.637* 0.637* 0.497* 0.626***
(0.230) (0.291) (0.207) (0.161)

  Preparedness in other 
instructional skills

0.548* 0.548* 0.406† 0.531***
(0.225) (0.256) (0.214) (0.151)

Note. PST = preservice student teacher.
†p < .10. *p < .05. **p < .01. ***p < .001.
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that PSTs’ satisfaction with coaching could 
actually work as a suppressor of our treatment 
effect, as this measure appears to reduce the 
indirect treatment effect by about 9%.

Discussion

This study describes an initiative that is low-
cost and relatively easy to implement at scale 
while still demonstrating promise for improving 
teacher preparation. The core of the initiative 
involved the use of administrative data to iden-
tify the most instructionally effective and experi-
enced teachers in districts and then to share 

recommendation lists that encourage district 
leaders to target these teachers in their recruit-
ment of CTs. Leaders in districts that were ran-
domly assigned to use the recommendation lists 
were able to recruit substantially more effective 
and experienced CTs (by 0.4–0.7 standard devia-
tion units, depending upon the outcome and 
model). Policymakers in Tennessee, more than 
most other states, already prioritize recruiting 
instructionally effective CTs, as evidenced by the 
fact that they are one of only a few states that set 
minimum requirements for evaluation scores in 
order for teachers to serve as CTs. In the context 
of this state policy, the success of our initiative in 

Table 5

Differences in Coaching Between Treatment and Control Districts

Survey factor
(1) Preferred  

model
(2) Bootstrap  

SE
(3) Presurvey 

control
(4) R.E.  
model

PST surveys
  Frequency of coaching practices 0.181 0.181 0.182 0.181*

(0.147) (0.166) (0.201) (0.083)
    Common coaching practices 0.143 0.143 0.151 0.143

(0.184) (0.195) (0.231) (0.102)
    Data-driven coaching practices 0.236 0.236 0.282 0.240***

(0.201) (0.216) (0.267) (0.067)
    Collaborative coaching practices 0.205† 0.205 0.152 0.174

(0.111) (0.132) (0.153) (0.114)
    Modeling coaching practices 0.141 0.141 0.144 0.179†

(0.186) (0.219) (0.260) (0.093)
  Coaching satisfaction −0.143 −0.143 −0.158 −0.105

(0.171) (0.211) (0.269) (0.066)
    Support and feedback −0.181 −0.181 −0.178 −0.146*

(0.170) (0.178) (0.267) (0.066)
    Autonomy and encouragement −0.105 −0.105 −0.138 −0.064

(0.179) (0.198) (0.277) (0.070)
CT surveys
  Frequency of coaching practices 0.241 0.241 0.241 0.207**

(0.193) (0.245) (0.301) (0.077)
    Debriefing −0.037 −0.037 −0.037 −0.103

(0.203) (0.152) (0.173) (0.153)
    Developing practice 0.277 0.277 0.277 0.282†

(0.196) (0.209) (0.229) (0.145)
    Collaborative coaching practices 0.062 0.062 0.062 0.053

(0.196) (0.230) (0.251) (0.087)
  Coaching frequency in instruction 

domain
0.236 0.236 0.236 0.153

(0.202) (0.157) (0.201) (0.133)

Note. CT outcomes include controls for survey administration cohort. PST = preservice student teacher; CT = cooperating teacher.
†p < .10. *p < .05. **p < .01. ***p < .001.
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raising the average effectiveness and experience 
of the pool of CTs by a marked degree demon-
strates the potentially widespread applicability of 
this strategy.

Taking a skeptical perspective, one might 
view this study’s first set of findings to be unex-
ceptional; it may not seem groundbreaking that 
recruiters are able to recruit more instructionally 
effective and experienced teachers when told 
which are most effective and experienced! When 
we began this initiative, however, there was 
uncertainty among state, district, and TTU lead-
ers about whether they had already tapped the 
local supply of available, instructionally effec-
tive teachers in needed subjects, counties, and 
grade levels to serve. After all, district leaders 
already had access to evaluation data on teachers 
and were already prompted to target instruction-
ally effective teachers as per state policy. 
Ronfeldt, Brockman, and Campbell (2018) 
showed that, even without recommendation lists, 
program and district/school leaders across 
Tennessee were already recruiting CTs that were 
meaningfully more effective and experienced 
than other teachers in the state. In other words, 
recruiters were already doing quite well, but 
could they do better? Substantial doubts were 
also raised by stakeholders regarding evidence 
that instructionally effective teachers might be 
unwilling or unable to serve (Mullman & 
Ronfeldt, 2019), at least in part because of local 
concerns that serving as CTs might harm evalua-
tion scores (Goldhaber et  al., 2018a; Ronfeldt, 
Bardelli, et al., 2020; SAS Institute, 2014).

