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Abstract: We use data from six Washington State teacher education programs to investigate the
relationship between teacher candidates’ student teaching experiences and their later teaching
effectiveness and probability of attrition. We find that teachers who student taught in schools
with lower teacher turnover are less likely to leave the state’s teaching workforce, and that
teachers are more effective when the student demographics of their current school are similar to
the student demographics of the school in which they did their student teaching. While
descriptive, these findings suggest that the school context in which student teaching occurs has
important implications for the later outcomes of teachers and their students.
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I Introduction

It is well documented that teacher quality is the most important school-based factor
associated with improving student achievement. Differences in teacher effectiveness
(“effectiveness” and “quality” are used interchangeably here) swamp the impact of other in-
school investments on student test achievement.' Although teacher quality is critically important,
the policy mechanisms through which it may be cultivated have proved elusive. For example, it
is only weakly related to readily quantifiable teacher attributes like licensure status, degree, and
experience levels (Aaronson et al., 2007; Goldhaber, 2002; Rivkin et al. 2005). Moreover, the
empirical literature about policies designed to affect teacher quality—such as pay for
performance (e.g., Fryer et al., 2012; Glazerman and Seifullah, 2010; Goldhaber and Walch,
2012; Springer et al., 2013) and professional development (e.g., Hill and Ball, 2004; Jacob and
Lefgren, 2004)—focuses almost exclusively on in-service teachers (and the findings are mixed).

This focus on in-service interventions ignores the reality that the majority of our
country’s investment in teacher workforce development occurs before teachers enter the
workforce. For greater than 80% of U.S. teachers (Feistritzer, 2010), this investment occurs in
university-based teacher education programs (TEPs). Relatively little quantitative research
investigates teacher preservice education (Harris and Sass, 2011), but there is a great deal of
speculation that teacher education—and student teaching experiences in particular (Levine,

2006; NCATE, 2010; Wilson et al., 2001)—has a powerful influence on a teacher’s later success.

! Estimates suggest, for example, that a one standard deviation increase in teacher quality raises student achievement
in reading and math between 10-25% of a standard deviation (see Aaronson et al. [2007] and Hanushek and Rivkin
[2010] for estimates of the effect size associated with changes in teacher quality). To put this in perspective, this
teacher quality effect size has been found to be equivalent to lowering class size by 10 to 13 students (Rivkin et al.,
2005).



The theory of action connecting student teaching to teacher outcomes is simple: for most
prospective teachers, the student teaching requirement is the single prolonged experience they
will have in an actual classroom before the management and learning of students becomes their
primary responsibility. This is reflected in a report by the National Council for Accreditation of
Teacher Education (NCATE, 2010) that identifies student teaching as the most important aspect
of a highly effective clinical program, as well as empirical evidence suggesting that specific
aspects of student teaching (Boyd et al., 2006, 2009; Ronfeldt et al., 2014) and characteristics of
the school in which student teaching occurs (Ronfeldt 2012, 2015) are predictive of teacher
effectiveness and attrition from the profession.

In this paper we investigate the relationship between candidates’ student teaching
experiences—both where student teaching occurs and which teachers mentor student teachers
(cooperating teachers)—and their later teaching effectiveness and probability of attrition.
Specifically, we utilize detailed information on prospective teachers and their student teaching
experiences from six TEPs in Washington State matched with K—12 administrative data about
students and teachers to investigate two broad research questions: (1) What student teaching
experiences are predictive of value-added estimates of teacher effectiveness?; and (2) What
student teaching experiences are predictive of the probability that a teacher leaves the teacher
workforce in Washington State?

We find evidence that candidates assigned to cooperating teachers with an advanced
degree are less effective once they enter the workforce, while teachers who student taught in
schools with less teacher turnover are less likely to leave the state’s teaching workforce. We also
find that teachers are more effective when the student demographics of their current school are

similar to the student demographics of the school in which they did their student teaching. These



findings are consistent across various robustness checks, including models that use data on
teacher candidates who do not enter the workforce to account for potential bias associated with
selection into the public school teacher workforce, but are ultimately descriptive due to the non-
random sorting of teachers to student teaching positions and their first teaching jobs. That said,
the results lend credence to the hypothesis that the school in which student teaching occurs has
important implications for the later outcomes of teachers and their students, and that TEPs (and
the school systems with which they partner) should consider candidates’ future teaching plans in
determining student teaching assignments.

The remainder of the paper proceeds as follows. In Section II, we review the existing
empirical evidence linking student teaching experiences to teacher attrition and effectiveness,
and then introduce the data set that allows us to build on this prior work in Section III. We
present our analytic approach in Section IV, review our findings in Section V, and offer some

conclusions in Section VI.

II. Background

Five years ago, a National Research Council (2010) report concluded that we know
relatively little about how specific approaches to teacher preparation, including student teaching,
are related to the effectiveness of teachers in the field.” Since then a number of studies have
investigated differences in effectiveness associated with acquiring a teaching credential from a

specific TEP (Gansle et al., 2012; Goldhaber et al., 2013; Koedel et al., 2015; Lincove et al.,

* At the time there were only two large-scale quantitative studies (Boyd et al., 2006, 2009) that connected teacher
education experiences to in-service teacher workforce outcomes. The first, Boyd et al. (2006), provides evidence
that some aspects of student teaching, such as a capstone project where teachers relate curriculum learning to actual
practices, are predictive of teacher effectiveness. In the second study, the same authors (Boyd et al., 2009) find
differences in effectiveness between teachers who graduated from different TEPs and that, in terms of students’
math achievement in particular, teachers who identify similarities between their student teaching experience and
their first-year classroom experiences have greater student achievement gains.



2013; Mihaly et al., 2013). While there is some variation across studies in how much of teacher
effectiveness can be attributed to TEPs, these studies show that TEP indicators themselves
explain less than 1% of the variation of student achievement (Goldhaber et al., 2013); i.e., the
vast majority of the variation in teacher effectiveness is within rather than between TEPs. But an
important caveat about these estimates is that they do not isolate the impact of the TEPs
themselves from various selection mechanisms (discussed below) associated with prospective
teachers’ enrollment in training programs, entrance into the workforce, or employment in
specific schools and classrooms.”

A second strand of literature, more closely related to this study, focuses on specific
teacher education and student teaching experiences. Harris and Sass (2011) consider several
aspects of teacher education (e.g., the number of courses required in different areas), but find
practically no evidence of a relationship between these observable aspects of teacher education
and future teacher effectiveness. Prior work with the same data set used in this study (Goldhaber
et al., 2014b; Krieg et al., 2015) focuses on the relationship between student teaching
experiences and workforce entry. Goldhaber et al. (2014b) find that characteristics of individual
prospective teachers (such as endorsement area and race) are more predictive of whether they
find a teaching job than characteristics of their student teaching placement or cooperating
teacher. Krieg et al. (2015), by contrast, find that the location of prospective teachers’ student
teaching is far more predictive of the location of their first job than the location of their TEP or
high school, suggesting that the well-known “draw of home” phenomenon in teacher hiring

(Boyd et al., 2005) may also operate through student teaching assignments.

® For more detailed discussion of selection issues, see Goldhaber (2014).



Our study builds closely on recent work by Matt Ronfeldt and colleagues that connects
student teaching experiences to teacher effectiveness and retention. Ronfeldt (2012) suggests that
student teaching experiences may be linked to teacher attrition and effectiveness—especially in
underserved student populations. The evidence from this study challenges positions like those of
Haberman and Post (1998) and Haberman (1995) who propose that teachers should be trained
“in the worst schools and under the poorest conditions of practice” (Haberman, 1995). The
findings in Ronfeldt (2012) in fact suggest the opposite: the effectiveness of novice teachers is
significantly higher if they student taught in “high-functioning” schools with lower teacher
turnover.”

