
Early Career Teaching Supports, Instructional Growth, and Employment Decisions

by

Emanuele Bardelli

A dissertation submitted in partial fulfillment
of the requirements for the degree of

Doctor of Philosophy
(Educational Studies)

in the University of Michigan
2022

Doctoral Committee:

Associate Professor Matthew Ronfeldt, Chair
Professor Deborah Ball
Professor Susan Dynarski, Harvard University
Professor Brian Jacob



Emanuele Bardelli

bardelli@umich.edu

ORCID iD: 0000-0003-3383-9315

© Emanuele Bardelli 2022



DEDICATION

To Lauren

ii



ACKNOWLEDGMENTS

This dissertation has benefited of feedback of multiple people, without whom this work would not
have been possible.

First, I am deeply indebted to Matt Ronfeldt for the countless hours that we have spent together
discussing this set of studies. His insights have made the papers in this dissertation much better.
Also, I am grateful for his patience in helping with line editing my writing and in pushing me to
always clarify my thinking.

I am also grateful for the feedback on prior drafts of this dissertation from the members of my
committee. I am thankful for your grace in pointing out shortcomings in these prior drafts and in
pushing me to make my work better. Deborah Ball has been instrumental in developing and refining
the theoretical framing for this work. Sue Dynarski has provided feedback and encouragement on
this project, on wonky ideas during its inception, on various iterations are it progressed, and finally
on crafting policy and practice. Brian Jacob has lent a critical eye to the methods and results
sections, pushing me to better explain and sharpening my reasoning.

I have learned all the research skills I used to complete this dissertation as part of my research
apprenticeships. My work with Matt Ronfeldt’s research group has been pivotal in my development
as a researcher, from teaching me the basics data management skills, to designing and carrying out
complex research designs, to reporting results in conference presentations and journal publications.
His research-practice partnership with the Tennessee Department of Education is also foundational
to this work and has been a major inspiration for this dissertation. Two other research laboratories
have welcomed and trained me: Pat Herbst’s Grasping the Rationality of Instructional Practice
(GRIP) lab and Matt Diemer’s Advancing Critical Consciousness, Methods, & Equity (AC2ME)
lab. I am grateful of the opportunity to learn from both of these labs and to participate in their
research activities.

During my research apprenticeships, I also had the pleasure to getting to know and work with
outstanding graduate students, many of whom became friends and collaborators. I am grateful for
Matt Truwit for be a critical collaborator, slack buddy, and for providing feedback on early drafts
of this dissertation. Inah Ko, Nic Boileau, and Mollee Shultz were instrumental during my first
years of graduate school and gave me the psychometrics bug. Amanda Weissman, Mike Ion, and

iii



Michael Frisby have shared many coffee breaks with me. I appreciated our conversations about
everything and anything.

There are numerous other teachers, faculty members, and students who have been influential
over the years. Though I am unable to mention everyone by name, I am thankful for your support
and encouragement. I would not been here without all of your help. I will try to pay it forward to
others when I have the chance.

I am also thankful to the Tennessee Department of Education and the Tennessee Education
Research Alliance for providing access to the data and computational resources for this work. I
would have not be able to conduct these studies without access to the wealth of educational data
from Tennessee.

This dissertation would not have been possible without the generous financial support from the
Institute of Education Sciences (IES), the U.S. Department of Education through a pre-doctoral
training grant (PR/Award R305B150012), and the University of Michigan’s School of Education
one-term dissertation finishing grant.

iv



TABLE OF CONTENTS

DEDICATION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

CHAPTER

1 Dissertation Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Teaching and Teaching Supports . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
Dissertation Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
Findings Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 Role of Teaching Supports in Early Career Teachers’ Professional Growth . . . . . . 9

A Conceptualization of Teaching and Teaching Supports . . . . . . . . . . . . . . . . 10
Professional Learning & Development . . . . . . . . . . . . . . . . . . . . . . 13
Mentoring . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
Evaluative Feedback . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
School Working Conditions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
The Current Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Instructional Effectiveness Outcomes . . . . . . . . . . . . . . . . . . . . . . . 20
Measures of Teaching Supports Development . . . . . . . . . . . . . . . . . . . 23
Measures of Teaching Supports Types . . . . . . . . . . . . . . . . . . . . . . . 24
Teaching Experience . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
Analytic Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
Instructional Growth and Teaching Supports . . . . . . . . . . . . . . . . . . . 33

v



Heterogeneity by Type of Teaching Support . . . . . . . . . . . . . . . . . . . 35
Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
Separating Individual Teaching Support from Average Teaching Support to Peers 41

Discussion and Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
Observation Ratings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
TVAAS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
Limitations and Directions for Future Work . . . . . . . . . . . . . . . . . . . . 44

3 Relations Among Early Career Teaching Supports, Professional Growth, and Em-
ployment Decisions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Linking Teaching Supports to Employment Decisions . . . . . . . . . . . . . . . . . 45
Teaching . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
Employment Decisions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
Teaching Supports . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
The Role of Teaching Supports in Employment Decisions . . . . . . . . . . . . 52
Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
Measures of Teaching Supports . . . . . . . . . . . . . . . . . . . . . . . . . . 59
Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
Relationship between Teaching Supports and Employment Decisions . . . . . . 64
Heterogeneity by Career Stage . . . . . . . . . . . . . . . . . . . . . . . . . . 66
Heterogeneity by Instructional Effectiveness Groups . . . . . . . . . . . . . . . 67
Instrumenting Individual Reports with Peer Reports . . . . . . . . . . . . . . . 69
Individual-Reported and Peer-Reported Teaching Supports . . . . . . . . . . . . 69
Mediation Analysis Through Observation Ratings . . . . . . . . . . . . . . . . 72

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
Contextualizing the Relationship Size between Teaching Supports and Employ-

ment Decisions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4 Development and Initial Validation of Measures of Teaching Supports from
Statewide Surveys of Teachers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

Research Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
Teaching Supports Measure Development . . . . . . . . . . . . . . . . . . . . . 88

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
Measure Development and Validity Assessment . . . . . . . . . . . . . . . . . 92
Measure Heterogeneity over Teacher, School, and District Characteristics . . . . 95

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

vi



Teaching Supports Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
Teaching Supports Variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5 Implications for Practice, Policy, and Research . . . . . . . . . . . . . . . . . . . . . . 108

Teaching Supports Matter for Early Career Development . . . . . . . . . . . . . . . . 108
Investment in Early Career Teaching Supports . . . . . . . . . . . . . . . . . . . . . . 109
On the Nature of Teaching Supports . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

APPENDIX . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

BIBLIOGRAPHY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

vii



LIST OF FIGURES

FIGURE

1.1 Teaching and Teaching Supports . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Relationship Between the Papers in This Dissertation . . . . . . . . . . . . . . . . . . 5

2.1 Relationship Between Teaching Supports and Instructional Effectiveness Outcomes . . 11
2.2 Difference in Observation Ratings Growth . . . . . . . . . . . . . . . . . . . . . . . . 36
2.3 Heterogeneity by teaching support Type . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.1 Teaching Supports, Instructional Effectiveness, and Employment Decisions . . . . . . 46
3.2 Heterogeneity by Instructional Effectiveness Groups . . . . . . . . . . . . . . . . . . 68
3.3 Simulation of the Percent Savings from Teaching Supports . . . . . . . . . . . . . . . 76

viii



LIST OF TABLES

TABLE

2.1 Sample Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.2 Comparison between Survey Respondents and Non-Respondents . . . . . . . . . . . . 22
2.3 Teaching Supports and Instructional Effectiveness . . . . . . . . . . . . . . . . . . . 34
2.4 Instrumental Variable Regression of Individual Reports using Peer Reports for Pre-

Tenure Teachers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
2.5 Robustness to Lags and Leads . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
2.6 Robustness to Peer Teaching Support Scores for Pre-Tenure Teachers . . . . . . . . . 41

3.1 Sample Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
3.2 Differences Between Survey Respondents and Non-Respondents . . . . . . . . . . . . 58
3.3 Relationship Between Teaching Supports and Employment Decisions . . . . . . . . . 65
3.4 Relationship Between Teaching Supports and Employment Decisions by Career Stage 66
3.5 Instrumental Variable Regression Estimates for Employment Decisions for Pre-Tenure

Teachers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.6 Individual and Peer Supports on Employment Decisions . . . . . . . . . . . . . . . . 71
3.7 Mediation Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.1 Survey Response Counts over Time . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
4.2 Responses by Years of Experience . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
4.3 Differences Between Survey Respondents and Non-Respondents . . . . . . . . . . . . 87
4.4 Internal Consistency Estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
4.5 Fit Indices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
4.6 Variance Decomposition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
4.7 Teaching Supports Heterogeneity along Teacher Characteristics . . . . . . . . . . . . 98
4.8 Teaching Supports Heterogeneity along Teacher Endorsement Areas . . . . . . . . . . 99
4.9 Teaching Supports Heterogeneity along School Characteristics . . . . . . . . . . . . . 101
4.10 Teaching Supports Heterogeneity along Peer Characteristics . . . . . . . . . . . . . . 103

A.1 Heterogeneity by Teaching Support Type on Observation Ratings . . . . . . . . . . . 113
A.2 Heterogeneity by Teaching Support Type on TVAAS . . . . . . . . . . . . . . . . . . 114
A.3 Constructs, Survey Items, and Factor Loadings . . . . . . . . . . . . . . . . . . . . . 115

ix



ABSTRACT

This three-paper dissertation studies the relationship between teaching supports and early-career
teachers’ instructional growth and employment decisions, including to migrate schools or leave
teaching. Using extensive survey and administrative data, I develop latent measures for teaching
supports that I use to explore their relationships with measures of early-career teachers’ instruc-
tional effectiveness and employment decisions.

In Paper 1, I analyze the associations among the instructional support measures and instructional
effectiveness. I find that reporting higher levels of teaching supports are associated with faster
improvement in observation ratings but not teacher value-added measures. Professional learning
& development supports and evaluative feedback have stronger associations with growth than the
other types of supports. Working conditions have the lowest among them. Early career teachers
who report teaching supports one standard deviation above the average become eligible for tenure
one year sooner than their peers (three vs. four years on average). These results suggest that high
levels of teaching supports, particularly ones that are sustained over many years and targeting early
career teachers, have promise for supporting instructional improvement.

In Paper 2, I study which teaching supports for early career teachers relate to early career teach-
ers’ employment decisions, including moving schools, moving districts, or leaving teaching. Fur-
thermore, I study the extent to which the relationships between teaching supports and employment
decisions is influenced by changes in instructional effectiveness. I find that, while teaching sup-
ports are associated with reductions in all forms of turnover, the magnitudes are greatest regarding
leaving the profession and moving districts as compared with migrating schools within the same
district. Improvement in instructional effectiveness due to teaching supports mediates about twenty
percent of this relationship. These results suggest that investment in teaching supports improves
teacher retention, both though direct effects on teachers’ employment decisions and instructional
improvement that results in greater teacher retention.

In Paper 3, I describe the development of the teaching supports measures and assess their vari-
ation across different kinds of teachers, schools, and districts. I find that my measures of teaching
supports have adequate psychometric properties. More within-school rather than between-school
variation in terms of average teaching supports offered to teachers, as I observe the majority of
variation in teaching supports between-teachers within the same school. Finally, some variation in

x



these scores along teacher and school characteristics. Teachers in their first three years of teaching
report higher levels of teaching supports than more experienced teachers while STEM teachers and
teachers working in schools that have larger enrollment or that serve more students eligible for free
or reduced price lunch report lower level of supports than other teachers.

This dissertation informs both policy decisions around beginning teachers and opens new direc-
tions for future research. My results suggest that early career teachers should receive high levels
of teaching supports sustained for at least three years in order to be able to observe substantive
returns. Programs aimed to support early career teachers might have the best chance for success
when they are implemented by school districts or state-wide rather than at the school level. Given
that teaching supports are more strongly associated with reduction in leaving the profession and
migrating districts than migrating schools within districts, state and district leaders are more likely
than school leaders to benefit from investment in teaching supports.

xi



CHAPTER 1

Dissertation Overview

The first years of teaching are the defining period for any teacher’s career. During this time,
teachers transition from their own schooling experiences and teacher preparation programs to their
new roles as teachers. Multiple scholars have reported on the challenges new teachers face in this
transition and on ways to ameliorate these challenges. Yet, at least one-third of new teachers leave
the profession within their first five years (Ingersoll & Merrill, 2012). For this reason, teacher
induction programs, professional development programs, or other ways to support early career
teachers have become more and more popular over the past decades (Howe, 2006; Ingersoll &
Smith, 2004; Ingersoll & Strong, 2011) and are discussed as a possible policy lever to help address
the teacher shortage following the COVID-19 pandemic. However, the evidence of the benefits
of these support programs is mixed at best, with some work finding positive relationship between
participation in teacher induction and teacher employment decisions (Ingersoll et al., 2014; Kang
& Berliner, 2012; Ronfeldt & McQueen, 2017), while others have found null effects (Glazerman
et al., 2010; Isenberg et al., 2009). This dissertation project adds to this growing body of work and
focuses on how types of teaching supports relate to early career teachers’ instructional effectiveness
and employment decisions, including mobility between schools and teacher attrition. In addition, I
describe the technical details of the development and validation of the teaching supports measures.
As a result, this work promises to inform policy on the best ways to support the professional growth
and retention of early career teachers.

Building on previous work suggesting that teaching supports for new teachers play a crucial
role in the development of new teachers’ practice and in their employment decisions (Boyd et al.,
2008; Bruno et al., 2019; Papay & Kraft, 2015), I designed and conducted a set of studies with
the goal of describing the types of teaching supports available to early career teachers and their
connection to instructional improvement, student outcomes, and teacher employment decisions.
The work in organizational science, school improvement, and teacher induction provides a road-
map of the kinds of teaching supports that have been shown to improve early career teachers’
classroom practice, student achievement, and teacher retention (Bryk et al., 2009; Ingersoll &
Strong, 2011; Moore Johnson, 2020; Ronfeldt & McQueen, 2017).
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Teaching and Teaching Supports

This dissertation project ties together teaching and teaching supports, with the goal to observe
how teaching support experiences influence teachers’ instructional effectiveness outcomes and em-
ployment decisions. It is necessary, therefore, to clarify what I mean by teaching and how teaching
is connected to its supports. Figure 1.1 summarizes visually how I conceptualize the relationship
between teaching and teaching supports.

Figure 1.1: Teaching and Teaching Supports

Teaching, as used in everyday language, has two complementary meanings (Herbst & Chazan,
2016). On one hand, teaching is used to describe activities that produce learning. In this defini-
tion, a person’s actions are closely tied with learning outcomes, but it is not necessarily tied to
teaching happening in schools (e.g., teaching someone how to fish). On the other hand, teaching
can be defined simply as what teachers do. In this case, teaching is separated from its outcomes
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and is centered on the day-to-day practices and operations that separate teaching from other pro-
fessions. In short, teaching becomes everything that teachers do regardless of its connection to
learning or students. As Cohen (2011) pointed out, these two competing definitions of teaching
are problematic in their own terms. As a result, he proposes a third definition of teaching that com-
bines these two everyday uses of teaching in a single definition more suited to education research.
In this case, teaching becomes the work that teachers do that is deliberately oriented to produce

learning. I adopt this definition as the foundation of this dissertation. Moreover, I follow Herbst
and Chazan (2016) in sharpening Cohen’s original definition with the goal to separate deliberate
teaching practices that could directly produce learning from other practices and actions that could
only indirectly influence learning. The former is what is often referred to as instruction or the
relationship between teachers, students, and content in environments (Cohen et al., 2003). The
latter becomes teacher actions and practices that happen in the environments surrounding instruc-
tion, such as their engagement with their schools’ professional community, engaging with families
or the community, implementing school policies, or other non-instructional school responsibilities
outside the classroom.