Results from our initiative suggest, then, that 
the above premise was not true: There were more 
instructionally effective and experienced teachers 
available and willing to serve as CTs in needed dis-
tricts/subjects/grades. Given that recruiters were 
able to enlist them as part of the initiative without 
offering any additional incentives to serve, a rea-
sonable conclusion is that the most instructionally 
effective and experienced teachers were not 
already being asked to serve. This raises another 
set of questions, though, that need to be investi-
gated in the future: Why were the most instruction-
ally effective and experienced teachers already not 
being asked to serve? Was it because recruiters did 
not know who to target? This seems unlikely, given 
that district leaders have access to the same evalu-
ation and administrative data that we did. Perhaps 

they had access to the information but did not have 
a systematic method, like our algorithm, for identi-
fying the most instructionally effective and experi-
enced teachers in needed endorsement areas. 
Alternatively, it might be the case that district lead-
ers were using data to successfully recruit, but the 
breakdown was in districts where program leaders, 
who did not have access to evaluation data, took 
primary responsibility for recruitment.13 Another 
possibility is that all recruiters knew who were the 
most instructionally effective and experienced 
teachers but instead used other criteria for their 
recruitment—for example, reputations about 
which CTs were the best and most supportive men-
tors of adult learners, PSTs’ familiarity with the CT 
or school setting, or CTs’ existing relationships 
with TEPs (Mullman & Ronfeldt, 2019). More 
research is needed to understand why teachers at 
the top of the recommendation lists were not 
already being targeted.

Beyond our specific setting, there are a num-
ber of possible reasons why other states may not 
currently prioritize the recruitment of CTs with 
strong evaluation scores in general. First, a num-
ber of states do not collect observation ratings or 
VAMs for all teachers in the state, so such a pol-
icy would be infeasible. In other contexts, perfor-
mance information is available, but there may be 
skepticism about its usefulness or validity, even 
as findings from this and other recent studies 
counter such skepticism. Relatedly, there is a 
common perception among many teacher educa-
tors (and stakeholders generally) that it is more 
critical to PSTs’ learning to have CTs that are 
supportive mentors of young adults than excep-
tional teachers of P–12 students. Although we 
agree in principle with the emphasis on coaching 
quality, our study adds to growing evidence that 
recruiters should also prioritize instructionally 
effective teachers of P–12 students.

The initiative also seemed to benefit PSTs, as 
those who worked with CTs recruited using rec-
ommendation lists felt significantly better pre-
pared to teach at the end of their preparation 
programs (by 0.5–0.7 standard deviation units, 
depending upon the outcome and model). This 
result is notable, as it suggests that deliberately 
leveraging an evidence-based feature of teacher 
education—the LOE and experience of CTs—can 
have a causal impact on PSTs’ sense of prepared-
ness to teach. Given that TEPs consist of a web of 
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interacting and interdependent components, one 
might expect program improvement to require a 
systemic, rather than a feature-specific, approach 
to change; however, in this instance, we found 
this to not be the case. These results provide sup-
port for an approach to improving feelings of 
preparation that targets specific, evidence-based 
features as levers for change. Whether to imple-
ment a systemic or feature-specific approach may 
depend, though, on the kinds of features being 
targeted. For example, a shift in content focus 
(e.g., supporting social-emotional learning) might 
require a more systemic approach—where field-
work and coursework experiences are collectively 
revised to ensure coherence across them.

It is also important to underscore that our focus 
on CTs’ instructional effectiveness was not idio-
syncratic but instead empirically grounded. As 
described in the introduction, at least four studies 
in three different labor markets have found posi-
tive associations between CTs’ instructional 
effectiveness and PSTs’ instructional effective-
ness or feelings of preparedness to teach 
(Goldhaber et  al., 2018b; Matsko et  al., 2020; 
Ronfeldt, Brockman, & Campbell, 2018; Ronfeldt, 
Matsko, et  al., 2020). Only one prior study, 
though, went beyond correlational evidence to 
use an experimental design to test whether these 
effects are truly causal. In that working paper, 
Ronfeldt, Goldhaber, et al. (2018) find evidence 
that PSTs who were randomly assigned to “high-
index” placements—combining instructionally 
effective CTs with placement schools that have 
lower teacher turnover and stronger achievement 
gains—reported better quality and more frequent 
coaching from their CTs; they also reported feel-
ing somewhat better prepared to teach, though not 
at statistically significant levels. Our results are 
somewhat reversed, in that we find few signifi-
cant effects on coaching activities but significant, 
positive, and large (about twice the magnitude 
reported in Ronfeldt, Goldhaber, et  al., 2018) 
effects on PSTs’ sense of preparedness to teach. A 
distinction between these studies, though, is that 
the recruitment strategy in the earlier study tar-
geted promising school placements alongside 
promising CTs, whereas the current initiative tar-
geted promising CTs exclusively.