Ronfeldt et al. (2014) find that teachers who completed more hours of student teaching as
part of their teacher education have higher self-assessments of teaching preparedness and are less
likely to leave the profession than other teachers. Most recently, Ronfeldt (2015) collected
detailed data about internship schools, and finds that the level of teacher collaboration in these
schools (and, to a lesser extent, the amount of teacher turnover in the school) is also predictive of
later teacher effectiveness. Ronfeldt (2015) also quantifies the “match” between internship
schools and first-job schools by computing the absolute difference between internship and first-
job characteristics, and finds some evidence that teachers who student taught in a school with a
similar percentage of FRL students as their current school are more effective than other teachers,
although this finding does not hold for differences in school racial composition.’

We contribute to the sparse literature relating teacher education experiences to the in-

service experiences of teachers. In particular, our study, by virtue of having data on all teacher

* Ronfeldt quantifies the level of teacher turnover based on the “stay ratio,” a term we define in the next section.
3 Ronfeldt also experiments with other measures of the “match”, including variants of Euclidean distance, but also
finds little relationship between these measures and teacher effectiveness (Personal Communication, July 2015).



candidates from select TEPs (not just those who end up employed as public school teachers) is
the first to explicitly account for bias associated with selection into the workforce. But it is
important to recognize that there are other types of selection that might bias the estimated
relationships between student teaching experiences and workforce outcomes. Teacher candidates
are non-randomly selected into education programs (Goldhaber et al., 2013; Mihaly et al., 2013);
for instance, teacher candidates with varying degrees of unobserved teaching potential might
systematically sort into particular types of training institutions. Teacher candidates are also non-
randomly assigned to internship experiences (Krieg et al., 2015), so stronger or weaker teacher
candidates might be systematically matched with particular internship schools or mentor
teachers. Finally, the possibility that selection into particular teaching assignments might
influence teacher effectiveness estimates has received a good deal of attention in the literature
(Chetty et al., 2014; Kane et al., 2013; Rothstein, 2010).

We attempt to account for these potential sources of bias by including in our models a
rich set of covariates and estimating a variety of analytic models. However, given the various
selection mechanisms at play it is important to be cautious about strong causal interpretations of

our findings.

III.  Data and Summary Statistics
Data

The analytic data set we utilize combines information about teacher candidates and their
student teaching experiences from six Washington State TEPs that primarily serve the western
half of the state (see Figure 1)—Central Washington University (CWU), Pacific Lutheran

University (PLU), University of Washington-Bothell (UWB), University of Washington-Seattle



(UWS), University of Washington-Tacoma (UWT), and Western Washington University
(WWU)—with K-12 data provided by Washington State’s Office of the Superintendent of
Public Instruction (OSPI). These TEPs provided information on each teacher candidate who
completed a student teaching internship during a specific range of years, though the range of
years for which data were available varies by TEP.® TEPs also provided the academic year of the
internship, the building and district in which the internship occurred, and the name of the
cooperating teacher supervising the internship.’

The earliest individuals considered in this study completed their student teaching in 1998,
while the most recent student taught in 2010.° Figure 2 shows the frequency of observations by
student teaching year as well as the years each TEP provided data for their student teachers. The
TEPs in our sample graduate roughly one-third of the teachers who enter the Washington State
teaching workforce each year, and include three of the four largest TEPs in the state (as
measured by the average annual number of workforce entrants from each program).’

We merge the TEP data with administrative data provided by OSPI containing annual
information about employment, years of experience, race, and educational background for every

K—12 public school employee in the state between 1994 and 2013, as well as endorsements (the

% The longest span provided by a university was every intern between the years 1998 and 2011 and the shortest span
was 2006-2011.

" Internships in this paper are defined as a teacher candidate’s primary field experience (many interns complete
additional field placements that are primarily for observational purposes). A very small number of interns from
Western Washington University completed two different student teaching internships, and for these interns, we
randomly select one internship experience to include in our analytic data set.

¥ When representing years, this paper uses the convention of listing the first year of the academic year. Thus, 1994
represents the 1994-1995 academic year.

? There are a total of 21 TEPs in Washington (see Goldhaber et al. [2013] for a full list.) Approximately 15% of the
state’s public school teachers were trained outside the state. See
http://program.pesb.wa.gov/reports/reporting_progress/clinicallocation for detailed maps on where Washington
teachers tend to do their student teaching.




training specialty recognized by the state) for all individuals who are credentialed before 2014."
We merge the above sources of data to both interns and their cooperating teachers, allowing us to
consider observable characteristics of cooperating teachers as predictors of outcomes in each
year (if any) that interns are observed as teachers in the state’s public teaching workforce.

In addition to individual-level information on student teachers and their supervisors, we
make use of annual OSPI data on public schools in Washington, which allow us to consider
characteristics both the school in which the student teacher trained and the school in which they
were hired (for those who appear in the state’s public teaching workforce). In particular, we
characterize schools according to the percent of students eligible for free or reduced priced
lunch, the percent of under-represented minority s‘[udents,11 and, following Ronfeldt (2012), we
also calculate the “stay ratio” of each school.'? The stay ratio is a school-level measure of teacher
turnover, which we define in each school year as the percent of the school’s non-retirement-age
teachers who return to the school in the following year." Therefore, schools with less teacher

turnover have a higher stay ratio.'*

' We combine specific endorsement information into four categories: elementary education, special education,
STEM, and other. These data also contain the birth year of each intern, which allows us to calculate the age of each
intern during his or her internship year.

' We define under-represented minority as American Indian, Black, or Hispanic. And, we standardize this variable
and free and reduced priced lunch (FRL) within year and school level to ensure that these measures are comparable
for all interns in the sample.

12 Ronfeldt (2012) shows that a school’s stay ratio is correlated with other survey-based measures of school
functionality, such as administrative quality, staff support, student behavior, and teacher safety.

" We follow Ronfeldt (2012) by transforming the stay ratios with an exponential transformation and standardizing
within school level (elementary or secondary). Ronfeldt uses an average of each school’s stay ratio over the five-
year span of his data, and we experiment with several moving averages, including a three year moving average (the
current year and two prior years) and two five-year moving averages (the current year and four prior years, and the
current year, two prior years, and two subsequent years). Our results use the five-year moving average calculated
over the current year and four previous years, but the results are robust to the choice of average. We also experiment
with other measures of the stay ratio that compare attrition in schools to attrition in the same district and Washington
as a whole (the findings are little affected by our measure of the stay ratio).

'* Though we focus on school-level variables in this paper, there are good reasons to believe that classroom-level
variables may be even more important for teacher attrition and effectiveness. A small subset of interns in the sample
can be linked to classroom-level data for both their internship and current teaching position, and estimates from
models that consider these measures generally support the notion that focusing on the school level masks important

10



We use this analytic data set to investigate predictors of teacher attrition. To investigate
predictors of student achievement, we merge these data to student-level data, also provided by
OSPI. From 2006 through 2008, students in Grades 4—6 can be linked to their classroom teacher
by their proctor on the state exam and to both current-year and prior-year test scores."’ Since
2009, the state’s new CEDARS longitudinal data system allows all students to be linked to their
classroom teachers, and current year and prior year test scores are available for students in
Grades 4-8. For our investigation of research question #1, we only consider interns who are
linked to student-level data in a grade and year in which both current and prior year math test
scores are available. We use these test scores and additional demographic information about
students to estimate value-added models described in section IV.

Summary Statistics

The intern-level data set consists of 8,269 interns, each of whom completed student
teaching in a Washington State public school and received a teaching credential and
endorsements to teach in Washington K—12 public schools. Of these interns, 2,393 are never
observed as teachers in Washington State public schools before 2013. Although these “not hired”
interns do not factor directly into our analysis (since we do not observe outcomes for any of
these interns), they do play an important role in allowing us to account for the potential for
sample selection bias. Table 1 compares the three internship school characteristics described in

the previous section for hired and not hired interns, and demonstrates that hired interns tend to

variation at the classroom level. However, these estimates are based on such a small subsample that we do not
present them in this paper, although they are available from the authors upon request.