Multiple scholars have shown that teaching can be supported in various ways (Bryk et al.,
2009; Moore Johnson, 2020). In this dissertation I foreground three teaching supports that have
the potential to impact teaching and result in improved student outcomes: Professional Learning

& Development, Evaluative Feedback, and Working Conditions.
Professional learning & development activities includes both formal and informal learning op-

portunities for teachers that are meant to address their professional needs or to provide them with
guidance. These activities can influence instruction when their focus is directly tied with parts of
the instructional triangle. In fact, Lynch et al. (2019) conducted a meta-analysis on the effects of
professional development on STEM instruction and found that professional development that fo-
cused on curricular material use (i.e., teacher and content), content-specific formative assessment
(i.e., students and content), and pedagogical content knowledge or how students learn (i.e., teacher
and students) had the highest moderating effects on professional development effectiveness. At
the same time, it is possible for professional development to impact other aspects of teaching that
are not directly tied to instruction. For example, a workshop focused on how to collaborate with
colleagues in small learning communities might not be directly tied to instruction but could have
an indirect effect on instruction by changing the environment around instruction.

Within professional learning & development, I purposefully isolate mentoring activities. Sepa-
rating mentoring from other forms of professional development is important because mentoring is
one major components of most new teacher induction activities (Kang & Berliner, 2012; Ronfeldt
& McQueen, 2017; Smith & Ingersoll, 2004). In this case, mentoring includes one-on-one inter-
actions between a teacher and a colleague with the specific goal to address the teacher’s needs.

3



Similar to general professional development activities, mentoring can have a direct impact on in-
struction when focused on specific parts of the instructional triangle (e.g., mentoring on how to best
launch a lesson) or it can more generally impact environmental features that surround instruction
(e.g., how to deal with a difficult parent).

Another aspect of learning to teach is to become familiar with the expectations of teaching.
This part of teaching has become more salient over the past two decades with the introduction of
formal teacher evaluation systems that are often used for high-stakes employment decision, includ-
ing in the state that is the focus of this dissertation. For this reason, I focus on the feedback that
teachers receive as part of their formal teacher evaluation process. Moreover, both policy docu-
ments and researchers have called for using teaching evaluation experiences as an opportunity for
feedback on teaching practice with the goal to improve instruction (Papay, 2012; U.S. Department
of Education, 2009).

Finally, one of the most salient features of the environments where instruction happens is work-
ing conditions. Working conditions envelop different aspects of the school environment that make
instruction less (or more) burdensome by taking up teachers’ time, improving teachers’ feelings of
autonomy, or by opening up paths for career improvement. Working conditions, while most likely
not directly related to instruction, can be important in shaping an environment where teachers can
improve and thrive (Bryk et al., 2009; Moore Johnson, 2020).

Dissertation Overview

Figure 1.2 shows how the three chapters in this dissertation are related to each other. Scanning
the figure from left to right, I start with the types of teaching supports that early career teachers
are likely to receive. Using extensive survey and administrative data, I develop latent measures for
professional learning & development, mentoring, evaluative feedback, and working conditions. I
then use these latent measures to explore their relationships with measures of early career teachers’
instructional effectiveness and employment decisions. In the sections below, I will describe each
chapter in more detail.

In Chapter 2, I analyze the associations among the instructional support measures and mea-
sures of early career teachers’ instructional effectiveness (i.e., observation scores and value-added
to student test scores measures). The goal of this chapter is to understand which of these teach-
ing supports are related to early career teaching performance (both initial levels and subsequent
growth). Additionally, I test various model specifications using different sources of variation in
the measures of teaching supports to estimate plausibly causal effects of these teaching supports
measures on the growth in observation scores and teacher value added estimates.

In Chapter 3, I study which teaching supports for early career teachers relate to early career
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Figure 1.2: Relationship Between the Papers in This Dissertation
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teachers’ employment decisions, including moving schools, moving districts, or leaving teaching.
Furthermore, I study the extent to which the relationship between teaching supports and employ-
ment decisions is influenced by teachers’ instructional effectiveness.

In Chapter 4, I describe the technical details behind the development of the teaching supports
measures and assess their variation across different kinds of teachers, schools, and districts. These
teaching supports include supports for professional learning & development, mentoring, evaluative

feedback, and working conditions. As discussed above, these teaching supports measures capture
different dimensions of the environment in which early career teachers work. For each measure,
I use indicators from teacher surveys to develop and validate latent measures for each dimension.
The measure development follows a two-step approach based on psychometric best practices, in-
cluding exploratory analyses to identify whether and how survey items relate to each instructional
support type and confirmatory analyses to ensure the validity of these measures. In the second part
of this paper, I explore variation in these measures for teacher, school, and district characteristics.

Contributions

This dissertation makes several contributions to our knowledge of how teaching supports relate
to instructional effectiveness and employment decisions. This dissertation is one of the first to link
state-wide survey data on teaching supports to workforce outcomes. Prior research has either re-
lied on national samples of teachers (e.g., Kang and Berliner, 2012; Ronfeldt and McQueen, 2017;
Smith and Ingersoll, 2004) or a selected group of teachers from a few school districts (e.g., Auletto,
2021; Redding et al., 2019; Smith et al., 2018). While the nationwide studies are nationally repre-
sentative, they depend upon surveys with limited information about the kinds of supports teachers
receive. In addition, these studies did not link teaching supports to measures of instructional ef-
fectiveness. On the contrary, studies with a selected group of teachers have better, more finely
grained measures of teaching supports but lack the potential for generalization. My work builds on
the strengths of this prior research and tries to address its limitations by developing comprehensive
measures of teaching supports for a large, statewide sample of teachers. This process allows me to
observe the full variation in early career teaching supports that are available to beginning teachers,
as well as access to a rich administrative data that includes instructional effectiveness outcomes and
employment decisions, which gives me the opportunity to develop nuanced measures of teaching
supports.

This dissertation is also the first study to explore whether and to what extent instructional effec-
tiveness measures mediate the relationship between teaching supports and employment decisions.
To my knowledge, previous work has only studied the relationship between teaching supports and
either instructional effectiveness or employment decisions separately. On one hand, being able to
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parse apart whether and how teaching supports predict teacher retention above and beyond their
association with instructional effectiveness can help identify those supports that policymakers and
practitioners alike can likely use to improve the retention of early career teachers. On the other
hand, if the relationship between teaching supports and employment decisions is fully mediated by
changes in instructional effectiveness, my results would suggest that focusing on teaching supports
that develop early career teachers’ instructional effectiveness will have the added benefit of also
helping with teacher retention.

Finally, Chapter 4 reports the technical details behind the development and validation of my
measures of teaching supports. As I rely on secondary data analysis of existing survey data, it
is essential to assess the alignment between the survey items and the measures that I develop.
Psychometrics offer a robust set of methods to develop and assess the alignment of survey items
to latent constructs. Moreover, this is an improvement over previous work that has either counted
the total number of teaching supports to develop measures of support intensity (Kang & Berliner,
2012; Ronfeldt & McQueen, 2017; Smith & Ingersoll, 2004) or relied on principal components
factor analysis to reduce the dimensionality of a complex survey instrument (Auletto, 2021).

Research Questions

The overarching research question for this project is: What kinds of teaching supports are
available to early career teachers, and how do these supports relate to measures of their instructional
effectiveness (i.e., observation ratings and value-added measures) and employment decisions (i.e.,
mobility and retention)? In the following three chapters, I consider the following set of more
specific research questions:

CH2.RQ1. What is the association between overall teaching supports and instructional effectiveness
outcomes, as measured by observational ratings and student achievement gains?

CH2.RQ2. Which types of teaching supports are related to instructional effectiveness outcomes?

CH3.RQ1. What is the relationship between different types of teaching supports and early career teach-
ers’ employment decisions?

CH3.RQ2. Does instructional effectiveness moderate the relationship between teaching supports and
employment decisions?

CH4.RQ1. Which measures for types of teaching supports can be developed using state-wide survey
data?

CH4.RQ2. What are the psychometric properties of these measures for types of teaching supports?

7



CH4.RQ3. How do these measures vary across teacher, school, and district characteristics?

Findings Overview

Results from Chapter 2 suggest that teaching supports matter for early career teachers. I find
that the observation ratings for teachers who report receiving higher than average (i.e., one stan-
dard deviation above the average) teaching supports grow (in terms of instructional effectiveness)
at faster rates than their colleagues who do not. If this level of support is sustained over the early
career period, it can result in teachers reaching the minimum requirement for tenure—an obser-
vation ratings of above expectations–in three years, which is a year earlier than their peers that
only reported average levels of teaching supports. Additionally, teachers in their first three years
of teaching experience appear to especially benefit from teaching supports, as the relationship be-
tween reporting receiving one standard deviation above the state average is almost a quarter larger
for early career teachers than the other teachers. However, results for value-added to student test
measures (VAMs) suggest that, while early career teachers’ VAMs grow at faster rates when they
experience increased teaching supports, results are less consistent across model specifications, sug-
gesting that VAMs are likely less responsive to teaching supports than observation ratings.

Looking at employment decisions, Chapter 3 shows that teachers who receive more teaching
supports are less likely to leave teaching or move to different schools. Teachers in their first three
years of teaching appear to be especially responsive to increased teaching supports, with their
retention rate improving by almost 2 percentage points or about 25 percent and their mobility
rate decreasing by 1.7 percentage points or about 15 percent. Moreover, only about 20 percent
of this relationship is mediated by changes in instructional effectiveness, suggesting that teacher
employment decisions are less tied to how effective a teacher is and more about other aspects
of teaching supports. In other words, employment decisions are related to more than just how
instructionally effective a teacher is and are responsive to teaching supports above and beyond
their relationship with instructional improvement.

Finally, Chapter 4 reports on the measure development and validation processes and shows that
it is possible to use large state-wide survey data to develop teaching support measures using a
longitudinal survey of teachers not specifically designed to collect data on these constructs. All
four of these measures demonstrate adequate psychometric properties to warrant their use in fur-
ther analysis. Furthermore, results from heterogeneity in these measures show that about half of
the variation in these measures is not explained by teacher, school, or district level variables, sug-
gesting that there is enough year-to-year variation in these measures to use them in a longitudinal
panel.
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CHAPTER 2

Role of Teaching Supports in Early Career Teachers’
Professional Growth

An analysis of recent trends in teaching workforce composition has found that teachers are be-
coming both “grayer” and “greener” (Ingersoll & Merrill, 2012). The first finding suggests that
there might be an increase in open teaching positions as older, more experienced teachers retire
(Sutcher et al., 2019). The second finding suggests that schools might need to adjust the kinds of
professional development and other activities that they make available to their staff to target the
needs of new, less experienced teachers. If this is the case, then policymakers and school adminis-
trators need to know which kind of supports are better suited to accelerate the development of new
teachers. Traditionally, teacher induction programs (Howe, 2006; Ingersoll & Smith, 2004; Inger-
soll & Strong, 2011) are one of the preferred ways to support new teachers during their first few
years in the profession. These induction programs vary in both the kinds and quality of activities
offered to teachers, but they all share the same design principle of providing targeted professional
development for early career teachers. Observational studies using large, nationally representative
samples of teachers found participating in induction activities benefited teachers, at least in terms
of teacher retention (Henke et al., 2000; Kang & Berliner, 2012; Ronfeldt & McQueen, 2017;
Smith & Ingersoll, 2004), and found mixed evidence for instructional improvement (Davis & Hig-
don, 2008; Fletcher et al., 2008; Glazerman et al., 2010; Isenberg et al., 2009; Kang & Berliner,
2012; Nevins Stanulis & Floden, 2009; Rockoff, 2008; Thompson et al., 2005). More recent,
targeted studies (Redding et al., 2019; Smith et al., 2018) have explored how induction activities
could be associated with improvements in teacher instructional outcomes for early career teachers
between their first and third year of teaching. These studies have found that improvement in their
instructional quality, as measured by trained observers, was not associated with the kinds of induc-
tion supports they received, even if early career teachers felt that induction activities helped them
improve their teaching practice.

In this chapter, I use state-wide data from Tennessee to build upon prior work by studying how
teacher instructional outcomes—as measured by instructional effectiveness outcomes including
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observation ratings and value-added to student test scores—are associated with teaching supports
that early career teachers experience. This chapter makes two contributions to previous work on
teacher induction. First, it is one of the first state-wide analyses, to my knowledge, linking teaching
supports and instructional effectiveness. Prior work relied on nationally representative surveys,
such as the School and Staffing Survey, or ad hoc samples of early-career teachers. State-wide data
addresses limitations in these prior studies by focusing on a self-contained universe of teachers
within a state.

Second, this chapter observes teaching supports for early career teachers and the variation in
these supports within and across teachers. I take advantage of a unique longitudinal survey pro-
gram in Tennessee to develop measures of teaching supports that naturally occur in schools; by
contrast, many prior studies are evaluations of specific teacher induction programs or interventions
that bundle together in a black box the various formal and informal types of supports experienced
across teachers and settings. These new measures of teaching supports allow me to focus on the
experiences that early career teachers report and to observe their relationship with their instruc-
tional effectiveness outcomes. By leveraging both within and across teacher variation in teaching
supports, I isolate the relationship between reported levels of teaching supports and changes in
instructional effectiveness, an improvement on prior work that has relied on associations for cross-
sectional samples of teachers.

A Conceptualization of Teaching and Teaching Supports

This chapter centers teaching as the conduit between teaching supports and instructional out-
comes (see Figure 2.1 for a visual representation). Following Cohen (2011) and Herbst and Chazan
(2016), I define teaching as the work that teachers do that is deliberately oriented to produce

learning and I separate instruction—as defined as the relationship between teacher, students, and
content within environments (i.e., the instructional triangle, Cohen et al., 2003)—from other non-
instructional activities that teachers might engage in as part of their daily work. This distinction
is important because the outcomes of interest in this chapter are measures of instructional effec-
tiveness, including observation ratings and teacher value-added measures, that are developed to
provide a measure of instruction. For this reason, it is reasonable to hypothesize that teaching
supports that directly target instruction (e.g., mentoring) might be more likely to result in changes
in instructional effectiveness measures, while teaching supports that target other non-instructional
activities (e.g., working conditions) might have a smaller relationship with changes in instructional
effectiveness measures.

Teaching supports could lead to changes in instructional effectiveness measures either by di-
rectly affecting instruction—more likely, a part of the instructional triangle—or indirectly by shap-
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Figure 2.1: Relationship Between Teaching Supports and Instructional Effectiveness Outcomes
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ing the environments where instruction happens. In the first case, teaching supports that, for ex-
ample, develop teachers’ understanding of their curriculum can directly influence instructional
change, leading to improvement in student outcomes. In fact, Lynch et al. (2019)’s meta-analysis
found that professional development is more effective when its content directly relates to parts
of the instructional triangle. In the second case, teaching supports can improve the environments
where instruction happens, for example by facilitating teacher collaboration or by reducing teach-
ers’ non-instructional responsibilities, leading to a possible indirect improvement of instructional
effectiveness measures.

Finding no relationship between teaching supports and instructional effectiveness would sug-
gest, perhaps, that teaching practice naturally develops during the early career by new teachers
exploring and discovering what works best for themselves, regardless of the teaching supports
they experienced. This intuition could be in line with prior work that found no relationship be-
tween teacher induction practices and instructional effectiveness (Glazerman et al., 2010; Isenberg
et al., 2009; Smith et al., 2018).

To further explore the relationship between teaching supports and instructional effectiveness, I
start by identifying areas for teaching supports that have been linked to career development in prior
literature. Four categories of teaching supports stand at the core of this conceptualization. These
categories measure different types of teaching supports that early career teachers could experience
during their first years in the teaching profession. These teaching supports include formal and
informal activities that facilitate professional learning & development, mentoring supports with
the goal to improve early career teachers’ practice through classroom observations and feedback
cycles, evaluative feedback supports that help early career teachers through the formal teacher
evaluation process and make teaching expectations clear to them, and working conditions supports
including collaboration with colleagues, opportunities for career advancement, and effective school
leadership.