The present study is the first then, to our 
knowledge, to provide causal evidence that 
recruiting more effective and experienced CTs 

improves PSTs’ self-perceived preparedness to 
teach. That said, in our view, helping PSTs feel 
better prepared is not enough, as it does not 
always predict becoming instructionally effec-
tive once in the classroom (Ronfeldt, Matsko, 
et  al., 2020). For example, it is possible that, 
when more instructionally effective teachers 
serve as CTs, they tend to maintain more control 
over setting and maintaining classroom proce-
dures. This would be consistent with our finding 
that PSTs in districts randomly assigned to 
receive the recommendation lists reported some-
what less autonomy over instructional decisions. 
As a result of CTs maintaining control, class-
rooms may run more smoothly, thus causing 
PSTs to feel more prepared to set and maintain 
classroom procedures but not necessarily be any 
more effective at doing so on their own. In future 
work, we will examine whether or not graduates 
who completed their clinical training in treat-
ment districts are also more instructionally effec-
tive (based upon state evaluation measures) 
during the first year of teaching.

Finally, while PSTs seemed to benefit, on aver-
age, from being assigned more instructionally 
effective and experienced CTs, we are less clear 
on how—whether (1) through modeling more 
effective teaching; (2) through better coaching 
practices, where more effective teachers are able 
to translate their teaching skills with P–12 stu-
dents into stronger coaching skills with learning 
teachers (PSTs); or (3) through both mechanisms. 
When we examined whether or not PSTs in treat-
ment districts reported better or more frequent 
coaching, results were mixed. We found little evi-
dence that better coaching practices were associ-
ated with or mediated the relationship we observed 
between treatment assignment and PST feelings of 
preparedness; the coaching practices we measured 
reduced the effect of treatment on PSTs’ feelings 
of preparedness by a small percentage, but the 
main effects were still large and significant with 
the inclusion of the coaching measures. Moreover, 
when we included indirect paths for modeling and 
coaching, our results suggested that the former 
reduced more of the effect of treatment on out-
comes than the latter. Our measure of instructional 
modeling consistently reduced about 25% of the 
total treatment effect, whereas the measure of 
instructional coaching only reduced up to 12% of 
the treatment effect when using PSTs’ reports of 
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coaching frequency as a proxy for instructional 
coaching. In other words, we found less evidence 
in support for explanation (2)—that recruiting 
more instructionally effective CTs impacts PSTs’ 
preparedness to teach through improving the 
coaching that PSTs receive from their CTs.

One might be tempted to conclude then that (1) 
must be true, but reaching such a conclusion would 
also, we believe, be premature. First, while the 
coaching measures we use do not seem to explain 
much of the main effect of treatment on PSTs’ pre-
paredness, it is possible that we do not observe 
other kinds of coaching that could explain these 
relationships. Future research might consider 
investigating other forms of coaching and using 
different coaching measures, including measures 
of observed, rather than survey-reported, coaching 
practice. Second, while we have evaluation mea-
sures of CTs’ instructional effectiveness, we do not 
have measures of whether PSTs are vicariously 
learning from the instruction that their CTs are 
modeling or demonstrating. It might be that some 
PSTs do not actually observe their CTs’ instruction 
or that they observe but do not attend to or learn 
from the aspects of instruction that they perhaps 
should. Even if we did have adequate measures for 
PSTs’ vicarious learning from CTs’ instructional 
practice, we would need to conduct mediation 
analyses with PST vicarious learning measures to 
determine the degree to which these may explain 
the main effects of treatment on PSTs’ prepared-
ness to teach. More work is needed to identify the 
mechanism by which being assigned more instruc-
tionally effective teachers causes PSTs to feel more 
prepared to teach. One possibility would involve 
the collection of observational data on the coach-
ing practices (e.g., feedback during coaching con-
ferences, frequency of modeling, and co-teaching) 
of more versus less instructionally effective teach-
ers (of P–12 students) to examine whether the 
kinds and quality of coaching are qualitatively dif-
ferent. Finally, the results of these mediation analy-
ses move away from the causal inference 
framework that allows us to interpret our other 
results as causal estimates of receiving recommen-
dation lists. These mediation analyses are explor-
atory in nature, and our experiment was not 
designed to estimate causal relationships between 
coaching and modeling mediators and PSTs’ feel-
ings of preparedness. Future work should consider 
experimental designs that produce causal estimates 