P The proctor of the state assessment was used as the teacher-student link for at least some of the data used for
analysis. The 'proctor’ variable was not intended to be a link between students and their classroom teachers so this
link may not accurately identify those classroom teachers. However, for the 2009 school year, we are able to check
the accuracy of these proctor matches using the state’s new Comprehensive Education Data and Research System
(CEDARS) that matches students to teachers through a unique course ID. Our proctor match agrees with the
student’s teacher in the CEDARS system for about 95% of students in math and 94% of students in reading.

11



student teach in schools that have more teacher turnover and fewer FRL students than non-hired
teachers.'® The first result may be due to the significant percentage of interns, almost 15%, who
are hired into the very schools in which their internships occur (Goldhaber et al., 2014b), and
suggests that the internship experiences of hired interns are not representative of all interns from
the TEPs in our sample, reinforcing the importance of accounting for sample selection.'’

We now turn our attention to the 5,876 hired interns in the data set. One important trend,
illustrated in Table 2, is that these interns tend to student teach in schools that are more
advantaged (as measured by the percent of URM and FRL students in the school) and have less
teacher turnover (as measured by the stay ratio) than the schools in which they find their first
teaching jobs. Figure 3 shows a scatterplot of the standardized %FRL of each intern’s internship
(x-axis) and first job (y-axis) school. The estimated linear relationship is positive, meaning that
interns who student teach in disadvantaged schools tend to find first jobs in disadvantaged
schools and vice versa, but there are many teachers who student teach in very different schools
than the schools in which they begin their teaching careers. Moreover, 60% of interns find their
first job in a school with a higher percentage of FRL students than their internship school (i.e.,
are above the 45° line in Figure 3).

Table 3 provides summary statistics (calculated at the teacher/year level for hired student
teachers) for variables of interest in the analytic models described in the next section. These
statistics illustrate how the composition of the sample changes between the mobility models

(estimated for all 5,876 hired interns) and effectiveness models (estimated only for the 1,351

'® Note that the correlation between school %FRL and school %URM across the state is quite high (r = 0.77), while
the correlation between each of these variables and school stay ratio is lower (r =-.07 and r = -.10, respectively).
Because of the high correlation between %FRL and %URM, we estimate models that include both variables and
models that include each separately.

"7 See Goldhaber et al. (2014b) for more information on predictors of teacher workforce entry.
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interns linked to student achievement data). For instance, a much lower percentage of interns are
endorsed in elementary education in the mobility data set (64.5%) than the effectiveness data set
(88.6%), which is due to elementary teachers being more likely to be linked to student
achievement data. Importantly, the effectiveness data set contains fewer novice teachers and
more experienced teachers than the broader sample. This is because, while we observe student
teaching placements going back to 1998, the first year we can observe teachers linked to the

students in their classrooms is 2006.

IV. Analytic Approach

Our objective is to investigate the relationship between interns’ student teaching
experiences and their effectiveness and attrition. We first define Z; as a vector of student teaching
experiences for intern j (the specific variables in this vector vary across model specifications). To
investigate the relationship between each of these variables and the outcomes above, we must
consider the implications of four potential sources of bias discussed in Section II. First,
individuals are non-randomly selected into different teacher education programs (Goldhaber,
2014). Second, teacher candidates are non-randomly sorted into different student teaching
positions (Krieg et al., 2015; Maier and Youngs, 2009). Third, teacher candidates are non-
randomly selected into the public teaching workforce (Goldhaber et al., 2014b). And finally,
teachers are non-randomly sorted into different teaching positions (Krieg et al., 2015). Each of
these sources of non-random variation could lead to bias if they mean that individuals who have
different teacher education, student teaching, or teaching experiences are different in other ways

that also influence their effectiveness and probability of staying the workforce.

13



As we describe below, we attempt to address these potential sources of bias in several
ways. We estimate models that include a rich set of variables that are intended to control for
sorting into teacher education programs, student teaching assignments, and teaching positions
along observable dimensions. Specifically, all models control for candidate-level variables
shown to be predictive of a candidate’s internship and first job assignments and future teaching
effectiveness and probability of attrition (Goldhaber and Cowan, 2014; Goldhaber et al., 2013;
Krieg et al., 2015). And because we know the TEPs from which teacher candidates graduated,
we also include program-level fixed effects, which account for candidate selection into
programs. Finally, we estimate two-stage “Heckit” models that attempt to correct for sample
selection bias that could result from only observing outcomes for teacher candidates who
ultimately enter the teaching workforce. However, we do not believe that these models fully
account for the non-random sorting of individuals to student teaching schools and their teaching
positions, so we interpret our results as descriptive estimates that represent a combination of
causal effects and the influence of non-random sorting.

Analytic Models

For the subset of 1,351 interns who enter the workforce and teach math in a grade and
year in which current and prior year test scores are available, we can investigate whether student
teaching experiences are related to teacher effectiveness by estimating value-added models.
Specifically, we predict student achievement on Washington State’s standardized math exams as
a function of lagged student achievement, other student covariates that are correlated with
student test performance, and the vector of student teaching experiences of the student’s

teacher:'®

" We also estimate all models for student reading performance, and these estimates are available from the authors
upon request.

14



Yiﬂ =q,+ 0‘1Yi(,_1) +o, X, + a3Tjt + a4Zj + &, (1)
In (1), Yy is the state math test score for each student i with teacher j in year ¢, normalized within
grade and year; Y. is a vector of the student’s scores the previous year in both math and
reading, also normalized within grade and year; Xj,is a vector of student attributes in year ¢ (race,
gender, program participation, and eligibility for FRL); T}, is a vector of individual characteristics
including teacher experience dummies (summarized in Table 3) and current school
characteristics (including school fixed effects in some specifications) for teacher j in year 7"°; and
Z;is the vector of student teaching experiences for teacher j. The coefficients in the vector ¢,

can be interpreted as the expected increase in student math performance associated with changes
in each student teaching experience, holding all other student and teacher covariates constant.
Importantly, the specification in equation 1 assumes that the relationship between student
teaching experiences and student achievement is just as strong for first-year teachers and for
more experienced teachers, but we relax this assumption in extensions described in the next
section. When we estimate the model in equation 1 by OLS, we cluster the standard errors at the
teacher level to account for dependence between observations associated with the same teacher.
To investigate predictors of teacher attrition for the full sample of 5,876 hired interns, we
estimate discrete-time hazard models that predict the log odds that each intern we observe in the

state workforce decides to leave the workforce at the end of each year:*

log| — 22\ = B+ .S, + BT, + BiZ, + B+, (2)
(- D) 5T j

" Recent evidence (e.g., Chetty et al., 2014) suggests that teacher quality is portable across school settings, so our
preferred models do not include school fixed effects. However, we also estimate all models with school fixed effects
and report these estimates as a robustness check.

" We also estimate equation 2 as a probit model to facilitate a comparison with the Heckit model estimates
described later in this section.

15



In (2), pjx 1s the probability that intern j in school & leaves the state workforce at the end of year
t. The log odds of this probability is modeled as a function of school and district characteristics
Sw, Tj:1s a vector of characteristics for teacher j in year ¢; Z; is the vector of preservice teacher

education experiences for intern j; and g, is a fixed effect for year ¢. The estimated coefficients
in the vector f, can be interpreted as the expected increase in log odds of teacher attrition

associated with changes in each student teaching experience, holding all other covariates
constant. As in the effectiveness models, we cluster the standard errors at the teacher level to
account for dependence between observations associated with the same teacher.
Investigating the “Match”

In some models, we consider measures of the “match” between an intern’s current school
and student teaching school. For example, let C;; be a characteristic of the current school of
intern j in year ¢ (e.g., percent FRL), and let /; be the comparable characteristic of the internship
school of intern j. We experiment with a number of different measures of the similarity between
Cj;and /;, including (following Ronfeldt, 2015) the absolute difference |C it — 1]-| between the
characteristic of the intern’s current and internship schools. However, in our primary results we
present estimates from more flexible models that include a polynomial of the difference between
Cj;and [; as a predictor of attrition or effectiveness:

V1Cje + Zi:l Vk+1(Cjt - Ij)k + Cj; Zi=1 Vk+4(Cjt - Ij)k (3)
The first term in equation (3) controls directly for the characteristic of the intern’s current school,
the second allows the difference between the characteristic of the intern’s current and internship
school to have a non-linear relationship with the outcomes in equations 1 and 2, while the third
allows this relationship to vary depending on the characteristic of the intern’s current school.