In the next sections, I review prior literature to elaborate on how each of these components is
defined and conceptualized and summarize what we know about how each support is related to
instructional effectiveness. It is important to note that categorizing teaching supports into separate
components in this conceptualization is more of a helpful artifice than a systematic taxonomy of
teaching supports. Though I define each support type as distinct from others, in practice these
teaching supports interact and overlap with one another. This observation is most salient for the
relationship between professional learning & development and mentoring, for which mentoring is
often considered to be a sub-category of professional learning & development activities.
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Professional Learning & Development

Much has been written about the relationship between professional development and instruc-
tional outcomes (see, Borko, 2004; Desimone, 2009; Yoon et al., 2007 for reviews of this litera-
ture). In general, these reviews have found positive relationships between participation in profes-
sional development activities and improvement in student achievement and instructional effective-
ness outcomes. Historically, researchers defined professional development as “any activity that is
intended partly or primarily to prepare paid staff members for improved performance in present
or future roles in the school districts” (Little, 1987, p. 491). This definition has evolved over time
to also include informal opportunities beyond formal workshops or seminars from which teachers
can learn and improve their practice. For example, Borko (2004) suggested that “for teachers,
learning occurs in many different aspects of practice, including their classrooms, their school com-
munities, and professional development courses or workshops. It can occur in a brief hallway
conversation with a colleague, or after school when counseling a troubled child.” (p. 4). This
observation suggests the need to develop well-rounded measures of professional learning & devel-
opment to account for the full extent of the learning opportunities that early career teachers might
experience. Finally, studies that analyzed teacher induction practices using the School and Staffing
Survey (e.g., Kang and Berliner, 2012; Ronfeldt and McQueen, 2017; Smith and Ingersoll, 2004)
found that one of the most common induction supports for early career teachers is participating in
professional development seminars, highlighting the importance that schools place on professional
learning & development of early career teachers.

When focusing on the relationship between professional learning opportunities and early career
teachers’ development, the empirical evidence is mixed. While correlational studies found possi-
ble positive effects on student achievement for teachers participating in induction programs, the
only randomized control trial on the effects of a set of comprehensive induction programs found
consistent null effects across a variety of outcomes. For example, Thompson et al. (2005) stud-
ied the relationship between introducing the Beginning Teaching Support and Assessment (BTSA)
program in California and changes in student achievement for teachers participating in the pro-
gram. They reported positive associations across all six tested subjects between the intensity of
the induction supports that teachers reported and student achievement scores. By contrast, the only
randomized control trial assessing the effects of a beginner’s seminars as part of a teacher induction
program (Glazerman et al., 2010; Isenberg et al., 2009), found no effect between these professional
development activities centered on various aspects of teaching practice and instructional outcomes,
including classroom practices and student outcomes. Moreover, this program included up to two
years of professional development activities for teachers in the treatment condition. At the same
time, non-experimental results from the same study showed that teachers in the treatment had bet-
ter student outcomes three years after the intervention (Glazerman et al., 2010), suggesting that the
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effects of professional development might take time to manifest in student outcomes.
Research on the effects of in-service mathematics teacher professional development suggested

that teachers’ mathematical knowledge for teaching (MKT, Ball et al., 2008) increases following
professional development activities. In their meta-analysis of the effects of 326 professional devel-
opment programs, Phelps et al. (2016) reported that mathematics knowledge for teaching scores
improve between 0.16 and 0.26 standard deviation, on average, following professional develop-
ment programs. At the same time, it appears that teachers’ MKT scores do not develop during
the first years of teaching in the absence of professional development activities. Desimone et al.
(2016) followed 45 new teachers and measured their MKT scores during their first three years of
teaching. They found that, while they improved their instructional quality scores, their MKT levels
remained relatively stable during the same time. These results underscore the role of professional
development as a teaching support in the growth of early career teachers’ professional capacity.

Mentoring

Beyond formal professional development activities, early career teachers usually receive men-
toring about their teaching practice as part of their early career teaching supports (Desimone et al.,
2013). These activities usually involve either a pairing of early career teachers with a more ex-
perienced peer, an instructional coach, or a supervisor with the goal of providing mentoring and
advice to the beginning teacher. In a review of the literature on teacher induction, Luft and Cox
(2001) found that most early career teachers received some form of mentoring, either through a
formal induction program or informally at their school site. Surveys of induction programs have
also shown that early career teachers are likely to receive some sort of instructional coaching or
mentoring during their early careers (Ingersoll & Strong, 2011; Kang & Berliner, 2012; Ronfeldt &
McQueen, 2017). It is less clear, however, how mentoring affects the development of instructional
effectiveness for early career teachers. Alignment of mentoring with development goals seems to
be an essential component in supporting the development of early career teachers’ practice (Ham-
merness & Matsko, 2012).

Mentoring can develop both early career teachers’ instructional practices and improve their stu-
dent test score outcomes. Multiple studies have shown that receiving mentoring positively predicts
instructional effectiveness (Davis & Higdon, 2008; Evertson & Smithey, 2000; Nevins Stanulis &
Floden, 2009) and on student achievement (Fletcher & Strong, 2009; Fletcher et al., 2008; Rockoff,
2008; Thompson et al., 2005). For example, Fletcher et al. (2008) studied the association between
variation in mentoring and student achievement from three districts in California. They found that
teachers in districts with more intensive mentoring models had higher student test score gains than
their colleagues in districts with less intensive mentoring. In a follow-up analysis, the authors fol-
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lowed the same group of early career teachers for five years and found no differences in student
achievement gains between early career teachers who received mentoring and experienced teach-
ers at the same schools, suggesting that mentoring supports could help with faster development of
teaching practice among early career teachers.

Rockoff (2008) studied early career teachers’ skill development as a result of participating in
a mentoring program in New York City schools. Two main results emerge from this study. First,
the authors found no differences in student achievement gains between new teachers without prior
teaching experience who received mentoring and new-to-the-district teachers with prior teacher
experience that did not receive mentoring. In addition, they reported a positive association be-
tween total hours of mentoring received and student achievement gains in both mathematics and
reading. Together, these two results suggest that mentoring could help with faster instructional
practice development, as it appears that inexperienced teachers who report receiving mentoring
supports perform similarly to more experienced teachers, and that the intensity of mentoring sup-
ports appears to matter in this process.

This observation is also confirmed in other studies that focused on instructional coaching. In-
structional coaching can be seen as a formalized version of mentoring that typically involves cycles
of classroom observation, debriefing, and planning. Instructional coaching is often considered the
best way to support the development of early career teachers, as these activities have been consis-
tently shown improvement in both teachers’ instructional practices and student achievement (Kraft
et al., 2018). Recent work also shows that the format through which coaching is delivered, includ-
ing online coaching (Kraft & Hill, 2020) or by peers (Burgess et al., 2019; Papay et al., 2020),
leads to instructional improvement, suggesting that coaching activities—classroom observations
paired with mentoring—support the development of early career teachers’ professional capacity
regardless of whether they are provided in person, online, or by a more expert peer.

Only recently have studies demonstrated causal evidence of the positive impacts of instruc-
tional coaching on teachers’ practices and student achievement. Kraft and Hill (2020) reported on
a randomized control trial for web-based coaching of middle school mathematics teachers. They
found that participants who received coaching aligned with Common Core mathematics instruc-
tion improved both their instructional practices, as measured through the Mathematical Quality of
Instruction (MQI) instrument and student surveys. On the other hand, they found no differences
in the value-added to student achievement scores between the treatment and control groups. In
another field experiment, Papay et al. (2020) matched pairs of high- and low-skilled colleagues
and had them participate in a peer coaching program comprising peer observations and debrief
sessions. They found that student achievement scores improved 0.12 standard deviation units for
the low-skilled teacher in the pair.
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Evaluative Feedback

Both national and state policies have supported the development of teacher evaluation systems
over the past twenty years. In 2002, No Child Left Behind act has mandated the development of
a standardized assessment program across the United States. Performance on student assessments
has been used to evaluate the effectiveness of individual teachers, schools, and districts. With
the passage of Every Child Succeeds act in 2012, the federal government has supported the de-
velopment and implementation of teacher evaluation systems based upon administrator classroom
observation. These new teacher assessment instruments were meant to ameliorate the limitations
of evaluating teachers using only student multiple choice assessments and to assess other dimen-
sions of teaching, like classroom practice, that are difficult to capture through student assessments.
Moreover, these teacher evaluation systems had the secondary goal to provide “relevant coach-
ing, induction support, and/or professional development” (U.S. Department of Education, 2009,
p. 9) to participating teachers. Papay (2012) made a similar call in describing the potential of both
standards-based evaluations and value-added measures as potential tools for teacher professional
development. He argued that effective teacher evaluation should provide “a clear understanding
not only of [teachers’] current success or failure, but also of the practices they need to develop to
become more successful with their students” (p. 138). Since this call, two experiments have tested
whether teachers can leverage feedback from teacher evaluations to improve teaching and learning
outcomes (Song et al., 2021; Steinberg & Sartain, 2015). Song et al. (2021) randomly assigned
school districts to conduct up to four teacher observation cycles during the same school year with
the goal to provide feedback to teachers about their teaching practice. Steinberg and Sartain (2015)
studied the random roll-out of a new teacher evaluation system in Chicago public schools. Both
studies found positive effects of receiving evaluative feedback on classroom practice (Song et al.,
2021) and student learning outcomes (Steinberg & Sartain, 2015).

Other work has focused on non-experimental effects of teacher evaluation systems as a whole
on teachers’ development. Participating in a formal teacher evaluation system appears to improve
student test scores outcomes between 10 and 25 percentage points (Dee & Wyckoff, 2015; Taylor &
Tyler, 2012). However, these two studies are not able to fully identify the mechanisms behind these
improvements. On the hand, Taylor and Tyler (2012) hypothesized that teachers participating in
Cincinnati’s teacher evaluation process learned new information about their performance, allowing
them to adjust their teaching practice, leading to improvements in their productivity. On the other
hand, Dee and Wyckoff (2015) studied the effects of the Washington, D.C.’s IMPACT teacher
evaluation system and found that the threat of dismissal based on teacher evaluation cutoffs might
lead to improvements in student test scores instead of the feedback associated with the evaluation
process. Similarly, in focusing on the principal’s role in teachers’ evaluations and the feedback
that follows formal teacher evaluations, Grissom and Loeb (2011) only found marginal evidence
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that principal instructional guidance during teacher evaluation is associated with increased student
achievement measures and teacher satisfaction.

Overall, this work suggests that participation in the teacher evaluation process can lead to
changes in teaching practice and improvements in student outcomes, with feedback on teachers’
practice being the most likely mechanism behind these changes. This intuition is in line with
experimental evidence that has found that increasing feedback based on objective and actionable
measures of teaching leads to improvements in student test scores (Koedel et al., 2017).

School Working Conditions

Better working conditions is the last dimension of teaching support in this chapter. This type of
support includes school-level efforts to develop and nurture a better working conditions for teach-
ers, by either implementing policies or structures to promote better collaboration among teachers
(e.g., grade-level meetings, professional learning communities) or establishing better school lead-
ership practices (Ladd, 2011; Moore Johnson, 2006; Moore Johnson et al., 2012).

Collaboration with colleagues is an important factor in the development of new teachers’ prac-
tice. Qualitative studies on the transition between teacher preparation and teaching demonstrate
the importance of that colleagues play in new teachers’ practice development (Lortie, 1975; Ze-
ichner & Tabachnick, 1981), showing the importance of collaboration and professional learning
communities among in-service teachers (e.g., Horn, 2010; Little, 1987).

Learning how to work with colleagues and take an active part in the school’s professional com-
munity is another feature of successful professional development programs for early career teach-
ers. For example, Ronfeldt et al. (2015) studied the relationship between teacher collaboration in
instructional teams and student achievement. They find that better achievement gains in both math
and reading scores are associated with collaboration with colleagues. Moreover, teachers’ scores
appear to grow at faster rates when they report better collaboration with colleagues. Teacher in-
structional teams can provide one way for teachers to collaborate with each other. Both Jackson
and Bruegmann (2009) and Sun et al. (2016) showed that individual teachers’ instructional effec-
tiveness relates to their peers’ instructional effectiveness. Jackson and Bruegmann (2009) con-
cluded that up to 20 percent of the variation in teacher effectiveness can be accounted for by their
grade-level peers and that early career teachers are more impacted by their peers. Sun et al. (2016)
studied teachers’ transfers across schools and found “strong positive spillover effects associated
with the introduction of peers who are more effective than the incumbent teacher himself or her-
self” when a transferring teacher was introduced to a new instructional team. This work highlights
the importance of the instructional collaboration for early career teacher development.

Other studies on school improvement in Chicago public schools (Bryk & Schneider, 2002;
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Bryk et al., 2009) and in Charlotte–Mecklenburg schools (Kraft & Papay, 2014) have found a con-
nection between early career teachers’ instructional improvement and their schools’ professional
environments. Specifically, teachers who experienced more supportive professional environments,
including supports from school principals and other school climate indicators, improved at a faster
rate and had better student outcomes than their colleagues that did not have the same experiences.
These studies highlight the importance of the overall school working conditions, beyond collabo-
ration with colleagues, that early career teachers experience in developing effective instructional
strategies.

The Current Work

As research into the effects of teaching supports for early career teachers has moved away from
evaluations of single programs (Fletcher et al., 2008; Glazerman et al., 2010; Isenberg et al., 2009;
Rockoff, 2008), studies that decompose teaching supports into types of supports that then focus on
the relationships of these supports to teacher and student outcomes have become more common.
For example, both Smith et al. (2018) and Auletto (2021) collect multidimensional measures for the
teaching supports that early career teachers could receive during their first few years of teaching.
I follow their example in this chapter by using rich, multidimensional measures for the types of
teaching supports available to early career teachers.1

There are gaps in this prior work that this chapter addresses. In particular, the majority of
prior work has relied on cross-sectional data about the teaching supports that early career teachers
received. This is the case for every study that has used the SASS and the TFS data collections
(Kang & Berliner, 2012; Ronfeldt & McQueen, 2017; Smith & Ingersoll, 2004) or ad hoc samples
of teachers (Auletto, 2021). The main limitation of cross-sectional data is that it does not follow the
same teachers over time. This could introduce bias in the estimates—especially for survey data—
where response rates on surveys, unobserved differences between teachers, and missing outcome
data could bias the results. In this chapter, I use longitudinal survey and outcome data. This allows
me to address concerns with prior work and to use teacher fixed effects to account to unobserved
differences between teachers.

Another way to address issues with cross-sectional data is to randomly assign teachers to receive
different teaching supports. In fact, Glazerman et al. (2010) and Isenberg et al. (2009) have done
so. However, they find mostly null effects for the effects of participation in a comprehensive
induction program on most student-level outcomes. What is not clear from this work, though,
is whether the contrast between the treatment and control conditions was big enough to observe
effects of the intervention (Kang & Berliner, 2012) or whether they had enough power to detect

1I provide more detail on the development and validation of these measures in Chapter 4.
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a small experimental effect on student outcomes. While my work is observational, it leverages
a state-wide teacher survey program and includes the universe of respondents for whom I can
calculate measures for teaching supports. To my knowledge, this is among the largest samples of
early career teachers and allows me to observe even small relationships between teaching supports
and instructional effectiveness outcomes.

Finally, Smith et al. (2018) is the other longitudinal study of the relationship between teaching
supports for early career teachers and growth in instructional practice. While the authors collect
multidimensional measures for teaching supports, they rely on scores on the Mathematics Quality
of Instruction (MQI) rubric to assess instructional improvement in early career teachers. In this
chapter, I similarly develop multidimensional measures of types of teaching supports, but I take
a somewhat different approach to outcomes. I rely on instructional effectiveness outcomes from
the Tennessee teacher evaluation process. This decision gives me the opportunity to study policy-
relevant outcomes that matter to teachers, as early career teachers in Tennessee have to meet certain
benchmarks on the outcome measures I use in this chapter to be eligible for tenure.

Research Questions

The questions that guide this chapter are:

RQ1. What is the association between overall teaching supports and instructional effectiveness
outcomes, as measured by observational ratings and student achievement gains?

RQ2. Which types of teaching supports are related to instructional effectiveness outcomes?