of the effects of coaching and modeling on PSTs’ 
outcomes.

Even though the mediation models suggest 
that the treatment effects on feelings of prepared-
ness might flow more through instructional mod-
eling than instructional coaching, it is important 
to highlight some limitations of these analyses. 
First, if our measure of coaching is less reliable 
than our measure of modeling, then the differ-
ence in the mediation magnitude could disappear 
with a more reliable measure of CTs’ coaching. 
Similarly, about half of the treatment effect is 
still explained by the direct relationship between 
the treatment indicator and feelings of prepared-
ness. Effectively, these results suggest that about 
half of our treatment effect remains unexplained 
by our measures of instructional modeling or 
instructional coaching. This could be explained 
in several ways: (a) Our factor scores could not 
fully capture the extent and intensity of CTs’ 
instructional coaching, (b) our recruitment index 
only captures a fraction of CTs’ instructional 
modeling, or (c) some other channel through 
which treatment (i.e., the selection of CTs by dis-
trict) might impact PSTs’ feelings of prepared-
ness that we have not measured. Unfortunately, 
we are unable to test these hypotheses in the cur-
rent study. We believe that this could be a fruitful 
area of focus for future research.

While it would be useful to better comprehend 
the mechanism (modeling, coaching, or some 
combination of the two), the main contributions 
of this present study are (a) to offer the first evi-
dence, to date, that more instructionally effective 
and experienced CTs, in fact, have a causal impact 
on PSTs’ preparedness to teach and (b) to present 
a feasible, low-cost method for raising the aver-
age effectiveness and experience of the pool of 
CTs simply by providing leaders with actionable 
information in the form of strategic recommenda-
tion lists. Consistent with prior correlational anal-
yses, this study supports existing policies and 
practices, like those in the state of Tennessee, that 
set minimum requirements for how instruction-
ally effective teachers must be to serve as CTs. 
Building on support for these minimum require-
ment policies, this study presents evidence that 
providing improved information can induce 
changes in the pool of CTs over and above the 
minimum requirements to the direct benefit of the 
PSTs during their clinical experiences.
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Appendix

Table A1

PST Characteristics

Variable All Control Treatment Diff Effect size

Female 0.834 0.853 0.816 −0.036 0.097
N 193 95 98  
White 0.974 0.979 0.969 −0.010 0.060
N 193 95 98  
Current GPA 3.456 3.447 3.464 0.017 0.051
N 193 95 98  
ACT score 22.804 22.581 23.033 0.452 0.149
N 184 93 91  
Praxis score 168.944 169.122 168.775 −0.347 0.032
N 173 84 89  

Note. This table reports the results of a balance check on PST characteristics at time of randomization. A joint test of significance 
across the five covariates is nonsignificant, χ2(5) = 2.352, p = .779. PST = preservice student teacher.
†p < .10. *p < .05. **p < .01. ***p < .001.

Table A2

Survey Nonresponse Rates by Treatment Condition

Variable Missing presurvey Missing postsurvey Missing CT survey

Treatment 0.001 −0.074 −0.078
(0.067) (0.061) (0.049)

Constant 0.331*** 0.584*** 0.290***
(0.030) (0.038) (0.032)

N 172 172 172
R2 .120 .134 .152
Adjusted R2 .041 .057 .076

Note. This table reports the difference in survey nonresponse rates between control and treatment conditions. We calculate 
these missing rates by regressing an indicator for survey nonresponse on the treatment indicator. We include recruitment field 
fixed effects and cluster standard errors at the school district level for consistency with our preferred estimation models. CT = 
cooperating teacher.
†p < .10. *p < .05. **p < .01. ***p < .001.