When we estimate “match” models, we just add the polynomial in equation 3 as additional

16



predictors in the models in equations 1 and 2.
Sample Selection Correction

As we describe above, we can use data on interns who do not enter the workforce to
account for potential sample selection bias associated with participation in the teacher labor
market. “Heckit” models that account for sample selection (e.g., Heckman, 1979) require
instrumental variables (IVs) that are predictive of the probability that interns enter the workforce,
but are otherwise unrelated with teacher effectiveness and attrition. We utilize two I'Vs: the
number of new teachers hired in the intern’s internship school in the year immediately following
his or her internship; and an indicator for whether the principal at the intern’s internship school
graduated from the same TEP as the intern. The first IV is motivated by the observation that
many interns are hired into the same school where they student taught, so interns may be more
likely to be hired as teachers if there are “slots” available in their internship school right after
their internship ends. The second IV is motivated by the importance of social networks in teacher
hiring (e.g., Maier and Youngs, 2009), on the assumption that that interns who attended the same
institution as the principal of their internship school may have access to a better social network
for finding a permanent position.

In the next section, we show that these [Vs are predictive of workforce entry, all else

equal (both separately and jointly).”' These estimates come from a first-stage probit regression:

Pr(0, =1)=®(v, +v IV, +v,T; +v;l, +¢)) 4)

In (4), O, =lifintern is observed in the public teaching workforce, 7V} is the vector of IVs for
J .] p J

*! Note that this model controls for the internship school stay ratio, which averages the amount of teacher turnover
over the past five years. Thus the marginal effect of “number of new teachers” in this model represents the expected
increase in the probability of entering the workforce for each additional teacher hired the next year, controlling for
the “overall” amount of teacher turnover at the school over the past five years.

17



intern j, and 7; and Z; are vectors of individual and student teaching variables, respectively.

We also make the (untestable) assumption that the IVs are not otherwise correlated with
the outcomes of the analytic models (the exclusion restriction). This assumption could be
violated for each IV. For example, if schools that know they will need to hire a teacher in the
following year are more able to get motivated and/or high-quality student teacher than other
schools, then the exclusion restriction is violated for the first IV. Likewise, if TEPs are more
likely to send their most motivated and/or high-quality student teachers to schools where the
principal graduated from that TEP, then the exclusion restriction is violated for the second IV.*

Under the exclusion restriction, we can use the first-stage coefficients estimated from
equation (4) to form a selection correction term that can be included an additional covariate in a

Heckit model that accounts for non-random sample selection (Vella, 1998):%

oW+l T+ vl +€))

j - (5)
Oy +vi I, +v,T, +v,l; +¢€))

Because the same correction term is used for each observation associated with the same intern,

we calculate the standard error of each coefficient using a bootstrap procedure described in

Winters et al. (2012) and Goldhaber et al. (2014a).**

V. Results
We discuss the estimates from the model in equation 1 in the first subsection, and the

estimates from the model in equation 2 in the second subsection. Within each section, we first

* We find little evidence that interns with better observable characteristics (e.g., higher credential test scores) are
more likely to do their student teaching in schools that will hire a large number of teachers the next year or have a
principal from the same TEP, but we cannot rule out non-random sorting along unobserved dimensions.

= We estimate equation 2 as a probit model in these specifications.

* For each bootstrap sample, we estimate the first-stage model only for those individuals, and then estimate the
second-stage model for all annual observations associated with those individuals.
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discuss specifications of these models that only consider internship school characteristics (as in
Ronfeldt, 2012), then consider additional specifications that consider characteristics of the
cooperating teacher, and conclude with specifications that include measures of the “match”
between each intern’s student teaching and current school.

Effectiveness Models

Before discussing estimates from our analytic models, we first investigate the overall
importance of student teaching experiences and the “match” between student teaching and
current schools in terms of the overall variation in student math performance. As discussed
above, earlier work (Goldhaber et al., 2013) finds that TEP indicators themselves explain
relatively little of the variation in teacher effectiveness in Washington State (less than 1%). To
put the findings from this section in a similar context, we estimate equation 1 as an ANOVA
model that sequentially removes variation in student math performance due to different kinds of
student, teacher, and school-level variables. Figure 4 summarizes our conclusions from this
exercise. The pie chart on the left shows that, similar to other studies (e.g., 16% in Rivkin et al.,
2005), teachers and schools explain about 12% of the variation in student math performance that
is not explained by prior test scores.

When we decompose this portion of the variation into parts associated with different
teacher and school variables in the second pie chart in Figure 4, we see that—as in Goldhaber et
al. (2013)—differences across TEPs in our sample explain about only about 1% of the variation
in teacher effectiveness. On the other hand, the student teaching and cooperating teacher
variables in our models explain over 3% of the variation, even after removing all variation at the

TEP level ® This suggests, sample selection issues aside, that differences in student teaching

* Note that the student teaching variables include measures of the “match” described later in this section.

19



experiences between teacher candidates within the same program are far more predictive of
future effectiveness than average differences between teacher candidates from different
programs.”®

We now turn to the coefficient estimates from different specifications of equation 1.
Table 4 presents estimates from specifications of the model in equation 1 that replicate the
specifications reported in Ronfeldt (2012). We focus on the estimates associated with the three
internship school characteristics discussed in Section III, but control for all the variables listed at
the bottom of the table. In general, we find little evidence that characteristics of the school where
an intern student taught are uniformly predictive of future teaching effectiveness, although
interns who student taught in schools with higher percentages of FRL and URM students are
more effective when compared to other teachers within the same school (i.e., in the school fixed
effect models).”” These findings differ from those of Ronfeldt (2012), who finds a positive and
statistically-significant relationship between the internship school stay ratio and teacher
effectiveness. It is not clear what is driving these differences, but one possibility is that it relates
to differences across study sites. For instance, Ronfeldt’s study uses data from New York City
Public Schools, which has over 15 times as many schools as the largest school district in
Washington State (Seattle). Given the correspondingly greater opportunity for teachers to move
between schools in New York City, the stay ratio may be a better measure of the “functionality”

of a school in New York City than in Washington State.

%% These estimates actually represent a lower bound estimate of the explanatory power of student teaching variables
and cooperating teacher characteristics, since we enter these variables last in the sequential ANOVA. When these
variables are entered before school and teacher variables and TEP indicators, they explain over 7% of the variation
in teacher effectiveness, which represents an upper bound estimate of the true explanatory power of student teaching
variables and cooperating teacher characteristics.

%7 Interestingly, when we estimate these same specifications only for the subsample of interns who teach in most
diverse districts represented in the data set—Seattle, Tacoma, and Kent—internship school %URM and internship
school %FRL are both highly predictive of teacher effectiveness across all specifications. This previews the “match”
findings discussed later in the section.
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In Table 5, we extend the specifications from Table 4. In all columns, we include an
indicator for whether the teacher is employed in the same school where they student taught,*® and
find a small positive (but not statistically significant) relationship between having one of these
teachers and student performance. This suggests that, even if schools are using student teaching
as a “screening process” in teacher hiring (as suggested in Goldhaber et al., 2014b), they are
missing an opportunity to use this process to identify and hire more effective teachers.”

In the even columns of Table 5, we consider characteristics of the intern’s cooperating
teacher (including measures of the gender and racial “match” between the cooperating teacher
and intern). The only consistent finding from these specifications is that interns whose
cooperating teacher held an advanced degree are less effective than other teachers, all else
equal.”® Given that these specifications also control for cooperating teacher experience, it is
difficult to know what to make of this finding. One plausible explanation is that the cooperating
teachers with advanced degrees are systematically different from cooperating teachers without
advanced degrees. For instance, while there is little empirical evidence that advanced degrees are
predictive of teacher effectiveness in general (Goldhaber and Brewer, 1997; Monk and King,
1994), this may not be the perception amongst those who are making TEP assignments. If TEPs
place a very high priority on placing interns with cooperating teachers who hold advanced
degrees, interns may be placed with relatively lower-quality cooperating teachers with advanced
degrees.