Methods

Sample

This chapter uses data from the Tennessee State Longitudinal Data System (SLDS). These data
include teacher-level assignment information, teacher-student link data, teacher preparation data
for teachers prepared in Tennessee educator preparation programs, and educator survey data from
which I calculate measures of teaching supports.

The analytic samples depend on the main outcome of interest. The first sample contains all
teachers who received at least one observation rating and TES respondents that have at least one
teaching supports measure. The second sample contains all teachers who received at least one
TVAAS score and have at least one teaching supports measure.
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Table 2.1 reports summary statistics for these two samples. I can link observation ratings to at
least one survey response for 58,819 unique teachers and to TVAAS for 36,116 teachers. Looking
across the samples, the observation ratings sample has slightly fewer women, Whiter and more
Hispanic/Latino teacher, less Black/African American teachers, and fewer mathematics, science,
and elementary school teachers, and more special education teachers. This is in line with the
intuition that TVAAS scores are available only for teachers in tested grade levels and subjects,
which could affect both the teacher and assignment characteristics for each sample.

Covariates for my analyses include sets of teacher-level and school-level variables that could
affect the teacher growth trajectories. Teacher-level covariates include basic demographic charac-
teristics such as gender, race/ethnicity, and age, as well as teacher preparation information. I also
included teacher assignment information to develop a measure of the kind of assignments. These
covariates allow me to control for observed differences among teachers that could be correlated
with early career growth. School-level covariates include student body composition, attendance
rates, and average achievement.

I also include contextual workplace characteristics that could influence teacher growth rates.
First, I calculate the fraction of teachers that stay at the same school year-by-year. Ronfeldt (2012)
has shown that this stay-ratio measure is a signal for the working conditions of student teaching
experiences. It is reasonable to assume that this stay-ratio might also predict the growth trajectories
of teachers during their early careers, especially given prior evidence that working conditions in
schools are related to better workforce outcomes (Moore Johnson et al., 2012).

Table 2.2 reports the differences between teachers who responded to the survey for whom I
can calculate at least one measure of teaching support and teachers who did not respond to the
survey. These results show that survey respondents are more likely to be instructionally effective
(by 0.13 observation rubric points and 0.09 TVAAS standard deviation units), women (by 3.5
percent), White (by 7.7 percent), older (by 0.9 years), more experienced (by 0.7 years), endorsed
in mathematics (by 1 percent) and elementary education (by 13.2 percent). These results raise some
concerns about the external validity of my results, as my analytic sample is not representative of
all teachers in the state (Joint test of significance χ2(17) = 4, 163.908, p < 0.001). Caution then
should be taken in interpreting the results and in extending them beyond the sample of respondents.

Instructional Effectiveness Outcomes

Teacher effectiveness ratings on Tennessee’s state-wide teacher evaluation system are the two
main outcomes of interest for this project. These measures include observation ratings and Ten-
nessee Value-Added Evaluation System (TVAAS) scores. Observation ratings are collected yearly
for nearly all teachers in the state. Tennessee has developed an observation rubric—the Tennessee
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Table 2.1: Sample Characteristics

Observation Ratings TVAAS

(1) (2) (3) (4)
Mean Std. Dev. Mean Std. Dev.

Panel A: Direct Supports
Teaching Supports 0.019 0.833 -0.014 0.856
Mentoring -0.010 0.536 -0.036 0.563
Professional Development 0.002 0.781 -0.022 0.825
Evaluative Feedback 0.013 0.757 -0.015 0.780
Working Conditions -0.025 0.758 -0.073 0.792
Panel B: Contextual Support
Teaching Supports 0.004 0.135 0.001 0.131
Collaboration 0.010 0.154 0.010 0.156
Mentoring 0.009 0.087 0.010 0.088
Professional Development -0.003 0.121 0.001 0.124
Working Conditions 0.016 0.119 0.012 0.114
Panel C: Covariates
Evaluation Outcome 4.000 0.517 -0.017 0.838
Women 0.809 0.393 0.825 0.380
Asian 0.002 0.045 0.003 0.050
Black/African American 0.052 0.216 0.099 0.292
Hispanic/Latino 0.021 0.121 0.015 0.107
Native American 0.001 0.026 0.001 0.026
Pacific Islander 0.001 0.024 0.001 0.023
White 0.919 0.259 0.879 0.318
Other 0.003 0.051 0.003 0.048
Age 42.504 11.574 41.661 11.220
Years of Experience 11.505 9.976 10.938 9.499
Education Level 47.553 10.130 48.321 9.294
Mathematics 0.058 0.234 0.099 0.299
Science 0.053 0.224 0.077 0.267
Special Education 0.133 0.340 0.082 0.274
Elementary 0.770 0.421 0.840 0.366
English Language Arts 0.243 0.429 0.208 0.406
Multiple 1.257 0.712 1.307 0.672
N 58,819 36,116
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Table 2.2: Comparison between Survey Respondents and Non-Respondents

(1) (2) (3) (4) (5)
All Non-Resp. Resp. Diff Effect Size

Panel A: Instructional Effectiveness Outcomes
Average Observation Score 3.924 3.841 3.971 0.131 0.256***
Average TVAAS -0.066 -0.131 -0.045 0.086 0.113***
Panel B: Teacher Characteristics
Women 0.796 0.773 0.808 0.035 0.087***
Asian 0.003 0.005 0.002 -0.003 0.051
Black/African American 0.069 0.099 0.054 -0.045 0.185
Hispanic/Latino 0.017 0.023 0.014 -0.009 0.105
Native American 0.001 0.001 0.001 0.000 0.002
Pacific Islander 0.001 0.001 0.001 0.000 0.011
White 0.896 0.844 0.921 0.077 0.274***
Other ERI 0.012 0.023 0.006 -0.017 0.187
Age 41.443 40.846 41.725 0.879 0.073***
Teaching Experience 10.524 10.045 10.759 0.714 0.070***
Panel C: Endorsements
Mathematics Endorsement 0.056 0.049 0.059 0.010 0.045***
Science Endorsement 0.052 0.052 0.053 0.001 0.004
Special Education Endorsement 0.142 0.161 0.132 -0.029 0.084
Elementary Endorsement 0.725 0.637 0.769 0.132 0.298***
ELA Endorsement 0.259 0.292 0.242 -0.050 0.115
Number of Endorsements 1.234 1.191 1.255 0.064 0.088***

Note. Joint test of significance χ2(17) = 4, 163.908, p < 0.001.
∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001
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Educator Acceleration Model (TEAM)—that is used in most districts2 in the state. The TEAM
rubric assesses teachers on four domains (i.e., instruction, environment, planning, and profession-
alism) using twenty-four indicators. The number of observations that each teacher receives every
year depends on their previous individual level of overall effectiveness (LOE). For teachers without
tenure (i.e., teachers who hold a practitioner license and have less than three years of experience)
the minimum number of observations is three for the instruction domain and two for the plan-
ning and environment domains. For teachers who have achieved tenure (i.e., hold a professional
license and have at least three years of positive teacher evaluations), the number of teacher obser-
vations depends on their LOE; each step on the LOE scale reduces the number of observations.
Regardless of tenure status, teachers who score in the highest level of effectiveness (i.e., level 5)
are observed only once per year in each domain3. In addition to this number of minimum number
of observations, at least half of the evaluation visits during a school year should be unannounced.

TVAAS scores are a type of teacher value-added model developed by SAS in cooperation with
the Tennessee department of education. Conceptually, calculating a teacher value-added score
involves two steps. In the first step, the model estimates student-level deviations from the expected
growth that a student is predicted to make after controlling for school- and student-level covariates.
In the second step, teacher scores are estimated as the average gains for students assigned to the
same teacher. TVAAS scores are available for mathematics, English-language arts, science, and
social studies for teachers in grades 2-8, end-of-course scores for Algebra I, Algebra II, English
I, English II, English III, Biology, Chemistry, Geometry, Integrated Math I, Integrated Math II,
Integrated Math III, and US History, ACT assessments in English, math, reading, and science,
and other Advanced Placement (AP) assessments when available. Teacher scores are reported in
student percentile scores (i.e., scores with a mean of 50 and standard deviation of 18.2). I convert
these scores to teacher-standard deviation units (i.e., mean of 0 and standard deviation of 1) to
allow for comparison of my results to more traditional value-added models using a conversion
formula provided by SAS researchers.

Measures of Teaching Supports Development

I develop measures for teaching supports from survey responses using psychometric methods.
I started from reading questions included each administration of the First to the Top (FttT) survey
and Tennessee Evaluation Survey (TES) and selected survey items that could measure teaching
supports. I then matched these selected survey items year-to-year to identify which items were

2About one in ten teachers are assessed on non-TEAM rubrics. These teachers work in districts that have received
a waiver from using the TEAM rubric after showing that their local observation rubrics are aligned with the TEAM
rubric. The state department of education calculates equated observation scores for these teachers so that teacher
evaluations are consistent throughout the state.

3Guidance on observation schedule is available here: https://perma.cc/9895-6ZTZ
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administered in different survey years. This matching used a natural language processing algorithm
that calculated the distance between the text of each item and matched items, even if the wording
of the question changed, but its intent remained the same across survey instruments.

After selecting the survey items likely related to the four types of teaching supports I was in-
terested in, I used psychometric methods to develop and validate measures for these four latent
constructs. I first randomly split the survey respondents into two samples. I used the first sample
for item selection and the second sample for latent construct validation. The use of two sepa-
rate samples (rather than a single sample for both steps) reduces the risk of over-fitting a factor
structure to a specific sample of respondents. In more detail, the first step involved an exploratory
factor analyses (EFA). Through these steps, I selected survey items that loaded on the same mea-
sures of teaching supports and eliminated items that either did not strongly load on my construct
of interest or loaded on more than one construct. The second step involved confirmatory factor
analyses (CFA) on the second respondents’ sample to validate the final factor structures for each
teaching support measure form the EFAs and to estimate goodness of fit indices for each teaching
support measures. All four measures displayed fair to excellent psychometric properties, indicat-
ing that these four measures are suitable for further use. Chapter 4 provides more details about the
development and validation of these measures.

To reduce the dimensionality of the teaching support measures, I also developed a combined
instructional measure as the principal component of the four kinds of teaching supports. However,
this combined measure of teaching supports did not display the same psychometric properties as
the individual measures of teaching supports. In other words, this combined measure of teaching
support only roughly captures the variation in the four underlying types of teaching supports that
teachers report experiencing. Nevertheless, I find this combined teaching support measure to be a
useful summary of the overall teaching supports that teachers experience with the understanding
that some details about teaching supports are lost in this combined measure.

Measures of Teaching Supports Types

Professional Learning & Development

Professional learning & development measure the extent to which survey respondents find pro-
fessional learning & development opportunities at their school site supportive of their teaching
practice. Items loading on this factor include questions about specific professional learning & de-
velopment opportunities available to teachers and their connection to instructional improvement
(e.g., “I receive specific professional learning suggestions that are tailored to my needs” or “In
general, the professional development I have received this year has led to improvements in my
teaching”) and items about the role of school leadership or other teaching support staff for pro-
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fessional growth (e.g., “Leadership support such as key information and guidance from school or
district administrators” or “Access to staff with specific expertise such as instructional coaches
within and/or outside of my school”).

Mentoring

Mentoring supports include an evaluation of the extent to which teachers felt these activities
impacted their classroom practices. Questions focused on multiple outcomes, from influences
on student learning (e.g., “Focuses on the aspects of my work that will affect student learning
Select one option”), formative feedback on areas of strength and potential growth (e.g., “Helps
me to identify areas where my teaching is strong” or “Provides me with clear expectations for
my teaching.”), or usefulness in informing teaching practice (e.g., “Helps me plan instruction and
develop lesson plans”).

Evaluative Feedback

Evaluative feedback supports focus on the role of the teacher evaluation system and process in
teacher professional growth. These items focus on the impact of participation in yearly teaching
evaluations on teachers’ practice. Items include general questions about the impact of the teacher
evaluation process on teaching practice (e.g., “In general, the teacher evaluation process used in
my school has led to improvements in my teaching”) to items focused on particular features of the
teacher evaluation process, such as the potential for receiving feedback on teaching practice (e.g.,
“I receive very detailed feedback on my strengths and weaknesses through the evaluation process”)
or the role of the teacher evaluation system in shaping school activities (e.g., “Indicators from the
teacher observation rubric are often referenced in formal meetings where teaching is discussed”).

Working Conditions

Working conditions measure a mix of teaching supports focused on the workload that teacher
experience (e.g., “The individual planning time provided for teachers in my school is sufficient”),
feelings of autonomy in shaping instruction (e.g., “Teachers have autonomy to make decisions
about instruction e.g. pacing, materials, and pedagogy”), extent to which school leadership is sup-
portive of teachers’ development (e.g., “School leadership provides useful feedback about my in-
structional practices”), or opportunities for career advancement at their school (e.g., “Teachers are
encouraged to participate in school leadership roles”).
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Overall Teaching Supports

To streamline parts of the results section, I report estimates for a combined measure of teach-
ing supports. This measure is the principal component of the four teaching support types that
I discussed above. This combined teaching support measure, however, does not share the same
psychometric properties as the four measures I used to construct it. That is, psychometric analy-
sis suggests that this unidimensional measure is only a rough approximation of the four separate
measures of teaching supports that I combined. For this reason, this measure is better interpreted
as an overall teaching supports average emerging from the different multidimensional measures of
specific types of teaching support.

Teaching Experience

Years of teaching experience is the main variable that I use to identify early career teachers.
Following state policy on teacher tenure, I define early career teachers as the group of teachers who
are working towards a permanent teacher license and are not eligible for tenure in Tennessee. In
2011, Tennessee updated their teacher tenure policy as part of their Race to the Top application4.
These new tenure guidelines include a minimum level of teaching experience (i.e., five years)
and two consecutive years of instructional effectiveness ratings above expectations or significantly
above expectations to be eligible for tenure. For this reason, I identify two groups of early career
teachers. The first is pre-tenure teachers in their first three years of teaching. These teachers are
not eligible for tenure yet and teacher evaluations from this period cannot be used in the teacher
tenure process. The second is tenure-eligible teachers who have between four and six years of
teaching experiences. These teachers become first eligible for tenure during their fifth year of
teaching experience and their instructional effectiveness ratings from this period count towards
tenure eligibility.

Analytic Approach

I structure this chapter’s analysis into three parts: (1) I discuss the analytic approach to estimate
the growth trajectories for evaluation scores; (2) I introduce my preferred teacher fixed-effects
models; and (3) I present robustness checks to the estimates from the preferred models.

Growth-Curve Model

I model teacher growth on evaluation scores using a growth-curve model (Rabe-Hesketh &
Skrondal, 2012). Conceptually, a growth-curve model is a regression model that includes time as

4See, for example, https://perma.cc/34QQ-PVA8 for an explanation of the teacher tenure process in Tennessee.
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a covariate of interest and accounts for differences among individuals in some way. This model
uses the longitudinal nature of the evaluation data to estimate within-individual changes in evalua-
tion scores and to calculate between-individual differences over variables of interest. Traditionally,
these models involve, at a minimum, the inclusion of an individual-level random effect to account
for unobserved differences among individuals. Effectively, these random effects allow each in-
dividual to have independent starting points at time zero or, more formally, allows the model to
explicitly account for intercept heterogeneity.

In an equation, these four-level mixed effects models estimate

Yitsl =β0 + β1 · Supportitsl + f (Expitsl) ·Bitsl + Supportitsl × f (Expitsl) · Γitsl

+λl + σsl + τtsl + ϵitsl
(2.1)

where Yitsl is the instructional effectiveness outcome of interest (e.g., an observation rating or
TVAAS score) i for teacher t in school s and district l. Supportitsl is the measure teaching supports
estimated for teacher t. The coefficient β1 estimates the average relationship between an increase
in one standard deviation in Supportitsl and changes in evaluation score Yitsl. f (Expit) is a func-
tion of years of teaching experience. I discuss how I model this functional form in more detail in
the section below. The vector of coefficients Bitsl estimate the average growth in evaluation score
Yitsl across all teachers in the state for the experience function f (Expit). The interaction term
Supportitsl × f (Expitsl) allows for the relationship between Supportitsl and Yitsl to be different
along the teacher experience profile. For this reason, the vector of coefficients Γitsl has the coef-
ficients of interest in this model. These coefficients estimate whether reports of teaching supports
have a differential impact on changes in the evaluation scores Yitsl for more or less experienced
teachers.