Table A3

Presurvey Differences Between Treatment and Control Districts

Survey factor (1) Preferred model (2) Bootstrap SE (3) R.E. model

Feeling of preparedness—Teaching skills 0.345 0.345 0.290*
(0.282) (0.317) (0.117)

  Preparedness in questioning skills 0.356 0.356 0.328**
(0.295) (0.324) (0.114)

  Preparedness in other instructional skills 0.333 0.333 0.252*
(0.273) (0.284) (0.125)

Note. CT = cooperating teacher.
†p < .10. *p < .05. **p < .01. ***p < .001.
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Notes

1. The term “model” and “modeling” have been 
used to represent many different activities. We here 
refer to the cooperating teacher (CT) as a “model” 
in a very simplistic and rudimentary sense—where, 
through enacting teaching aimed at P–12 students, the 
CT demonstrates teaching to the preservice student 
teacher (PST), regardless of the degree to which this 
demonstration is deliberately meant to teach anything 
specifically to the PST. Others have written about 
forms of modeling where CTs deliberately structure 

Table A4

Treatment Effect Mediation Through Measures of Coaching and Modeling

Survey factor Point estimate
95% bootstrap 

confidence interval % reduction

Panel A: Coaching frequency reported by CT
  Direct treatment effect 0.423 [0.003, 0.990] 0.706
  Indirect treatment via coaching frequency 0.008 [−0.071, 0.026] 0.013
  Indirect treatment via recruitment index 0.168 [0.041, 0.341] 0.280
  Total of indirect effects 0.177 [0.046, 0.448] 0.295
Panel B: Coaching frequency reported by PST
  Direct treatment effect 0.376 [0.081, 0.602] 0.630
  Indirect treatment via coaching frequency 0.070 [−0.105, 0.240] 0.117
  Indirect treatment via recruitment index 0.151 [0.035, 0.305] 0.253
  Total of indirect effects 0.221 [0.050, 0.462] 0.370
Panel C: Coaching satisfaction reported by PST
  Direct treatment effect 0.479 [0.376, 0.553] 0.819
  Indirect treatment via satisfaction with coaching −0.052 [−0.341, 0.090] −0.089
  Indirect treatment via recruitment index 0.158 [0.053, 0.253] 0.270
  Total of indirect effects 0.105 [−0.140, 0.281] 0.179

Note. This table reports the results of three different structural equation models that estimate the direct and indirect treatment 
effects (i.e., mediation analyses) through measures of coaching and modeling. Models were estimated in Mplus 7.4 using latent 
variables for each survey-based measure. We used a WLSMV estimator to accommodate categorical items for the PSTs’ feel-
ings of preparedness. All models had good fit indices. All point estimates and confidence intervals are obtained from 100 boot-
strapped replications. CT = cooperating teacher; PST = preservice student teacher.
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their enactments of teaching in ways that are meant 
to demonstrate very specific aspects of practice and 
where the enactments are structured in a way to ensure 
that the PST observes and learns from these enact-
ments; we are not here referring to these more deliber-
ate forms of modeling.

2. PSTs in Tennessee Technological University 
(TTU) completed their residency experiences in only 
one main clinical placement, except for 20 PSTs who 
had music education or special education placements 
and needed to complete a second clinical placement 
to fulfill their specific credentialing requirements. We 
generated new recommendation lists for these PSTs. 
TTU followed the same recruitment procedures for this 
new cohort of mentors as the first recruitment drive.

3. TTU uses the term “mentor” instead of “cooper-
ating teacher (CT)” and “resident” instead of “preser-
vice student teacher (PST).” We use “CT” and “PST” 
because these are more common terms in the teacher 
education literature and to be consistent with the ter-
minology used in the rest of this article.

4. Because we had to generate these lists many 
months prior to the beginning of the academic year, 
centralized information on which teachers were 
assigned to teach which subjects, courses, and grade 
levels were not yet available. Thus, we used TDOE 
course files from prior years to identify all the sub-
jects, courses, and grade levels that teachers had 
previously been assigned to predict which teachers 
might be potential matches for the relevant blocks/
PSTs. Because teachers sometimes switch subjects 
and grades from one year to the next, recommendation 
lists sometimes included teachers who did not actually 
match the needed subject-grade blocks. In these cases, 
recruiters were advised to note such misclassifications 
and then move to the next teachers in the recommen-
dation lists.

5. In Tennessee, most teachers are evaluated using 
the Tennessee Educator Acceleration Model (TEAM) 
rubric. This rubric evaluates teaching practice along 
four domains (i.e., Planning, Instruction, Environment, 
and Professionalism) on a 1- to 5-point scale (from 
“Significantly Below Expectations” to “Significantly 
Above Expectations”). All teachers in the state are 
evaluated at least once each school year. About 20% 
of teachers in the state are evaluated using different 
observation rubric than the TEAM. We rely on the 
equating work done at the Tennessee Department of 
Education when using observation scores from dis-
tricts that use different observation rubrics.