In Table 6, we present estimates from specifications that consider the “match” between

¥ We also experiment with models that consider hiring into the same district and find similar results.

* This still leaves the possibility that schools are using the selection of student teachers as a screening process in
hiring.

%0 This estimate is also negative and statistically significant in models that consider student reading performance.
Moreover, we find that the effect is strongest for more experienced cooperating teachers but still statistically
significant and negative for a cooperating teacher of average experience, and is statistically significant and negative
for interns from three of the six TEPs in our sample.
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internship and current school characteristics as predictors of teaching effectiveness (in which the
polynomial in equation 3 is added to the model in equation 1). We first let /; and C;; be the
%FRL of the teacher’s internship school and current school (respectively), and then estimate
similar models that consider %URM as the school measure. From column 1, we can see that, all
else equal, a one standard deviation increase in current school %FRL is associated with a
decrease in student performance of about .025 standard deviations.

The coefficients of interest, though, are for the terms that consider the “match” between a
teacher’s internship and current school. Because these estimates are difficult to interpret, we use
the estimates from column 1 to calculate average predicted test scores at each combination of
internship school %FRL and current school %FRL and plot the resulting estimates in the contour
plot in Figure 5.°' In the contour plot, red regions indicate higher test scores (where a “+”
indicates a region in which the average predicted test score is significantly greater than zero), and

¢ 9

blue regions indicate lower test scores (where a “-” indicates a region in which the average
predicted test score is significantly less than zero).>> Importantly, because our goal here is to
assess the importance of the match between internship and current school, we do not use the
coefficient on current school %FRL to produce these predicted values. Figure 5 can therefore be
interpreted as follows: for a student in a school with a given %FRL (any value on the y-axis), the
predicted values tell us how the estimates in Table 6 suggest that the student’s test scores will

vary as a function of the %FRL of his or her teacher’s internship school.”

*! These average predicted scores are calculated using the margins command in STATA, and are simply the mean
predicted test score for all students in the sample with all variables other than internship school %FRL and current
school %FRL kept at their observed values.

*2 These hypothesis tests are performed using the “margins” command in STATA, and simply test the average
predicted test score at each combination of internship school characteristic and current school characteristic against
ZEero.

3 These estimates do not control for whether the internship school is the same as the current school, so the small
positive effect of teaching in the same school as student teaching (see Table 5) is incorporated into these estimates.
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The patterns in Figure 5 are striking, as for each value of current school %FRL, students
tend to score higher when their teacher student taught in a school with a similar %FRL (and
lower when their teacher student taught in a school with a very different %FRL).>* These
relationships are not perfectly linear, as shown by the solid line in Figure 5 which traces the
maximum values of predicted student scores for each value of current school %FRL;
specifically, students in very low %FRL schools score highest when their teacher student taught
in a school with somewhat higher %FRL, and vice versa for students in very high %FRL
schools. But the statistically significant and positive regions of Figure 5 are generally where the
%FRL of the internship school is within one standard deviation of the %FRL of the current
school, while the large negative region in the top left corner is where the internship school
%FRL is over three standard deviations lower than the current school %FRL. The magnitudes of
the differences between the “extremes” of the figure are meaningful; for example, students in a
high-poverty school (2 standard deviations above the mean %FRL) are predicted to score 0.157
standard deviations higher if their teacher student taught in a school with the same %FRL than if
their teacher student taught in a low-poverty school (2 standard deviations below the mean
%FRL). This is suggestive evidence that the “match” between internship and current school may
matter for student achievement, and that a “mismatch” may be particularly detrimental when
teachers are in a considerably more disadvantaged school than where they student taught.

Figure 6 plots average predicted scores from column 2 of Table 6, in which the measure
of school disadvantage is %URM students. The patterns in Figure 6 are perhaps even more
striking than in Figure 5, particularly in the upper right corner (suggesting that students in high

%URM schools benefit greatly from having a teacher who student taught in a high %URM

** These contour plots look quite similar when we use non-standardized (i.e., 0%-100%) measures of school %FRL.
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school). Specifically, students in a high-URM school (3 standard deviations above the mean
%URM) are predicted to score 0.167 standard deviations higher if their teacher student taught in
a school with the same %URM than if their teacher student taught in a low-URM school (2
standard deviations below the mean %URM). The general conclusion from Figure 6, then, is the
same as for Figure 5; students tend to score higher when their teacher student taught in a school
with similar student demographics.

It is important to emphasize that, because of the potential sources of bias discussed
above, the relationships in Figures 5 and 6 (and the estimates in Table 6) do not imply a causal
relationship between the “match” between internship and current school characteristics and
student achievement. It is possible, for example, that the best teacher candidates are more able to
find jobs in schools that are similar to where they student taught (or are more likely to get student
teaching positions in schools that are similar to the schools they plan to teach in). As we discuss
in the subsection on robustness checks, we do not find evidence that teachers with better
observable preservice qualifications (i.e., credential test scores) are any more likely to
experience a better “match” between their internship and current school characteristics, but we
cannot rule out non-random sorting along unobserved dimensions. That said, the descriptive
finding that students tend to perform better when their teachers have been trained in similar
schooling environments is intuitive.

Mobility Models

We now turn to predictors of teacher attrition (recall that we can estimate these models
for the full “mobility sample” summarized in Table 3, not just the subsample who are linked to
student test scores). Tables 7-9 are direct parallels of Tables 4-6, except they present estimates

from the specifications of the discrete-time hazard model in equation 2. The primary conclusion
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from the estimates in Table 7 is that, like Ronfeldt (2012), we find strong evidence that interns
who student taught in schools with less teacher turnover (i.e., a higher stay ratio) are less likely
to leave the state’s public teaching workforce. This is true even when we include all three
internship school measures in the same model (column 4), and is robust to the inclusion of
school fixed effects.

In Table 8, we find that individuals who are teaching in the same school where they
student taught are no less likely to leave the teaching workforce, all else equal. We also find little
evidence that any cooperating teacher characteristics are predictive of the probability that an
intern leaves the teaching workforce. Finally, in Table 9, we present estimated coefficients from
the polynomial of the difference between various internship school and current school
characteristics (see equation 3) as predictors of teacher attrition. The coefficients of interest are
for the difference terms and the difference terms interacted with current school characteristics,
and of these 12 estimates, only one is statistically significant at the .10 level. We therefore avoid
interpreting these estimates more broadly and instead conclude that there is little evidence that
these measures of the “match” between internship and current school are predictive of teacher
attrition.

Sample Selection Correction and Robustness Checks

As we discuss at the outset of Section IV, there are several potential sources of bias for
the estimates from Tables 4-9. We account for one of these sources of bias (non-random
selection into the teaching workforce) directly by estimating sample selection (or Heckit) models
that rely on data about teacher candidates who never enter the public teaching workforce. Table
10 shows that the two IVs we have identified for the first stage of these models are predictive of

workforce entry, both separately and jointly, and in the expected direction (i.e., teacher
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candidates are more likely to enter the workforce, all else equal, if they student teach in a school
that will hire more teachers the next year or in a school with a principal from the same TEP).
Therefore, we use these Vs to produce Heckit estimates presented in the even columns of Table
11 (for the effectiveness models) and Table 12 (for the mobility models).

The broad conclusion from these tables is that the sample selection correction makes very
little difference in our estimates of the relationship between student teaching experiences and
student math performance. Specifically, in Table 11 the negative and statistically-significant
relationship between cooperating teacher advanced degree and student math achievement is
nearly identical in the OLS and Heckit models.” Likewise, in Table 12 the relationship between
internship school stay ratio and attrition is even more negative and statistically significant when
we account for sample selection, although the difference between the estimates in the probit and
Heckit models is not statistically significant. We view this as additional support to the overall
conclusion from Ronfeldt (2012) that interns from higher-functioning schools (as proxied by the
level of teacher turnover) are better prepared for the challenges of teaching and thus less likely to
leave the workforce.