The error terms λl, σsl, and τtsl are nested random error terms that estimate the extent to which
the residual terms for evaluation scores Yitsl are correlated within the same school district l, the
same school s, and the same teacher t. Each of these error terms are nested to reflect the natural
clustering of teachers in schools, and schools in school districts. Finally, ϵitsl is the residual error
term clustered at the school district level. These models are estimated using maximum likelihood
and the residual terms are clustered at the school district level.

Modeling Experience. In my preferred models, I use a semi-parametric linear spline to model
growth on evaluation scores. This spline has four parts: year zero through year two, year three
through year five, year six through year ten, and more than ten years of experience. The first two
parts of the linear spline are of interest in my analyses. The first term represents the pre-tenure
early teacher career period. Current Tennessee law mandates a minimum probationary period of
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three years.5 The second term of the time spline represents the tenure eligible early career period.
I added a node at year five to keep the period measured by this term consistent with the first term
of the spline (i.e., both terms measure three years of teaching experience). The rest of the spline
has two additional terms divided at year ten, resulting in two additional career stages: mid-career
and late career. I chose this node to keep my results consistent prior literature that found that the
returns to teaching experience taper off after ten years of teaching experience (e.g., Papay and
Kraft, 2015).

I test for the robustness of my results to my decision of modeling growth using a linear spline
in two ways. First, I estimated a fully non-parametric approach that uses indicators for each year
of experience below year ten to assess whether my results are sensitive to the linear functional
form the spline imposes on the relationship between time and evaluation scores. In fact, Papay
and Kraft (2015) conclude that this non-parametric approach is the best suited to calculate non-
biased coefficients for the returns of experience on evaluation scores. On the other hand, this non-
parametric approach makes interpretation of growth estimates difficult, as growth is the year-by-
year difference in mean evaluation scores. This growth estimate is readily calculated in the spline
model. Moreover, Bardelli et al. (2021) found that my preferred semi-parametric spline functional
form performs as well as the non-parametric indicator form for early career teachers, suggesting
that a fully non-parametric model might not be necessary in this case. Second, I estimated a
fully parametric model that uses a polynomial expression to model teaching experience. This
model estimates the effect of higher-degree curvatures on the returns of experience on evaluation
scores. Following Kraft and Papay (2014), I used a fourth degree polynomial for this functional
form. These alternative functional forms show that the semi-parametric linear spline performs
qualitatively similar to both of them, suggesting that my preferred functional form is appropriate
for my data.

Identifying Assumptions and Threats to Identification

The identifying assumptions for these growth-curve models are similar to simple ordinary least-
square (OLS) regression models. Specifically, multi-level models make the same assumptions
as OLS models and add distributional assumptions for the random effect terms (Gelman & Hill,
2006; Snijders & Bosker, 2011). The key identifying assumption for these growth models is
that the residual term and the random effects are independent of other regression covariates (i.e.,
exogeneity assumption). For this reason, this assumption is the main threat to identification for
these growth models. That is, the presence of an omitted variable that correlates both with my
predictor of interest (i.e., the measure of teaching supports) and either the residual term or the

5To facilitate the interpretation of the regression results, I start counting experience from 0 years instead of 1, so
three years of teaching experience translate to year 2 in my time variable.
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random effects could introduce bias in these estimates. I assess the extent to which this bias is
present in these growth models in multiple ways.

Fixed teachers characteristics are a possible candidate for these omitted variables. In this case,
estimates from the growth-curve models could be biased if there exist teacher characteristics that
correlate with both teaching supports and instructional effectiveness outcomes. For example, it is
possible that teachers who are more enterprising might both report higher levels of support because
they are more likely to seek out such support and receive higher teacher observation ratings because
they are seen as hard workers. Not adjusting my estimates for this possible kind of effect could
introduce bias in my estimates in a direction that is difficult to assess in advance. Including a
fixed effect for each teacher could address this kind of bias at the cost of requiring more than one
observation per teacher and by introducing a new assumption of additivity between the fixed effect
and the outcome of interest. In this case, identification will rely on year-to-year changes in teacher
effectiveness outcomes and their correlations with teaching supports.

Similarly, it is also possible that school level characteristics could correlate with both the teach-
ing supports and the instructional effectiveness outcomes. For example, a school could have an
uncaring and strict principal who makes teachers feel less supported and also gives lower teacher
evaluation scores. Again, this could lead to bias in the estimates. I address this concern in two
different ways. I add controls for observed school-level characteristics to all regression models.
These controls could account for omitted variables that correlate with both the control variable
themselves, teaching supports, and the instructional effectiveness outcomes. A second way to
address this concern would be through including school fixed effects. However, such models’
identification would largely rely upon variation introduced by teachers moving between schools
and on having enough movers each year to support these models. This requirement would further
constrain the analytic sample. Therefore, I add these school fixed effects only in a specific case
that I discuss below.

A final identifying assumption in the growth-curve models is that the predictors of interest
are measured without measurement error. For example, bias can emerge if a teacher systemati-
cally over-reports the teaching supports they experienced and if their over-reports are correlated
with their instructional effectiveness scores. At face value, the use of confirmatory factor analysis
(CFA) to calculate the measures of teaching supports should partially address this concern, as CFA
is better at accounting for measurement error than other data reduction methods. On the other
hand, there might still be residual measurement error in measures of teaching supports that are not
addressed by CFA.

I can assess the extent to which my estimates are sensitive to measurement error in two separate
ways. First, assuming that teachers working at the same school receive similar levels of teaching
supports, I can use teaching support averages of teaching supports reported by a teacher’s col-
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leagues working at the same school as an instrument for that teacher’s reports. Intuitively, these
models will identify the level of teaching supports that an individual teacher should have experi-
enced given what their colleagues experienced. Second, assuming that systematic measurement
error would affect scores from the same individual equally over time, I can use lags and leads in
teaching support scores to assess the extent to which instructional effectiveness scores are corre-
lated to previous or future reports of teaching supports. Any common effects across these different
models—and especially the models with lead measures—would suggest the presence of individual
level measurement error.

In the sections below, I describe in more detail how I address these threats to identification.

Teacher Fixed Effects Models

While random effects are appropriate for a growth model, its coefficients might be biased when
an omitted variable correlates with both the regressor of interest, the outcome, and the random
effects. In other words, the random effects account for clustering and nesting of the error terms but
perform poorly in the presence of omitted variables. For this reason, I replace the nested random
error terms with teacher fixed effects. As a regression equation, I estimate

Yitsl = γ0 + γ1 · Supportitsl + f (Expitsl) ·∆itsl + Supportitsl × f (Expitsl) ·Ψitsl

+ τt + ϵitsl
(2.2)

where a teacher-fixed effects term τt replaces the random effects structure in the growth-curve
models. This teacher fixed effect controls for unobserved fixed factors (i.e., constant over time) at
the teacher level that impact growth on evaluation scores. These factors could include the teacher
preparation experiences that teachers had, their major choice, or their beliefs about teaching. ϵitsl
is the residual error term clustered at the school district level. The rest of the terms in the regres-
sion equation mirror the ones described above for the growth models. Ψitsl remains the vector of
coefficients of interest from this regression and its interpretation is the same as for Γitsl from equa-
tion 2.1. This results in these fixed effects models leverage within-teacher, across-year variation in
measures of teaching supports as the identifying source of variation in these models.

Instrumenting Individual Reports with Peer Reports

One of the main challenges with working with survey-based data is assessing the extent to which
survey-based measures capture individual-level experiences as separate from measurement errors
and other sources of random error variation. This is a concern especially for the reports of teach-
ing supports that early career teachers report receiving. Arguably, these less experienced teachers
might not have participated in enough teaching support opportunities to accurately assess the qual-
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ity of the teaching supports that they experienced. For this reason, I use peer reports of teaching
support experiences6 to instrument the individual teacher’s reports. Results from these models
provide a bounding exercise for the relationship between teaching supports and instructional ef-
fectiveness outcomes as these models identify the level of expected teaching supports given what
other teachers at the same school reported receiving.

These analyses use the following estimating equation:

Yitsl =γ0 + γ1 · Ŝuppitsl + f (Expitsl) ·∆itsl + σsτt + ϕitsl

Suppitsl =δ0 + δ1 · Peeritsl + ρs + νt + ξitsl
(2.3)

where Ŝuppitsl is the teaching support score for teacher i instrumented using their peer teaching
support score Peeritsl. All other coefficients are analogue to the ones included in Equations 2.1
and 2.2, except for the addition of a school fixed effects σs and ρs. These models are estimated
using two-stage least square estimation with fixed effects. The standard errors ϕitsl and ξitsl are
clustered at the school district level.

Conceptually, these instrumental variable regressions identify the level of teaching supports that
individual teachers should have received using the reports of their colleagues working at the same
school. The school fixed effects in these models further account for differences across schools in
teacher evaluation policies and identifies the relationship between teaching support and changes in
instructional effectiveness outcomes for teachers who switch schools. Finally, these instrumental
variable regressions should partially address concerns of endogeneity between teaching supports
and teacher observation scores by removing within-teacher variation in their teaching supports
which, arguably, could be biased. For example, two teachers receiving the same kind and quality
of teaching support might report it differently on the yearly survey only because the first teacher
knows that they are receiving higher teacher evaluations than their peer. These instrumental vari-
able regressions should address this concern. Additionally, it is also possible that teachers are
selected to receive less or more teaching supports. This selection in receiving teaching support
might bias my estimates either upwards, if teachers who are more likely to grow are allocated
more teaching support, or downwards, if teachers who are less likely to grow are allocated more
teaching support. Again, the instrumental variable regression outline above should address this
concern.

6Technically, these are leave-one-out school level averages of teaching supports where I calculate the average
teaching support measure for all teachers working at the same school site as teacher t leaving out teacher t’s scores
from this average.
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Lags and Leads

Another challenge with working with longitudinal panel data is that survey responses could
report on prior year level of teaching supports or anticipate promised future teaching supports. For
this reason, I conduct a second robustness check that includes lags (i.e., from the previous instruc-
tional year) and leads (i.e., from the following instructional year) for the measures of teaching
supports in my preferred models. These estimates assess the extent to which concurrent year in-
structional effectiveness outcomes are correlated with prior or future reports of teaching supports.
Ideally, instructional effectiveness outcomes should be associated with same year teaching supports
(i.e., main models) and could be associated with a lagged relationship with prior year teaching sup-
port. On the other hand, I do not expect that anticipation effects of receiving teaching supports (i.e.,
leads) would have a relationship with changes in instructional effectiveness outcomes.

Finally, the models with future measures of teaching supports serve as a falsification test, as it is
reasonable to assume that future teaching supports should not affect prior year instructional effec-
tiveness estimates. If these estimates find significant coefficients between future teaching supports
and prior instructional effectiveness outcomes, they would suggest possible endogeneity in who
receives more teaching supports (e.g., selection into receiving teaching supports on time-invariant
teacher characteristics) or issues with how the measures of teaching supports were developed and
validated.

Separating Individual Teaching Support from Average Teaching Support to Peers

A final analysis in this chapter aims to tease apart teaching supports provided to individual
teachers from the average teaching supports that other teachers working at the same school report
receiving. These analyses address a substantive rather than a methodological concern with the
results from my preferred models. Prior literature has suggested the need to separate direct teaching
support to teachers from teaching supports merely present in their environments. For example,
Cohen et al. (2003) argued that “studies of resource effects on student outcomes [often] fail to
take account of how teachers adjust instruction in light of their judgments about students [leading
to] likely misestimate and confound the resources used, those merely present, and their effects”
(p. 133). This observation points towards the need to isolate teaching supports that are targeted
directly to individual teachers from teaching supports that are made available to everyone at the
same school, as individual teachers might not benefit from teaching supports that they do not
receive directly. For this reason, I include the measures for the average level of peer teaching
supports I described above in my preferred models. First, I replace individual teachers’ scores
with their peer scores. Second, I include individual and peer scores together into the same models.
The coefficients for the peer measure of teaching supports assess the average level of support that
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other teachers working at the same school report. When added to models with individual measures
of teaching supports, these coefficients intend to separate individual teaching support experiences
from the experiences of their colleagues.

Results

This results section is organized into four sections. First, I present estimates for the extent
to which my factors have an overall impact on teachers’ evaluation growth trajectories and their
heterogeneity for early career teachers. To streamline this section, I start with reporting the results
for the combined, single measure of teaching supports and move to presenting heterogeneity in
the results for the different types of instructional measures I developed. I then present results
of robustness checks using instrumental variable regressions, and lags and leads in measures of
teaching supports. Finally, I report the results of models that separate direct supports and the larger
school-wide teaching support context through peer scores.

Instructional Growth and Teaching Supports

Table 2.3 reports the results of the association between measures of teaching supports and
teacher observation ratings in columns 1 and 2, and for TVAAS in columns 3 and 4. For each
set of outcomes I report the results of two separate models: (1) 4-level random effects models with
observations scores nested within school year, then teachers, then schools, and finally districts in
the odd columns and (2) teacher fixed-effects models.

Three main findings emerge from this analysis. First, the results for the main effect for teaching
supports—that is, the average relationship across all teachers in the state—shows that improve-
ment in observation ratings is related to receiving more teaching support, while improvement on
TVAAS scores is unrelated to receiving more or less teaching support. Depending on specifica-
tion, I find that observation ratings for teachers who report receiving one more standard deviation
in teaching support grow, on average, between 0.031 and 0.049 observation rubric points or, to
contextualize this finding, the growth that pre-tenure teacher experience in two to four months of
teaching experience. On the other hand, TVAAS estimates are mostly zero and non-significant,
suggesting that improvements in TVAAS scores are largely unrelated to this combined measure of
teaching supports.

Second, the interaction terms between the experience splines and the measures of teaching sup-
ports show significant heterogeneity in this relationship over teachers’ career stages. These coeffi-
cients can be interpreted as an additive relationship on top of the average direct effect of teaching
supports for teachers at different stages of their careers. Results for observation ratings show that
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Table 2.3: Teaching Supports and Instructional Effectiveness

Observation Ratings TVAAS

(1) (2) (3) (4)
Random Effects Fixed Effects Random Effects Fixed Effects

Teaching Supports 0.031∗∗∗ 0.049∗∗∗ -0.016 0.000
(0.005) (0.004) (0.013) (0.019)

Support×Pre-Tenure 0.011∗∗∗ 0.009∗∗∗ 0.019∗ 0.000
(0.003) (0.003) (0.009) (0.012)

Support×Tenure Elig. 0.003 0.001 0.002 0.001
(0.002) (0.002) (0.006) (0.006)

Support×Mid-Career -0.002 -0.001 -0.005 -0.002
(0.001) (0.001) (0.003) (0.004)

Support×Late Career 0.001∗∗∗ 0.000 0.001 -0.000
(0.000) (0.000) (0.001) (0.001)

Constant 3.549∗∗∗ 3.688∗∗∗ -0.260∗∗∗ -0.261
(0.016) (0.036) (0.019) (0.145)

Experience Spline Yes Yes Yes Yes
N 528,372 528,149 114,807 106,496

Notes. This table reports estimates for the relationship between the overall teaching support measure and instruc-
tional effectiveness outcomes—observation ratings and TVAAS scores. Teachers are divided into experience groups:
Pre-tenure teachers have between zero and two years of experience; Tenure eligible teachers have between three and
five years of experience; Mid-career teachers have between six and ten years of experience; Late career teachers have
over ten years of experience.
Robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001
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teachers in the pre-tenure period (i.e., teachers in their first three years of teaching) benefit the most
from receiving teaching support by growing about an extra 0.01 teacher observation rubric points
when receiving teaching supports one standard deviation above the average. This is equivalent to
about a 25 percent increase in teacher observation ratings for pre-tenure teachers who experience
this increased level of teaching supports from the average teacher in the state.