6. Tennessee uses the Tennessee Value-Added 
Assessment System (TVAAS) to calculate teachers’ 
contributions to test scores. The models used to cal-
culate teachers’ VAM scores differ from traditional 
econometric models insofar that they do not directly 

include student demographic characteristics in the 
regression models. Instead, student growth scores are 
calculated using lagged growth models at the teacher 
level. More technical information on the modeling of 
TVAAS scores is available here: https://tvaas.sas.com/

7. We use recruitment fields as a proxy for endorse-
ment area for teachers. We identify recruitment fields 
using teacher assignments at the course level, and we 
infer which endorsement teachers are likely to have. 
We have cross-referenced the crosswalk between 
courses and endorsements with our TTU partners to 
ensure that recommended recruitments would fulfill 
the requirements for being recommended for a specific 
endorsement.

8. We chose these weights for the measures for two 
reasons. We wanted to use observation ratings and 
teacher value-added measures because these two mea-
sures are the only measures of teacher effectiveness 
that are available state-wide for most teachers. There 
is also substantial prior literature indicating that teach-
ers improve with experience, particularly early in their 
careers (e.g., Papay & Kraft, 2015); thus, we thought 
it important to also include experience as part of our 
composite measure. Moreover, Tennessee law has 
prohibited sharing of teacher evaluation data in most 
cases, so adding experience also ensured our compos-
ite measure was not solely a measure of instructional 
effectiveness. The inclusion of teacher experience 
made our recruitment index different enough from 
teacher evaluation data according to the state depart-
ment’s legal department. This made it possible for us to 
share our recruitment data with TTU for the purpose of 
recruiting CTs. We have run several robustness checks 
to test the extent to which our preferred recruitment 
index weights would influence the overall ranking of 
teachers. All these reweighted teacher rankings are 
highly correlated with our preferred weighting scheme.

9. We also tested alternative specifications that 
included district-level random effects: a three-level 
nested structure with field-level random effects, a 
crossed random effects structure with field-level ran-
dom effects, or a two-level structure that nested PSTs 
within districts. We consistently found that the district-
level random effects did not explain enough variation 
in our outcomes of interest to justify their inclusion in 
our models.

10. We tested whether there were significant dif-
ferences between estimates from our preferred models 
(i.e., recruitment field fixed effects) and this specifi-
cation (i.e., recruitment field random effects) using 
Hausman tests. All tests failed to reject the null hypoth-
esis that there is no systematic difference between the 
two estimators.

11. The interpretation of the results for models with 
recruitment field fixed-effects should be interpreted as 

https://tvaas.sas.com/


Cooperating Teacher Recruitment Experiment

573

the within-field effects of receiving recommendation 
lists on overall CT quality. These models account for 
possible unobserved differences in recruiting strate-
gies among recruitment fields. For example, it might 
be easier to recruit a CT for an elementary education 
placement than agriculture education one given the 
larger number of possible CTs for elementary educa-
tion placements.

12. Given its primary reliance on evaluation met-
rics, which can be noisy measures from year to year 
that are susceptible to regression to the mean, we 
explored whether shifting the 3-year window during 
which we construct the recruitment index resulted in 
substantively different estimates of this overall con-
trast. Moving the window forward 1 (2016–2018) and 
2 years (2017–2019) saw a modest reduction in the 
magnitude of this contrast (between 15% and 20%), 
but all estimates remained qualitatively similar and 
statistically significant at the p < .01 level.

13. The program took primary responsibility for 
recruitment in 6 of the 25 districts participating in this 
initiative (two in treatment and four in control). We 
use a difference-in-differences approach to compare 
the treatment contrast between recruitment strategies. 
We find the treatment contrast for placements made 
by program leaders (rather than district office lead-
ers) to actually be smaller in magnitude. These results 
contradict the hypothesis that the contrast would be 
greater in districts where program leaders take pri-
mary responsibility for recruitment due to the fact 
that—prior to the study—they did not have access to 
evaluation data so were less able to select CTs based 
upon measures of instructional effectiveness (whereas 
district leaders had access to evaluation data). These 
results, though, cannot be interpreted as causal effects 
because our randomization strategy was not designed 
to stratify treatment within recruitment strategies.
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