The other primary finding in our analysis is that teachers are more effective when they
teach in similar schools as where they student taught, but as we discuss above, this could be a
spurious correlation that is due to non-random sorting of teacher candidates to student teaching
positions and teaching jobs. In particular, teacher candidates who will become more effective
teachers regardless of their student teaching experiences may be more likely to experience a
“match” between their student teaching and current school, either because they are more likely to

find jobs in schools that are similar to where they student taught or because they are more likely

** OLS and Heckit estimates from the match models (Table 6) are also very similar. Results are available from the
authors upon request.

26



to get student teaching positions in schools that are similar to the schools they plan to teach in.
To test for this possibility (and as a falsification test of the conclusions from Figures 5
and 6), we use a pre-training measure of teacher quality available for a subset of teacher
candidates in the sample—teacher credential test scores—and investigate whether teacher
candidates with higher credential test scores are more likely to experience a “match” between
their current and internship school. Specifically, we estimate similar match models from Table 6,
except at the teacher-year level and with teacher credential test scores as the outcome variable.*
Credential test scores are an imperfect measure of teacher quality, but empirical evidence shows
that they are modestly predictive of future teacher effectiveness (Clotfelter et al., 2010;
Goldhaber, 2007). So, if less-qualified teachers are more likely to teach in a school that is very
different than their student teaching school, we would expect measures of the “match” to be
predictive of these credential test scores. However, while we do find evidence that teachers with
low credential test scores are more likely to teach in high %URM schools (which parallels earlier
findings in Goldhaber et al., 2015), none of the measures of the match from equation 3 are
statistically significant predictors of credential test scores (for either %URM or %FRL). While
this suggests that there is not dramatic non-random sorting along observable dimensions, it is of
course still possible that there is non-random sorting along unobserved dimensions of more
effective teachers to schools that are a good “match” with their student teaching experience.”’
Finally, the match results discussed in Section IV assume that differences (or similarities)
between a teacher’s current school and student teaching school are just as important for an early-

career teacher as a more experienced teacher. Some evidence, however, suggests that teacher

%% We omit all student-level variables in these models.

7 We also find no evidence that teachers with better credential test scores are any more or less likely to be assigned
to a cooperating teacher with an advanced degree, which does little to cast doubt on the estimated negative
relationship between cooperating teacher advanced degree and future teacher effectiveness.
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education effects decay over time (Goldhaber et al., 2013), so there is good reason to believe that
the match may be more important for novice teachers. To investigate this, we estimate variants
of equation 1 that include (following Ronfeldt, 2015) the absolute difference |C]t - IJ| between
the characteristic of the intern’s current and internship schools and report the estimates in Table
13. The first column of Table 13 shows that a one standard deviation increase in the absolute
difference in the percentage FRL between an intern’s current and student teaching school is
associated with a .018 standard deviation decrease in student performance, pooled across all
teachers.” This corresponds with the broad conclusion from Figure 5 that teachers are more
effective when they teach in a school with a similar percentage of FRL students as their student
teaching school.

The next two columns of Table 13 show that, as hypothesized, the match effect is almost
three times larger for novice teachers (with two or fewer years of experience) than it is more
experienced teachers.” Likewise, when we consider the match between the current school and
internship school in terms of the percentage of URM students (columns 4-6 of Table 13), similar
patterns emerge; the relationship between the match and teacher effectiveness is stronger for
novice teachers than more experienced teachers.*”’ Thus the estimates in Table 6 (illustrated in
Figures 5 and 6) are actually conservative estimates of the relationship between the match and
teacher effectiveness for novice teachers, as they are pooled across all teachers in the sample.

A final question is whether the benefit of a good “match” is unique to student teaching or

¥ Given that the range of %FRL in our sample is approximately five standard deviations (see Figure 5), this
estimate is roughly comparable to the estimate in Ronfeldt (2015) that a 100 percentage point increase in the
absolute difference is correlated with a .093 decrease in student test performance, all else equal.

%’ This difference is statistically significant at the .10-level.

% We also experiment with variants of the “decay model” outlined in Goldhaber et al. (2013) that allows the effect
of teacher education experiences to decay with the number of years of teaching experience. We estimate a decay
parameter of 0.300 (meaning that the match effect for a teacher with ¢ years of experience is e times as large as the
match effect of a novice teacher), but the estimate of the decay parameter is not statistically significant, so we do not
pursue this model further.
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could also be observed in the broader teacher labor market (e.g., a second-year teacher in a
disadvantaged school may be more effective if he or she has already taught for one year in a
similar school). There is little empirical evidence on this topic, but early estimates from
Washington State (available from the authors on request) suggest that, among teachers who
switch schools after their first year of teaching, the relationship between the “match” between
their second school and their first school and teacher effectiveness is very similar to the
relationships in Table 13 (i.e., teachers who switch to a similar school are more effective than
teachers who switch to a very different school). This early finding is also subject to potential
bias—teachers who switch to a very different schooling environment after one year of teaching
may be less effective than other teachers for unobserved reasons—but suggests that the story of
these results may not be just about student teaching. Instead, the primary “match” results in this
section may simply illustrate the importance of prior experience in a similar schooling

environment (in this case, through student teaching).

VI. Conclusions

This paper contributes to a small but growing empirical evidence base about where future
teachers should do their student teaching. We replicate the finding from Ronfeldt (2012) that
relatively low levels of teacher turnover in internship schools are associated with a reduced
likelihood of attrition for teacher candidates who enter the workforce. But our main contribution
relates to the match between internship schools and first jobs: our findings suggest that what
makes a “good” student teaching school appears to vary depending on the type of school a
teacher candidate will eventually teach in. Specifically, teachers appear to be more effective

when the student demographics of their school are similar to the student demographics of the
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school in which they did their student teaching. Although these results could reflect non-random
sorting to student teaching schools and teaching positions rather than the causal effect of a good
“match” between a teacher’s current job and student teaching experience, they do suggest that
TEPs should consider placing teacher candidates into student teaching schools that look like the
schools they are likely to be hired into.

Our findings also have important ramifications in terms of equity. Specifically, teachers
in our sample are much more likely to have done their student teaching in a more advantaged
setting than their current school, so students in disadvantaged schools are less likely to have a
teacher whose student teaching “matches” their school setting than students in advantaged
schools. This suggests that TEPs that are committed to educating teachers who will be successful
in disadvantaged schools need to be placing more student teachers in these settings.”*'

Finally, it is worth stressing that this analysis was made possible by linking state
administrative databases to data from individual TEPs that are not typically found in these
databases, and illustrates the potential of similar partnerships that connect the teacher education
experiences of teacher candidates to their experiences once they enter the teaching workforce. In
particular, while this analysis is based on relatively coarse measures of student teaching (i.e.,
student teaching school and cooperating teacher), even these coarse measures are far more
predictive of student performance than the information about teacher education typically
contained in state administrative databases (i.e., the TEPs themselves). We therefore recommend
that research continues to move toward considering the specific teacher education experiences of
teacher candidates (and student teaching experiences in particular) to inform teacher education

policies and practice.