To better put this result into perspective, I calculate the expected observation ratings growth
trajectories for teachers receiving average teaching supports and one standard deviation above the
mean teaching supports over the first few years of teaching. Figure 2.2 visually reports the results
of these analyses. The blue line represents the expected growth in observation ratings for a teacher
experiencing average levels of teaching support; the red line represents the expected growth for
a teacher experiencing one standard deviation greater than average teaching supports. Visually
comparing the two lines, it is clear that there is a significant compounding process of receiving
higher than average teaching supports on observation ratings, leading teachers who report receiving
more teaching support each school year to reach an observation rating of four—or the required
minimum for tenure—one year before their colleague that only received average teaching support
during the same period.

Third, the results for TVAAS are mixed and varying by model specification. Results from
the random effects models suggest that the benefits of receiving additional teaching supports are
concentrated for pre-tenure teachers, with an improvement of 0.019 student standard deviations
or about the growth in TVAAS scores we would expect with an additional five weeks of teaching
experience for this group of teachers. Switching to teacher fixed-effects models, however, makes
this relationship disappear. This suggests that the point estimates for random effects models might
be identified from variation in teaching supports between teachers rather than variation in the same
measures within a teacher. For example, improvement in TVAAS scores and teaching supports
might be related to working in a more supportive school in general rather than receiving individual
support.

Heterogeneity by Type of Teaching Support

The results for the joint teaching support measure might hide some heterogeneity across the
types of teaching supports that I used to build the combined measure of teaching support. I report
the results for this heterogeneity analysis in Figure 2.3. Each coefficient reports the estimates for
the association between each teaching supports types and growth in observation ratings, separate
for pre-tenure teachers (in blue) and tenure eligible teachers (in red). Note that these coefficients
are marginal expected values for each group or, in other words, the sum of the main effect for
each measure and the interaction term between each measure and the experience group indicator.
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Figure 2.2: Difference in Observation Ratings Growth
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Appendix Tables A.1 and A.2 report the estimates for observation ratings and TVAAS scores for
teacher fixed effects models.

Two main findings emerge from the analysis of observation ratings reported in Panel A. First,
there is significant variation in the association between different types of teaching supports and
growth in observation ratings. Second, there is additional variation in these associations between
pre-tenure and tenure eligible teachers. In detail, both pre-tenure and tenure eligible teachers who
report receiving more professional learning & development supports appear to grow at rates greater
than the joint teaching support measure. Both mentoring supports and evaluative feedback supports
show a different pattern. In this case, pre-tenure teachers who report receiving more supports along
these types grow at faster rates than tenure eligible teachers reporting similar levels of support
along these types. Finally, working conditions supports appear to have the lowest associations
among the teaching support types I study, possibly stemming from the fact that these kinds of
supports are more removed from classroom instruction than the other three.

I report the results for growth in TVAAS in Figure 2.3 panel B. These results show somewhat
different results than the ones for observation ratings. In this case, I find little evidence that the
relationships for each teaching supports type is significantly different from zero, as most confidence
intervals cross the y-axis. Only mentoring appears to be significantly different from zero: Pre-
tenure teachers who report receiving more mentoring appear to grow at a slower rate than peers
that did not report receiving the same level of mentoring.

Robustness Checks

Instrumenting Individual Reports with Peer Reports

Table 2.4 reports the results of the instrumental variable regression of individual teaching sup-
port scores using peer measures of teaching supports for pre-tenure teachers. Column 1 reports the
estimates for the second stage of the instrumental variable regression. Columns 2 and 3 provide
additional information about these models, the reduced form estimates and the first stage estimates
respectively.

Three main findings stand out in this table. First, the first stage appears to be appropriate for the
instrumental variable approach. The F-statistic for the instrument is 1217.6, which is well above
the customary cut-off values to identify weak instruments. Second, the reduced form is small in
magnitude but still significant. Finally, the instrumental variable regression coefficient for teaching
supports is 0.153, or about twice the size of the non-instrumented regression coefficient reported
above.

This result suggests two takeaways from this robustness check. First, it suggests the concern that
bias in individual reports of teaching support might be driving the results from my preferred models
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Figure 2.3: Heterogeneity by teaching support Type
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Table 2.4: Instrumental Variable Regression of Individual Reports
using Peer Reports for Pre-Tenure Teachers

(1) (2) (3)
IV Reduced Form First Stage

Teaching Support 0.153∗

(0.060)
Support to Peers 0.017∗∗ 0.100∗∗∗

(0.006) (0.011)
Constant 3.704∗∗∗ 0.491∗∗∗

(0.040) (0.037)
Experience Spline Yes Yes Yes
Teacher Fixed Effects Yes Yes Yes
School Fixed Effects Yes Yes Yes

Instrument F-stat 1217.616
Observations 112,281 112,281 121,317

Notes. Peer scores are calculated by averaging the measures of teaching supports
for teachers working at the same school as the individual teacher, leaving out the
individual teacher’s scores.
Cluster robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p <

0.001

is likely unwarranted, as the instrumental variable regression finds effects larger in magnitude
than my preferred models. Second, the larger magnitude in this coefficient could be evidence of
purposeful selection in who receives more or less teaching support within a school, with focus
on teachers who are less likely to grow, leading to a deflation in the non-instrumented regression
coefficients.

Lags and Leads

Another issue in using survey panel data is the possibility that factor scores respond to lagged
or leading (i.e., from the previous school year or the following one) teaching supports rather than
teaching supports from the same school year. For example, teachers could report on teaching
supports that they actually received the school year before or anticipate the results of upcoming
teaching supports that are planned for an upcoming school year. For this reason, I reproduce my
preferred teacher-fixed effects models but also include teaching support lags, leads, or both. This
specification has the issue of restricting the estimation sample to teachers who have responded to
the TES surveys either two or three times in a row.

Table 2.5 reports the results of these analyses. Again, I report estimates for the combined
teaching support measure and for pre-tenure teachers. Column 1 reports the estimates for the
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Table 2.5: Robustness to Lags and Leads

(1) (2) (3) (4)
Main Model Lags Leads Lags and Leads

Direct Supports 0.061∗∗∗ 0.073∗∗∗ 0.056∗∗∗ 0.076∗∗∗

(0.008) (0.009) (0.010) (0.012)
Lag Support 0.027∗∗ 0.034∗∗∗

(0.009) (0.010)
Lead Support -0.008 0.000

(0.011) (0.011)
Constant 3.851∗∗∗ 3.839∗∗∗ 3.870∗∗∗ 3.852∗∗∗

(0.003) (0.005) (0.004) (0.007)
Observations 31,397 31,397 21,804 21,804

Notes. Lag support includes previous school year measures of teaching supports. Lead
support includes subsequent school year measures of teaching supports.
Cluster robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001

teachers who have responded to two surveys in a row; Column 2 adds the lagged measure of
teaching supports from the previous academic year; Column 3 adds the lead for the same teaching
support measure; Column 4 includes both the lag and lead measure.

Three main findings emerge from these robustness checks. First, the results from the same-year
measures of teaching supports appear to be robust against the inclusion of both lags and leads in
the same measure. Second, it appears that there are some left-over effects for lagged measures of
teaching supports. These lagged measures appear to associate with future improvements in teacher
observation ratings above and beyond same-year measure of teaching supports. Intuitively, these
results could suggest either a delayed relationship of previous experiences with increased teach-
ing supports or sustained improvements over time beyond the school year during which teachers
experience increased teaching supports. Finally, I find little evidence of anticipation effects of
measures of teaching supports, lining up with the expectation that future teaching support should
flow back in time to previous year teacher observation ratings, playing the role of a simple falsifica-
tion test. Moreover, these results provide evidence against the fact that teaching supports might be
allocated to teachers who are more likely to grow, maybe because they are scoring lower on their
teacher evaluations, as this process would require a positive association between future measures
of instructional effectiveness and past instructional effectiveness outcomes.
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Table 2.6: Robustness to Peer Teaching Support Scores
for Pre-Tenure Teachers

(1) (2) (3)
Individual Peer Both

Direct Supports 0.067∗∗∗ 0.064∗∗∗

(0.004) (0.004)
Support to Peers 0.025∗∗∗ 0.017∗∗∗

(0.004) (0.004)
Constant 3.715∗∗∗ 3.731∗∗∗ 3.716∗∗∗

(0.002) (0.001) (0.002)
Observations 112,283 112,283 112,283

Notes. Peer scores are calculated by averaging the measures of
teaching supports for teachers working at the same school as the
individual teacher, leaving out the individual teacher’s scores.
Cluster robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p <

0.01 ∗∗∗ p < 0.001

Separating Individual Teaching Support from Average Teaching Support to
Peers

Table 2.6 reports the results from these analyses for the combined measure of teaching sup-
ports. I report estimates for the combined measure of teaching support and for pre-tenure early
career teachers in this table. Estimates for the four types of teaching supports and tenure eligible
teachers are qualitatively identical to the ones reported in this table, and I omitted them for brevity.
Column 1 reports the association between direct measures of teaching supports and teacher obser-
vation scores. Column 2 reports the association between peer measures of teaching supports and
teacher observation scores. Column 3 reports the association between direct supports and teacher
observation ratings after controlling for peer measures of teaching supports.

Two main findings emerge from this table. The first finding is that coefficients for direct sup-
ports are virtually identical between Column 1 and 3. This suggests that the relationship between
reports of teaching supports and changes in instructional effectiveness outcomes are independent
of the average level of teaching supports other teachers at the same school report receiving. Sec-
ond, the average peer teaching support measure has a positive and significant relationship with
changes in individual teachers’ observation ratings, but this relationship decreases up to about a
third when accounting for teachers’ own measures of teaching supports. This finding could suggest
that average levels of teaching supports experienced in schools could have an additive, independent
relationship above and beyond the levels of teaching supports that individual teachers report.
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Discussion and Implications

Results from this study vary by outcome measure. Thus, I begin by discussing results and
implications for observation ratings. After, I discuss results and implications for TVAAS.

Observation Ratings

Teachers who report greater teaching supports have consistently greater growth in observation
ratings. This relationship is both statistically significant and policy relevant, as teachers who report
experiencing one standard deviation more teaching supports grow about twenty-five percent faster
than their peers, leading them to become eligible for tenure up to a year earlier. These results are
somewhat different from prior work that has found no relationship between organizational supports
and improvement in instructional quality (Smith et al., 2018). One possible explanation for this
difference could stem from differences in instructional effectiveness measures used. In the case
of observation ratings, I find that these scores grow at a stead rate during the early career period.
On the other hand, Smith et al. (2018) use scores from the Instructional Quality Assessment (IQA)
rubric, which has been shows to be mostly stable during teachers’ early careers (Desimone et al.,
2016). The fact that my outcome of interest changes over time gives me the opportunity to relate
these changes to the measures of teaching supports.

Moreover, I find some evidence that different types of teaching supports are associated with
greater gains in observation ratings. Specifically, professional learning & development supports
and evaluative feedback have stronger associations with growth than the other types of supports and
working conditions have the lowest among them. These results are in line with my initial hypoth-
esis that types of teaching supports more closely associated with instructional practice (e.g., pro-
fessional learning & development) have the stronger relationship with observation ratings growth
than other types that are more general (e.g., working conditions). However, all types of supports
are related to positive growth in observation ratings. These results suggest that investing in teach-
ing supports for early career teachers has promise, though investing specifically in professional
leaning & development and evaluative feedback supports appear most promising. These findings
suggest that the inclusion of professional learning & development supports in teacher induction
programs could lead to improved observation ratings. Moreover, the association between evalua-
tive feedback and growth in observation ratings could provide supporting evidence for the claims
that teacher evaluation systems are a source of actionable feedback for teachers (Papay, 2012; U.S.
Department of Education, 2009).

I find positive associations between teaching supports and growth in instructional effectiveness
among all teachers, regardless of tenure status. However, the relationships are stronger among pre-
tenure teachers. Specifically, the positive results for supports through the teacher evaluation system
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appear to be concentrated for teachers in their first three years of teaching, further highlighting the
importance of teaching supports for teachers in their first years in the profession and possibly
suggesting that these supports have diminishing returns as teachers become more experienced.
These results could suggest that early career teachers benefit more from teaching supports and that
we might expect this given that such supports would have the greatest benefits when first learning
to teach, further bolstering the case for teaching induction programs or other formal supports for
early career teachers.

Finally, it appears that experiencing better working conditions has a smaller in magnitude rela-
tionship with growth in observation ratings than the other teaching support types, suggesting that
experiencing better working conditions might only indirectly relate to instructional improvement.
In other words, it could be that better working conditions improve the environments where instruc-
tion happens, leading to indirect instructional improvement. Along the same line, it also appears
that direct supports to individual teachers matter more than supports for their peers when consid-
ering improvements in these individual teachers’ observation ratings. Together, these two results
suggest that teaching supports that are directly provided to teachers, instead of teaching supports
that target the school community rather than individual teachers, have the greatest relationship
with observation scores improvement. These findings have policy relevant implications, as they
suggest that policies and reforms regarding teaching supports are more likely to yield instructional
improvements when these supports directly address individual teachers’ needs as opposed to more
global supports targeting school work environments generally. This is important as early career
teachers tend to work in harder-to-staff schools with more challenging working environment than
their more experienced peers (Bruno et al., 2019). Providing adequate teaching supports then holds
promise for overcoming any challenges associated with these school placements.

TVAAS

The results for TVAAS are more mixed. The multilevel models using nested random effects
show a small positive relationship between teaching supports and TVAAS improvements; however,
this relationship becomes null when using teacher fixed effects models. These results are largely
in agreement with prior experimental work that has found no relationship between participating
in a comprehensive teacher induction program and value-added to student test scores (Glazerman
et al., 2010; Isenberg et al., 2009).

At the same time, the differences between the multilevel models and the teacher fixed effects
models could suggest the presence of a possible source of omitted variable bias that is not ac-
counted for in the random effects models, but that is controlled for by the teacher fixed effects
models. For example, it could be possible that teachers who are more likely to improve their
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TVAAS scores because they are self-motivated might also pursue more opportunities for teaching
support. It is possible that the random effects models do not fully account for this third omit-
ted variable, leading to somewhat inflated point estimates for the relationship between teaching
supports and growth in TVAAS scores.

Limitations and Directions for Future Work

The results in this chapter have several limitations. The use of survey-based measures of teach-
ing supports limits my results in two main ways. First, my sample is limited to teachers who
responded to the annual Tennessee Educator Survey (TES). As I find that the group of teachers
who respond to the survey is significantly different from non-respondents on a variety of key char-
acteristics, it is difficult to extend the results of my analyses beyond my analytic sample (i.e.,
survey respondents). Future work should address this limitation by collecting data from a more
representative sample of teachers.

Second, the measures of teaching supports are limited by the questions included in the original
TES instrument. While I was able to develop multiple measures for teaching supports, other pos-
sible kinds of teaching supports may be excluded from these analyses. Two candidates for these
additional measures are salient. The first is a measure of leadership support, which has been shown
in prior work to be associated with of early career teachers’ development (Smith et al., 2018). The
second measure is supports for the development of productive relationships with parents and the
broader community surrounding the school. Bryk et al. (2009) suggested that this is an essential
component for school improvement and teaching supports for relationship building could also lead
to instructional effectiveness improvement for individual teachers. Future work should consider
developing and validating measure for these additional dimensions of teaching supports and study
their relationships with instructional improvement.
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CHAPTER 3

Relations Among Early Career Teaching Supports,
Professional Growth, and Employment Decisions

The increase in teacher shortages across school districts has made more pressing the devel-
opment of innovations in how we recruit and initially prepare prospective teachers, especially in
subjects that are considered high needs. However, less attention has been placed on what happens
when these newly minted teachers enter the classroom and the conditions that help them remain
in the profession. In this chapter, I study the relationship between a set of teaching supports new
teachers experience and their relationship with mobility and attrition outcomes. The main goal
of this work is to study whether prior evidence suggesting that teaching supports predict specific
employment decisions (i.e., mobility and attrition) holds in a different labor market context, us-
ing new measures for teaching supports, and new methods to estimate the relationship between
supports and employment decisions. Given that prior work has shown mobility and attrition to be
associated with teachers’ instructional effectiveness, this chapter also considers the role of instruc-
tional effectiveness in these relationships.