* This comports with our policy recommendation from Krieg et al. (2015) that placing better (or just more) student
teachers in disadvantaged schools could have important impacts on the distribution of new teacher quality.
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Figures and Tables

Figure 1. Proportion of New Teachers from Participating Institutions

@ rarticipating institution - ' : Q1 (0.00-0,10)
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NOTE: Figure 1 illustrates the proportion of newly-hired teachers in each district over the past
ten years who graduated from one of the six participating institutions in this study. The legend
shows how these proportions are binned into five quintiles.
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Figure 2. Student Teaching Assignments by Year of Student Teaching
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Figure 3. Standardized Percent FRL at Internship and First Job School
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Figure 4. Summary of ANOVA of Student Test Performance
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Figure 5. Predicted Math Performance by Internship and Current School %FRL
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NOTE: “+” denotes region that is significantly greater than zero (p < .05), “-” denotes region that
is significantly less than zero
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Figure 6. Predicted Math Performance by Internship and Current School %URM
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NOTE: “+” denotes region that is significantly greater than zero (p <.05), “-” denotes region that
is significantly less than zero

40



Table 1. Summary Statistics for Hired and Not Hired Teacher Candidates

Sample Not Hired Hired
- - skskk
Internship school stay ratio 0.144 0.200
(0.659) (0.621)
Internship school %URM -0.016 -0.028
(0.782) (0.798)
- - ok
Internship school %FRL 0.110 0.168
(0.830) (0.855)
Number of Unique Individuals 2,393 5,876

NOTE: p values from two-sided ¢ test of difference between columns: *p

<.05; **p < 01; ***p < 001
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Table 2. Summary Statistics for Internship and First Job School Characteristics

Sample All Hired Teachers
Internship First Job .
School School Difference
- - - ko
Standardized stay ratio 0.200 0.350 0.150
(0.621) (0.611) (0.780)
- kkk
Standardized %URM 0.028 0.139 0.166
(0.798) (0.995) (0.930)
- _ kkk
Standardized %FRL 0.168 0.014 0.154
(0.855) (0.974) (0.979)
Number of Unique Teachers 5,876 5,876 5,876

NOTE: p values from two-sided 7 test: *p <.05; **p <.01; ***p <.001
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Table 3. Teacher/Year-Level Summary Statistics

Models Mobility | Effectiveness
Age in internship year 28.293 29.087
(7.783) (8.240)
Time from internship to first job (1(5)8;) ((1)338)
Male 0.250 0.233
Non-white 0.088 0.093
STEM endorsement 0.130 0.168
SPED endorsement 0.138 0.092
Elementary endorsement 0.645 0.869
No Teaching Experience 0.125 0.102
One Year of Experience 0.151 0.128
Two Years of Experience 0.139 0.128
Three Years of Experience 0.124 0.122
Four Years of Experience 0.106 0.111
Five or More Years of Experience 0.355 0.409
Internship school stay ratio (_8 62(())3) (_8 61(? 36 )
Internship school %URM (_8 ;)359) (_8 7160 41)
Internship school %FRL (_8 822346) (_8 826327)
Same school as internship 0.135 0.126
Cooperating Teacher Experience (185. '500406) (1; 381602)
Cooperating Teacher Advanced Degree 0.597 0.605
Cooperating Teacher Non-white 0.094 0.083
Cooperating Teacher Male 0.232 0.182
Cooperating Teacher Prior Interns (8222) (8228)
Number of Unique Teachers 5,876 1,349
Number of Teacher-Year Observations 33,303 3,632

43




Table 4. Math Effectiveness Models (Value-Added Model of Student Math Performance)

) ) 0.001 0.003 -0.005 -0.001
Internship school stay ratio (0.010) (0.010) (0.012) (0.012)
) 0.007 -0.009 0.020* 0.002
Internship school %URM (0.010) (0.017) (0.010) (0.019)
) 0.011 0.017 0.020%** 0.019
Internship school %FRL (0.010) | (0.016) (0.009) | (0.016)
Current school controls X X X X
Current school fixed effects X X X X
N 112,985 | 112,985 | 112,985 | 112,985 | 113,024 | 113,024 | 113,024 | 113,024

NOTE: p values from two-sided ¢ test: *p <0.10, **p < 0.05, ***p < 0.01. All models include students' prior test
scores interacted with their grade, race, gender, and program participation, and teacher internship year, institution,
student teaching quarter, experience, endorsements, time to hire, gender, age, minority status, school enrollment,
school level, school urbanicity, current school %FRL, %URM, and stay ratio controls. Standard errors are clustered at

the teacher level.
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Table 5. Math Effectiveness Model Extensions

: : 0.003 0.003 0.001 -0.000
Internship school stay ratio
(0.010) | (0.010) | (0.013) (0.012)
Internship school %URM -0.010 -0.009 -0.001 -0.003
(0.017) | (0.017) | (0.019) (0.019)
Internship school %FRL 0.018 0.019 0.020 0.021
(0.016) | (0.016) | (0.016) (0.016)
: . 0.027 0.022 0.015 0.019
Same school as internship
(0.021) | (0.022) | (0.021) (0.021)
sk sk
Student Teacher Male 0.014 0.004 | 0.031 0.042
(0.014) | (0.016) | (0.015) (0.017)
Student Teacher Non-White 0.032 -0.034 0.001 0.002
(0.020) | (0.021) | (0.021) (0.022)
Cooperating Teacher 0.000 -0.000
Experience (0.001) (0.001)
Cooperating Teacher -0.029** -0.030**
Advanced Degree (0.013) (0.012)
- %
Cooperating Teacher Male 0.026 0.035
(0.019) (0.021)
Cooperating Teacher Non- 0.001 0.034
White (0.029) (0.026)
Cooperating Teacher Prior 0.012 -0.000
Interns (0.007) (0.007)
Cooperating Teacher Male * 0.033 -0.055
Intern Male (0.033) (0.036)
Cooperating Teacher Non- 0.046 -0.029
White * Intern Non-White (0.065) (0.057)
Current school controls X X
Current school fixed effects X X
N 112,985 | 112,985 | 112,985 | 112,985

NOTE: p values from two-sided 7 test: *p <.10; **p <.05; ***p < .01. All
models include students' prior test scores interacted with their grade, race,
gender, and program participation, and teacher internship year, institution,
student teaching quarter, experience, endorsements, time to hire, gender, age,
minority status, school enrollment, school level, school urbanicity, current
school %FRL, %URM, and stay ratio controls. Standard errors are clustered

at the teacher level.
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Table 6. Math Effectiveness Match Models

School measure: % FRL % URM
- * .
Current school 0.023 0.015
(0.012) (0.013)
- * .
Difference 0.023 0.024
(0.013) (0.015)
- - skk
Difference’ 0.012 0.018
(0.008) (0.008)
Difference’ 0.004 0.002
(0.005) (0.004)
Current school * 0.029** | 0.040%***
Difference (0.012) (0.011)
Current school * -0.000 -0.003
Difference’ (0.008) | (0.007)
Current school * -0.004%** -0.001
Difference’ (0.002) | (0.001)
Current school controls X X
N 113,001 112,985

NOTE: p values from two-sided ¢ test: *p <.10;
**p <.05; ***p < .01. All models include students'
prior test scores interacted with their grade, race,
gender, and program participation, and teacher
internship year, institution, student teaching
quarter, experience, endorsements, time to hire,
gender, age, minority status, school enrollment,
school level, and school urbanicity. Standard errors
are clustered at the teacher level.
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Table 7. Mobility Models (Discrete Time Hazard Model of Leaving State for the First Time)

. . -0.097** -0.093** | -0.107** -0.102**
Internship school stay ratio
(0.044) (0.044) | (0.050) (0.051)
0.032 0.047 0.042 0.079
Internship school %URM
(0.038) (0.063) (0.044) (0.075)
. 0.013 -0.031 0.011 -0.058
Internship school %FRL
(0.035) | (0.058) (0.040) | (0.068)
Current school controls X X X X
Current school fixed effects X X X X
N 32,923 32,923 | 32,923 32,923 25,519 25,519 | 25,519 25,519

NOTE: p values from two-sided ¢ test: *p <0.10, **p < 0.05, ***p < 0.01. All models include teacher internship year,
institution, student teaching quarter, experience, endorsements, time to hire, gender, age, minority status, school
enrollment, school urbanicity, school level, current school %FRL, %URM, and stay ratio controls. Standard errors are

clustered at the teacher level.
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Table 8. Mobility Model Extensions

: : -0.092** | -0.092%* | -0.112** | -0.108**
Internship school stay ratio
(0.044) (0.044) (0.051) (0.052)
Internship school %URM 0.046 0.047 0.076 0.072
(0.063) (0.064) (0.075) (0.075)
Internship school %FRL -0.031 -0.032 -0.060 -0.064
(0.058) (0.059) (0.068) (0.068)
: : 0.021 0.022 -0.030 -0.031
Same school as internship
(0.071) (0.072) (0.082) (0.082)
- sk - skoksk - sk _ skskok
Student Teacher Male 0.469 0.508 0.513 0.576
(0.065) (0.084) (0.072) (0.094)
Student Teacher Non-White 0.134 0.140 0.148 “0.078
(0.091) (0.097) (0.102) (0.110)
Cooperating Teacher -0.001 -0.001
Experience (0.003) (0.003)
Cooperating Teacher 0.005 -0.051
Advanced Degree (0.050) (0.058)
Cooperating Teacher Male 0.009 0.046
(0.075) (0.085)
Cooperating Teacher Non- -0.007 -0.034
White (0.089) (0.103)
Cooperating Teacher Prior 0.005 -0.046
Interns (0.031) (0.033)
Cooperating Teacher Male * 0.083 0.128
Intern Male (0.131) (0.145)
Cooperating Teacher Non- -0.010 -0.370
White * Intern Non-White (0.252) (0.286)
Current school controls X X
Current school fixed effects X X
N 32,923 32,923 25,519 25,519

NOTE: p values from two-sided 7 test: *p <.10; **p <.05; ***p < .01. All models
include teacher internship year, institution, student teaching quarter, experience,
endorsements, time to hire, gender, age, minority status, school enrollment, school
urbanicity, school level, current school %FRL, %URM, and stay ratio controls.
Standard errors are clustered at the teacher level.
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Table 9. Mobility Match Models

School measure: % FRL | % URM
Current school -0.024 -0.007
(0.042) (0.046)
Difference -0.001 -0.068
(0.048) (0.053)
Difference’ 0.038 0.044
(0.035) (0.035)
Difference’ 0.006 0.006
(0.017) (0.015)
Current school * -0.057 -0.047
Difference (0.048) | (0.052)
Current school * -0.019 0.039
Difference’ (0.031) | (0.033)
Current school * 0.008 -0.010*
Difference’ (0.008) | (0.006)
Current school controls X X
N 32,933 33,012

NOTE: p values from two-sided ¢ test: *p <.10;
**p <.05; ***p < .01. All models include teacher
internship year, institution, student teaching
quarter, experience, endorsements, time to hire,
gender, age, minority status, school enrollment,
school level, and school urbanicity. Standard
errors are clustered at the teacher level.
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Table 10. First-Stage Vs (Probit Predicting Workforce Entry)

Number of new teachers hired by 0.040%** 0.040%**
internship school year after internship (0.012) (0.012)
Internship principal from same 0.069* 0.069*
institution (0.036) (0.036)
Number of Unique Individuals 8,269 8,269 8,269

NOTE: p values from two-sided 7 test: *p < 0.10, **p < 0.05, ***p <
0.01. All models include teacher internship year, institution, student
teaching quarter, endorsements, gender, age, and minority status, and
internship school %FRL, %URM, and stay ratio controls.
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Table 11. Comparison of OLS and Heckit Effectiveness Estimates

OLS Heckit OLS Heckit
Internship school stay ratio 0.003 004 0.003 003
(0.010) | (.011) | (0.010) (.011)
Internship school %URM -0.010 ~005 -0.009 -004
(0.017) | (.019) | (0.017) (.019)
Internship school %FRL 0.018 012 0.019 014
(0.016) | (.017) | (0.016) (.017)
: . 0.027 .029 0.022 .025
Same school as internship
(0.021) | (.022) | (0.022) (.023)
Student Teacher Male 0.014 029 0.004 017
(0.014) | (.021) | (0.016) (.022)
Student Teacher Non-White -0.032 ~032 -0.034 ~034
(0.020) | (.022) | (0.021) (.023)
Cooperating Teacher 0.000 0
Experience (0.001) | (.001)
Cooperating Teacher -0.029%* | -.028**
Advanced Degree (0.013) (.014)
Cooperating Teacher Male -0.026 -023
(0.019) (.02)
Cooperating Teacher Non- 0.001 0
White (0.029) | (.03)
Cooperating Teacher Prior 0.012 012
Interns (0.007) (.007)
Cooperating Teacher Male * 0.033 .03
Intern Male (0.033) (.034)
Cooperating Teacher Non- 0.046 .048
White * Intern Non-White (0.065) (.069)
Current school controls X X X X
N 112,985 | 112,985 | 112,985 | 112,985

NOTE: p values from two-sided ¢ test (for models without sample

selection correction) or permutation test (for models with sample selection
correction): *p <.10; **p < .05; ***p < .01. All models include students'
prior test scores interacted with their grade, race, gender, and program
participation, and teacher internship year, institution, student teaching
quarter, experience, endorsements, time to hire, gender, age, minority
status, school enrollment, school level, school urbanicity, current school
%FRL, %URM, and stay ratio controls. Standard errors are clustered at
the teacher level in the models without sample selection correction, and
standard errors are calculated from 1,000 bootstrapped estimates in the
models with sample selection correction.
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Table 12. Comparison of Probit and Heckit Mobility Estimates

Probit Heckit Probit Heckit
) ) -0.044** -.064%#* -0.044** -.064%**
Internship school stay ratio
(0.021) (.025) (0.021) (.025)
Internship school %URM 0.018 059 0.019 06
(0.030) (.041) (0.031) (.041)
Internship school %FRL -0.013 -.047 -0.013 -.048
(0.028) (.036) (0.028) (.037)
: . 0.005 017 0.005 .017
Same school as internship
(0.034) (.034) (0.034) (.034)
- *ok ok - #ok ok - wok ok _ k%
Student Teacher Male 0.227 211 0.247 23
(0.030) (.036) (0.039) (.043)
- -.088* - -
Student Teacher Non-White 0.069 088 0.070 089
(0.043) (.052) (0.046) (.054)
Cooperating Teacher -0.001 -.001
Experience (0.001) (.001)
Cooperating Teacher 0.003 .004
Advanced Degree (0.024) (.025)
Cooperating Teacher Male 0.003 006
(0.037) (.038)
Cooperating Teacher Non- -0.006 -.004
White (0.043) (.044)
Cooperating Teacher Prior 0.001 .002
Interns (0.014) (.015)
Cooperating Teacher Male * 0.044 .04
Intern Male (0.062) (.064)
Cooperating Teacher Non- 0.013 015
White * Intern Non-White (0.120) (.125)
Current school controls X X X X
N 32,923 32,923 32,923 32,923

NOTE: p values from two-sided 7 test (for models without sample selection
correction) or permutation test (for models with sample selection correction): *p <
10; **p <.05; ***p < .01. All models include teacher internship year, institution,
student teaching quarter, experience, endorsements, time to hire, gender, age,
minority status, school enrollment, school level, school urbanicity, current school
%FRL, %URM, and stay ratio controls. Standard errors are clustered at the teacher
level in the models without sample selection correction, and standard errors are
calculated from 1000 bootstrapped estimates in the models with sample selection

correction.
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Table 13. Math Effectiveness Absolute Difference Models

School measure: % FRL % URM

Sample: All Ist-2nd yr | 3+ yrs All Ist-2nd yr | 3+ yrs

Absolute difference -0.019* | -0.044%** -0.016 | -0.017 -0.045%** -0.015
(0.010) (0.018) (0.011) | (0.012) (0.018) (0.013)

Current school controls X X X X X X

NOTE: p values from two-sided 7 test: *p < 0.10, **p < 0.05, ***p <0.01. All models include
students' prior test scores interacted with their grade, race, gender, and program participation,
and teacher internship year, institution, student teaching quarter, experience, endorsements,

time to hire, gender, age, minority status, school enrollment, school level, and school

urbanicity. Standard errors are clustered at the teacher level.
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