Linking Teaching Supports to Employment Decisions

Figure 3.1 shows how I conceptualize the connection between teaching supports and employ-
ment decisions. I consider teaching as the full mediator between teaching supports and employ-
ment decisions, meaning that changes in teaching supports lead to changes in teaching and, in turn,
these changes in teaching influence teachers’ employment decisions.

Teaching

Teaching sits at the center of my conceptualization. I define teaching as the work that teach-

ers do that is deliberately oriented to produce learning (Cohen, 2011). Furthermore, I separate
instructional activities, defined as the relationship between teacher, students, and content within
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Figure 3.1: Teaching Supports, Instructional Effectiveness, and Employment Decisions
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environments (i.e., the instructional triangle, Cohen et al., 2003), from non-instructional activi-
ties that teachers might engage in as part of their daily work, such as implementing school poli-
cies, taking up non-instructional responsibilities, engaging with the larger professional community
at school, and building relationships with families and the community at large. This distinction
is important because prior research suggests that instruction—as measured through instructional
effectiveness—is associated with teacher employment decisions (Boyd et al., 2010; Goldhaber et
al., 2010; Hanushek & Rivkin, 2010).

Employment Decisions

Employment decisions are the main outcomes of interest in this chapter. Prior work on teacher
employment has identified different types of teacher employment decisions: teacher mobility and
teacher attrition. Teacher mobility refers to teachers moving between schools, either within the
same school district or across different school districts. Teacher attrition refers to teachers leaving
the profession altogether for another career path. While these two outcomes are somewhat differ-
ent, they could have similar impacts1 on schools, as a new teacher will be needed to replace the
teacher that turned over (Ingersoll & Smith, 2004).

Teacher Mobility. In considering teacher mobility, it is helpful to separate within-districts and
across-districts mobility. Teachers that move between schools but stay within the same school
district usually do not experience changes in salary, as teachers working in the same district are
usually on the same pay scale. This means that within-district mobility has a somewhat lower
burden on teachers. Teachers who move within the same school district often do so to move to
schools that teachers perceive as more desirable (e.g., prior studies have suggested this includes
schools that enroll higher-income student; Greenberg and McCall, 1974), or in response to struc-
tural changes in the school system, like changes in student enrollment or in operations restructuring
(Murnane, 1981). Mobility across school districts is somewhat more burdensome for teachers, as
the new school districts might only recognize part of the teaching experience that teachers have
and teachers have to potentially relocate to a new city and learn new district-wide policies and
procedures.

1The direction of this impact is a point of contention in the literature. For example, Hanushek (2009) argued
that purposeful deselection of low performing teachers could be used as a tool for school improvement. Others have
pointed out that school administrators might not be able to consistently tie dismissals with instructional performance
(Grissom & Bartanen, 2018), leading to detrimental effects of teacher attrition on schools (Bryk & Schneider, 2002;
Ingersoll & Smith, 2004; Ronfeldt, 2012).
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Teaching Supports

Professional Learning & Development

My measure for professional learning & development activities captures the extent, quality,
and kind of professional growth opportunities provided to early career teachers within their school
contexts. This measure includes formal and informal supports in schools that promote professional
learning & development, including professional development programs and informal learning op-
portunities, such as collaboration with colleagues or having a supportive relationship with school
leadership.

Although professional learning & development is one of the main teaching supports provided
to early career teachers, relatively few studies have studied its relationship to teacher employment
decisions (Nguyen et al., 2019). The consensus from these studies is that higher quality profes-
sional development predicts lower teacher attrition rates, both leaving the teacher profession and
mobility to a different teaching position. For example, Allen and Sims (2017) studied participa-
tion in a professional development program for science departments in England. They found that
attrition from departments decreased by 3 percentage points and attrition from the profession by
4 percentage points two years after opting for the professional development program. In a dis-
sertation study, Erickson (2007) analyzed the 1999-2000 school and staffing survey (SASS) and
the 2000-2001 teacher follow-up data to examine the relationship between participation and the
intensity of professional development activities and teachers’ employment decisions. The author
found that participation in professional development activities decreases the likelihood of leaving
the teaching profession, however the total number of hours spent in professional development was
not related to employment decisions.

Focusing on early career teachers’ specifically, teacher induction programs are arguably the
most common form of professional development in which new teachers participate. The evidence
between teacher retention and induction supports is mixed at best. Using nationally representative
data from multiple SAAS and TFS data collections, Smith and Ingersoll (2004), Kang and Berliner
(2012), and Ronfeldt and McQueen (2017) consistently found that participating in a more intensive
teacher induction program2 was associated with improved teacher retention.

Studies that have focused on single-district teacher induction programs found similar positive
associations between program participation and teacher outcomes. For example, Matsko et al.
(2007) analyzed the teacher induction experiences for about 1,700 teachers from Chicago Public
Schools. The authors reported that over 80 percent of teachers in their sample reported receiving

2The SASS instrument included indicators for being assigned a mentor, participation in beginner’s seminars, having
collaboration or planning time with colleagues, receiving supportive communication from school leadership, reduction
in teaching load or number of preparations, having a teacher’s aide. Combined, these indicators are often referred to
induction supports.
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some sort of induction supports during their first years of teaching. They found that the intensity
of the induction activities that teachers reported was positively associated with their overall satis-
faction and intentions to stay in teaching and at the same school. Although they could not observe
eventual teacher employment decisions, these results suggest that teachers who reported receiving
more induction supports could be less likely to leave teaching or move to a different school.

Similarly, Auletto (2021) surveyed about 800 teachers from fifteen school districts in Michi-
gan and asked about induction support experiences, job satisfaction, overall sense of support, and
plans for the future. They found that different induction dimensions are correlated with different
outcomes. For example, having a close colleague with whom early career teachers could col-
laborate was positively associated with retention intentions, while participating in professional
development activities was positively associated with job satisfaction and overall sense of support.

Other work that had, perhaps, more complete samples of teachers from a single state or a
more rigorous experimental design found mostly null effects of teacher induction programs on
teacher retention. Wechsler et al. (2012) surveyed 2,670 teachers and mentors participating in
one of the 39 induction programs active in Illinois in 2006 or 2008. While they found positive
associations between participation in an induction program on teacher efficacy, they found no
relationship between induction program participation and teacher employment decisions. They
suggested two explanations for these results. First, they suggested that the economic downturn
that Illinois experienced because of the 2009 Great Recession could have confounded any effect
of teacher induction, as up to six percent of their participants were laid off during this period.
Second, they found that school and district contexts were highly predictive of teacher retention,
independent of participation in a teacher induction program. I will expand on this finding more in
a later section.

Finally, Glazerman et al. (2010) and Isenberg et al. (2009) reported on the only large-scale ran-
domized control trial testing whether a comprehensive teacher induction program impacted teacher
retention. They found no relationship between participation in their comprehensive induction pro-
gram that included sustained professional development activities and participants’ retention. But
they found that participation in this comprehensive teacher induction program was positively re-
lated to student outcomes for teachers who remained in the profession three years after the inter-
vention.

Mentoring

Mentoring, as part of new teacher induction, is arguably the most common teaching support
provided to early career teachers, leading Ingersoll and Strong (2011) to conclude that “teacher
mentoring programs have become a dominant form of teacher induction; indeed, the two terms are
often used interchangeably” (p. 203). Despite its popularity, research, described in detail below,
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shows somewhat mixed results for the relationship between mentoring and teacher employment
decisions. These contradictory findings suggest that more research, like the present study, is needed
to understand how receiving mentoring relates to teacher retention.

Correlational studies have found mixed evidence of the relationship between early career
teacher mentoring and teacher retention. Ingersoll and Strong (2011) reviewed the literature of
the impacts of mentoring programs on early career retention. They found that, while mentoring
was associated with some improvement on classroom instructional practices and student outcomes,
teachers that reported participating in mentoring activities were not more likely to stay at their
schools. In a related study, Ronfeldt and McQueen (2017) reanalyzed SASS data and linked the
retention and mobility outcomes of early career teachers to the kinds of induction supports that
they reported receiving. Their results suggest that mentoring might have a positive and small re-
duction in the probability of moving to a different school and a small and non-significant reduction
in the probability of leaving teaching. From these results, it is not clear whether mentoring alone,
or other school-based characteristics such as more supportive school leadership or supportive com-
munication, are related to employment decisions, as mentoring was correlated with other teaching
supports that early career teachers receive as part of teacher induction programs.

Evaluative Feedback

Over the past ten years, teacher evaluation systems have become commonplace across the
United States. One of the policy goals for implementing teacher evaluation systems was to provide
objective and actionable feedback to teachers about their instructional performance, that can be
used to inform professional development activities and teacher labor market decisions (U.S. De-
partment of Education, 2009). Despite these intended goals, only a few studies have examined how
and to what extent the feedback that teachers receive during their evaluations associate with teacher
employment decisions. Most of these studies have focused on localized teacher labor markets and
on introducing teacher evaluation reforms limited to those markets (Cullen et al., 2021; Dee &
Wyckoff, 2015; Steinberg & Garrett, 2016). Taken together, these studies have found that intro-
ducing a formal teacher evaluation system is associated with an increase in turnover among lower
performing teachers. The mechanism behind this increase is, however, unclear as these teacher
evaluation systems included a mix of financial rewards for high-performing teachers and man-
dated dismissals for low-performing teachers (Cullen et al., 2021) or included a structured evalu-
ative feedback system based on classroom observations and principal-teacher dialogue (Steinberg
& Sartain, 2015).

In one of the few studies that has focused on a state-wide, low-stakes teacher evaluation sys-
tem, Rodriguez et al. (2020) reported that the roll-out of such a system increased teacher turnover
even without including punitive consequences for low-performing teachers. Moreover, the au-
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thors found that these attrition differences were concentrated in urban districts and low-performing
schools, suggesting that low-performing teachers working in those settings might be more sensitive
to teacher evaluation outcomes than their colleagues working in different schools and districts.

Working Conditions

Teacher working conditions are the last type of teaching supports that I consider in this chapter.
These measures of teaching supports summarize multiple facets of the work environment that
early career teachers experience and that together shape their working conditions. These supports
include an appropriate workload that affords enough planning time, having a collaborative work
environment where collaboration with colleagues is supported and encouraged (e.g., instructional
teams or professional learning communities), and having supportive school leadership. Overall,
working in a school with better working conditions is associated with improved teacher quality
and student outcomes (Moore Johnson, 2006; Moore Johnson et al., 2012), and a reduction in the
intention to migrate schools (Geiger & Pivovarova, 2018; Ladd, 2011).

Focusing on specific aspects of working conditions, several studies have found that early career
teachers who experience a more collaborative work environment are more likely to be retained.
Multiple correlational studies, for example, using teacher survey data from the Baccalaureate and
Beyond survey (BBS), the School and Staffing Survey (SASS), or the Teacher Follow-Up Survey
(TFS) have found that induction practices that support collaboration among colleagues, such as
common planning time allotted to working with other teachers at the school, predicted lower at-
trition rates among early career teachers (Henke et al., 2000; Kang & Berliner, 2012; Ronfeldt &
McQueen, 2017; Smith & Ingersoll, 2004).

Other studies have found that early career teachers that reported having strong collegial rela-
tionship with their colleagues (Wechsler et al., 2012), experienced a better fit to their school com-
munity (Miller et al., 2020), or worked in schools with lower rates of teacher turnover (Sorensen
& Ladd, 2020) tend to have better employment decisions. Bryk and Schneider (2002) stressed the
importance of teacher collaboration by arguing that activities that develop trust among colleagues
“such as openness to improvement, trust and respect, teachers having knowledge and skills, sup-
portive leadership, and socialization [. . . ] are more critical to the development of professional
community than structural conditions” (p. 8). These results highlight the importance of the larger
school professional community in developing and supporting early career teachers’ employment
decisions.
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The Role of Teaching Supports in Employment Decisions

The core theoretical assumption in this chapter is that teaching supports can influence employ-
ment decisions by affecting teachers’ voluntary and avoidable turnover. Abelson (1987) outlines
four different types of teacher turnover along employee-controlled and organization-controlled
factors. Voluntary and avoidable turnover include employment decisions due to pay, working con-
ditions or administration issues. In this case, a teacher decides to voluntarily leave their position
to seek better employment somewhere else. These employment decisions could be avoidable in-
sofar that the school or district could have improved salary or working conditions, for example,
to address teachers’ concerns. Involuntary and avoidable turnover includes dismissals, layoffs, or
forced retirements initiated by school or district leadership that are outside the control of individual
teachers. Voluntary and unavoidable turnover includes decisions due to, for example, family relo-
cation or mid-career changes. In these instances, teachers elect to leave their positions for reasons
outside the control of the school or district. Involuntary and unavoidable turnover include other
reasons outside the control of the individual teacher or school, such as leave following sudden
medical needs.

Voluntary and avoidable turnover is the focus of this paper, as teaching supports can directly
influence this kind of employment decisions by changing teachers’ employment decision-making
process in two related ways. First, teaching supports could shape the teaching environments that
teachers experience, leading to different employment decisions net of everything else. In this case,
teaching supports directly influence employment decisions. For example, teachers that participated
in peer mentoring programs might be less likely to want to leave their schools because they do not
want to lose contact with their peer mentors. This relationship could be independent of whether
peer mentoring had any effect on teachers’ instructional practices, as it is often the case that early
career teachers participating in teacher induction programs report feeling better supported even
when their teaching practices do not change (Smith et al., 2018).

Second, teaching supports could lead to changes in instruction which, in turn, could impact the
employment decisions. This relationship is an indirect one when employment decisions are based
on changes in instructional effectiveness rather than experiences with teaching supports. Prior
research found somewhat positive evidence that instructional effectiveness and teacher turnover are
related (Boyd et al., 2010; Goldhaber et al., 2010; Hanushek & Rivkin, 2010). For example, Boyd
et al. (2010) studied mobility and attrition patterns in New York City schools and found that more
experienced and more effective teachers, as measured by their value-added contribution to student
test scores, were less likely to both request a transfer and to leave teaching. Similarly, Goldhaber
et al. (2010) studied the relationship between teacher value added measures and mobility in North
Carolina. They found that more effective teachers were less like to move to different schools and to
leave the North Carolina teacher workforce. On the other hand, Hanushek and Rivkin (2010) found
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no differences in teacher value-added to student test score measures between early career teachers
who moved between schools, between districts, or left teaching and early career teachers who
stayed in their assignments, suggesting that early career teacher attrition might not be associated
with their instructional effectiveness. As a result, changes in instructional effectiveness could act as
an additional mechanism through which teaching supports indirectly influence teacher employment
decisions. Here, teachers who experience more teaching supports improve their instruction, which,
in turn, makes it less likely for them to leave. This process could be an indirect effect if teaching
supports only influence employment decisions through changes in instructional effectiveness; or
it could be a mediator (or moderator, based on modeling decisions) if it only partially influences
employment decisions through changes in instructional effectiveness.

Contributions

This chapter intends to make several contributions to the literature on the relationships between
teacher mobility and attrition and early career teaching supports. First, it contributes to our un-
derstanding of how teachers’ employment decisions are related to teaching supports that teachers
report experiencing. Unlike prior research that has focused on environmental factors correlating
with teacher employment decisions (e.g., Nguyen et al., 2019), this work considers teaching sup-
ports available to early career teachers. The focus on the specific supports available to early career
teachers and their connections to instructional practice has the potential to identify possible pol-
icy levers that school leaders and policymakers can use to improve the retention of early career
teachers.

Second, most prior studies of early career teacher retention relied on either national survey data
that only included a few questions about induction supports (Kang & Berliner, 2012; Ronfeldt
& McQueen, 2017; Smith & Ingersoll, 2004) or to ad-hoc data collections that included small
samples of teachers (Auletto, 2021; Smith et al., 2018). These two data collection designs have
complementary weaknesses. Whereas large, nationally representative samples collect data from a
large number participants across different settings, their survey-based measures of teaching sup-
ports only include few binary indicators for the types of activities in which teachers participated.
Ad-hoc data collections, on the other hand, trade sample size and representatives for more detailed
measures of teaching supports. In this chapter, I build upon the strengths of these prior studies
by using statewide teacher survey data paired with rich administrative data to study how compre-
hensive measures of teaching supports relate to early career teacher employment decisions. This
allows me to observe the universe of teachers responding to a state-wide survey and to use these
responses to develop multidimensional measures of teaching supports.

Last, this work is, to my knowledge, the first to parse apart the direct effects of receiving teach-
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ing supports on retention from meditated effects through improvements in teachers’ instructional
effectiveness. No other prior work has simultaneously linked teaching supports, changes in in-
structional effectiveness, and employment decisions of early career teachers. The work in this
chapter explores whether teacher instructional quality mediates the relationship between teaching
supports and employment decisions. If I find teaching supports promote retention only indirectly
(i.e., through improving instructional effectiveness) then this would suggest focusing on policies
that promote instructional effectiveness since these would effectively also promote retention. This
would also suggest that more research is needed on other teaching supports beyond those studied
here to identify ones that promote retention directly.

Research Questions

I ask two research questions to guide the work in this chapter:

RQ1. What is the relationship between different types of teaching supports and early career teach-
ers’ employment decisions?

RQ2. Does instructional effectiveness moderate the relationship between teaching supports and
employment decisions?

Methods

Data

Data for this project comes from the Tennessee State Longitudinal Data System (SLDS). These
data include teacher evaluation scores, student test scores, and employment decisions for teach-
ers employed in Tennessee public schools. Access to statewide data is important when studying
teacher employment decisions as teachers tend to move between districts within the same state.
Moreover, teacher licensure is at the state level, so moving across state lines is often a costly deci-
sion especially during the early career years because most state only reciprocate permanent teacher
licenses.

The main outcomes of interest are the year-by-year teacher employment status. First, I identify
being employed as a teacher in a school if a teacher is reported as being evaluated as a teacher
of record anytime during a school year. This includes receiving an observation rating or being
linked to student test scores. The two processes that generate these evaluation scores are somewhat
different. For observation ratings, school administrators report to the state the results of classroom
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observations through the TN-Compass online system. If a teacher is present in the teacher observa-
tion database, I assume that a school administrator has visited this teacher’s classroom for at least
sixty minutes during the school year.3 For TVAAS scores, student test scores need to be linked
to specific teachers. State policy allows for fractional assignments of students to teachers in case
a teaching assignment is only part-time or to account for other teaching arraignments. These link
data are generated and reported by local school districts and should reflect actual student place-
ments sometime during the school year.

These two pieces of information allow me to identify who is plausibly a teacher during a given
school year. These data also identify the school site where a teacher is employed. This allows me to
generate the three variables of interest: being employed, leaving the profession the following year,
or moving schools the following year. I identify being a leaver if a teacher is not reported as being
employed the following school year. Similarly, I identify a teacher as a mover if a teacher stays em-
ployed but changes schools the following school year. This decision allows me to use school-level
covariates contemporaneous with employment decisions in my regression models, as I am inter-
ested in modeling the relationships between the kinds of environments that teachers experienced
the year that they decided, for example, to move between schools or leave the profession.

I also propose to use employment data from teacher employment records through the Personnel
Information Reporting System (PIRS) dataset as a robustness check for my preferred way to iden-
tify teacher employment (using teacher evaluation data). The PIRS data are collected as part of
administering the school employee retirement benefits. This dataset includes employment records
of nearly the population of school public personnel in the state. From my prior work, identifying
employment using PIRS is highly correlated with identifying employment using the evaluation
data. However, this approach could over-identify teachers as leavers in cases they move to a school
that does not report employment data to the state (e.g., charter schools) or under-identify leavers
in cases when teacher moves to a non-instructional position on the teacher pay scale (e.g., instruc-
tional coach). Relying on teacher evaluation data, on the other hand, allows me to track employ-
ment decisions for teachers in instructional positions, as state law mandates that all teachers must
be evaluated at least once during a school year. One limitation, though, of using evaluation data
to identify employment patterns is that some districts and schools have missing evaluation data in
some years.

Sample

My sample includes 76,816 public school teachers in Tennessee for whom I can calculate mea-
sures of teaching supports. Table 3.1 reports the summary statistics for these teachers. The table

3State teacher evaluation policy mandates a minimum of sixty minutes of observation for each teacher that is
evaluated using the TEAM rubric.
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is divided into three sections by column; I first report statistics for all teachers, then I report sepa-
rate statistics for pre-tenure teachers (i.e., teachers with fewer than three years of experience, N =
20,084) and tenure-eligible teachers (i.e., teachers between three and five years of teaching expe-
rience, N=16,157) separately. The panels separate the different variable categories: employment
decisions, direct teaching supports, contextual teaching supports, and covariates.

Overall, I find that pre-tenure teachers are more mobile and tenure-eligible teachers are less
mobile than the rest of the teachers. When considering both movement between and within school
districts, pre-tenure teachers are more likely to both move between and within districts than their
colleagues, while tenure-eligible teachers are less likely to move between districts and just about
the same as the average in moving within districts. The probability of leaving the teaching pro-
fession is about the same for pre-tenure and all teachers, at about 9 percent, while it is reduced to
about 7 percent for tenure-eligible teachers.

Moving on to direct teaching supports, pre-tenure teachers report receiving higher levels of
teaching supports across all four measures when compared to the average teacher in the state.
Tenure-eligible teachers follow a somewhat different pattern. These teachers report receiving more
support through professional development, mentoring, and evaluative feedback and less support
through collaboration than the average teacher in the state. I also observe no difference in the
levels of contextual teaching supports reported by the different groups of teachers (see Panel C).

When comparing the teacher characteristics of these groups, I observe that pre-tenure teachers
tend to score lower on observation ratings than their colleagues and that tenure-eligible teachers
score right around the state average. This observation is in line with prior work that found that
observation ratings growth at a faster rate during the early career and that this growth tapers off
(Papay & Kraft, 2015). The only other difference in these characteristics is teacher age. For
this variable, I observe that pre-tenure teachers and tenure-eligible teachers are younger than the
average teacher in the state.

Table 3.2 compares the characteristics of survey respondents and non-respondents. It appears
that the teachers who respond to the FttT/TES surveys and for whom I can calculate measures
of teaching supports, are significantly different from teachers that do not respond to the surveys
(χ2(20) = 43, 704.982, p < 0.001). In more detail, teachers who respond to the survey are more
likely to move to a different school (by about 0.6 percentage points), have higher average obser-
vation ratings (by 0.15 rubric points), be women (by about 6.4 percent) and White (by about 9.5
percent), have more teaching experience (by 0.39 years), and be endorsed in elementary educa-
tion (by 7.6 percent). These results suggest that survey non-response is correlated with teaching
characteristics, reducing the external validity of my results beyond my respondent sample.
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Table 3.1: Sample Statistics

All Pre-Tenure Tenure Eligible

(1) (2) (3) (4) (5) (6)
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Panel A: Employment Decisions
Mover 0.197 0.328 0.231 0.387 0.186 0.354
Mover – School 0.086 0.224 0.091 0.262 0.089 0.256
Mover – District 0.120 0.278 0.147 0.329 0.104 0.282
Leaver 0.094 0.254 0.095 0.278 0.069 0.238
Panel B: Teaching Supports
Support 0.022 0.828 0.205 0.911 0.038 0.895
Professional Development 0.018 0.778 0.187 0.859 0.031 0.842
Mentoring -0.011 0.540 0.062 0.572 -0.001 0.575
Evaluative Feedback 0.011 0.754 0.179 0.826 0.030 0.817
Working Conditions -0.025 0.757 0.010 0.816 -0.038 0.819
Panel C: Peer Teaching Supports
Support 0.004 0.107 0.003 0.139 0.009 0.144
Professional Development 0.004 0.097 0.003 0.126 0.007 0.131
Mentoring 0.009 0.085 0.004 0.087 0.009 0.088
Evaluative Feedback 0.013 0.093 0.012 0.122 0.019 0.127
Working Conditions 0.005 0.118 -0.007 0.154 0.005 0.157
Panel D: Covariates
Average Observation Rating 4.023 0.518 3.753 0.512 4.034 0.498
Women 0.808 0.394 0.800 0.400 0.804 0.397
Asian 0.003 0.051 0.005 0.068 0.004 0.061
Black 0.099 0.290 0.082 0.269 0.086 0.276
Hispanic/Latino 0.022 0.122 0.026 0.148 0.023 0.138
Native American 0.001 0.028 0.001 0.035 0.001 0.032
Pacific Islander 0.001 0.024 0.001 0.034 0.001 0.029
White 0.869 0.323 0.871 0.325 0.881 0.316
Other 0.005 0.058 0.012 0.099 0.003 0.052
Age 42.852 11.664 33.347 9.560 36.060 9.022
Panel E: Endorsements
Mathematics 0.058 0.234 0.067 0.250 0.061 0.240
Science 0.053 0.225 0.059 0.235 0.047 0.212
Special Education 0.138 0.344 0.141 0.348 0.142 0.349
Elementary 0.763 0.425 0.684 0.465 0.724 0.447
English Language Arts 0.250 0.433 0.258 0.437 0.268 0.443
Number of End. 1.262 0.725 1.209 0.790 1.242 0.714
N 76,816 20,084 16,157
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Table 3.2: Differences Between Survey Respondents and Non-Respondents

(1) (2) (3) (4) (5)
All Non-Resp. Resp. Diff Effect Size

Panel A: Employment Decisions
Mover 0.309 0.466 0.184 -0.282 1.015
Mover - School 0.084 0.081 0.087 0.006 0.039***
Mover - District 0.229 0.390 0.102 -0.289 1.063
Leaver 0.202 0.371 0.069 -0.302 1.156
Panel B: Teacher Characteristics
Ave. Obs. Rating 3.949 3.846 3.993 0.147 0.280***
Women 0.777 0.741 0.805 0.064 0.155***
Asian 0.004 0.005 0.003 -0.002 0.032
Black/Afr. Am. 0.128 0.160 0.101 -0.059 0.187
Hispanic/Latino 0.017 0.017 0.017 0.000 0.002
Native American 0.001 0.001 0.001 0.000 0.001
Pacific Islander 0.001 0.001 0.001 0.000 0.003
White 0.823 0.771 0.865 0.095 0.268***
Other ERI 0.024 0.042 0.010 -0.032 0.238
Age 42.497 43.884 41.485 -2.400 0.191
Teaching Experience 5.976 5.754 6.143 0.389 0.097***
Panel C: Endorsements
Mathematics 0.058 0.058 0.057 0.000 0.002
Science 0.056 0.060 0.053 -0.007 0.029
Special Education 0.141 0.147 0.136 -0.011 0.031
Elementary 0.719 0.675 0.752 0.076 0.171***
ELA 0.267 0.292 0.248 -0.044 0.100
Number of End. 1.240 1.232 1.246 0.014 0.019***

Note. Joint test of significance χ2(20) = 43, 704.982, p < 0.001.
∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001
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Measures of Teaching Supports

This chapter focuses on four types of teaching supports. Professional learning & development

supports include informal and formal learning activities aimed at developing early career teachers’
instructional capacity. Mentoring supports include cycles of classroom observation and formative
feedback carried out by an expert observer and instructional coach. Together, these two kinds
of supports are often referred to as induction supports for early career teachers. Evaluative feed-

back supports aim to inform early career teachers about the teacher evaluation process in the state,
supporting them through the evaluation cycle, showing them how to use information from their
evaluations to improve classroom practices. Finally, working conditions measure features of the
larger school community and environment that can support or constrain early career teacher learn-
ing and growth. These include teaching supports related to planning and preparing for instruction,
promoting teacher collaboration, and more supportive school leadership.

I developed these measures of teaching supports using responses to the First to the Top (FttT)
survey and the Tennessee Educator Survey (TES). These longitudinal survey programs started
during the 2011-12 school year and continued ever since. The survey instrument itself is updated
each year to add new survey items that reflect additional data collection interests, remove items that
proved to be uninformative, or to rewrite items that proved to be confusing to respondents. For this
reason, the set of items that I consider in these analyses is different for each survey administration
year and I use common items between survey administrations to anchor measures year-to-year.

I developed the measures of teaching supports following psychometric best practices for latent
factor development and validation. I first categorized and linked survey items across administra-
tions to identify the set of survey items that could relate to my four measures of interest. I then
used two randomly split samples of responses to select potential survey items that would load on
the four constructs of interest in exploratory factor analyses (EFA) and to validate each measure
using confirmatory factor analyses (CFA). The EFA stage identified a set of items for each survey
administration year that could load together on the four measures of teaching supports that I was
developing. CFA provides a robust set of tools to assess how well a group of items could measure
a latent construct of interest and to estimate less biased estimates of the latent construct scores that
account for both measurement error and random error (see, Chapter 4 for more details about this
process). I conducted these two steps separately on two randomly selected sub-samples of survey
respondents to reduce the risk of over-fitting the factor structure to the TES respondent sample.
Overall, this analysis found that my four measures of teaching supports have fair to excellent psy-
chometric properties, suggesting that these measures can capture enough covariation in the survey
items to develop latent measures from them and justifying their use in this chapter.

I also combined these separate types of teaching supports in a single measure of general teach-
ing supports intensity to better align my results to prior work (e.g., Ronfeldt and McQueen, 2017).
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This unidimensional measure, however, had poor psychometric properties, suggesting that it might
not fully capture the diversity of teaching supports that teachers receive. At the same time, this
measure is helpful to further reduce the dimensionality of teaching supports to a single factor, with
the caveat that this overall measure might miss some complexity in teaching supports that teachers
experience.

Analysis

I organize the analyses for this chapter into two parts. I first describe base multinomial probit
models and linear probability models to estimate the relationship between teaching supports and
employment decisions. I then describe multiple follow-up analyses to explore the robustness of
the estimates from the base models and to explore the heterogeneity of the relationship between
teaching supports and employment decisions.

Modeling the Relationship Between Teaching Supports and Employment Decisions

Multinomial Probit Models. Multinomial probit models are an extension of probit models to
a categorical variable with more than two outcomes. The intuition behind these models is that
employment decisions are driven by an unobserved latent variable Y ∗, usually interpreted as the
combination of several factors in a single utility function. A teacher chooses between employment
decisions by estimating the utility of each option and choosing the outcome with the highest utility.
In my models, I assume that this utility function is a linear combination of the levels of teaching
supports that teachers receive, their average observation ratings, and school site characteristics.

Formally, I assume that the probability of each employment outcome conditional on the regres-
sors is normally distributed, that is

Pr (Yit = j|X) = ϕ (β0 + β1 · Suppit + β2 · EGit +Xit ×B5 + λit + ϵit) (3.1)

where ϕ is the cumulative distribution function of the standard normal distribution, Yit is an indica-
tor variable taking the value of 1 if teacher i will experience the focus employment outcome j the
following school year t, Suppit is the measures of teaching supports that teacher t reported receiv-
ing during school year t, EGit is a set of indicator variables identifying teacher t’s instructional
effectiveness group during school year t, Xit is a vector of employment school covariates includ-
ing student body characteristics and teacher stay ratio, λt is a teaching experience fixed effect for
teacher t in year i, and ϵit is the robust error term clustered at the school district level.

The main strength of using a multinomial probit model over separate LPMs is that the prob-
ability of each outcome is jointly estimated, and the standard errors are adjusted for the multiple
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outcomes. As it is difficult to directly interpret the probit regression coefficients, I report the con-
ditional (partial) marginal adjusted predicted probability of Yit = j for a unit increase in measures
of teaching supports when all other regressors are held at their means.

The inclusion of the experience fixed effects λit turns these multinomial probit models into
discrete-time hazard models and allows me to interpret the β1 coefficient as the average change in
the probability to observe a given outcome j for all teachers. Moreover, these time fixed effects
account for left and right censoring of observations that could arise from teachers entering and
exiting my panel due to responding to the surveys at different stages of their careers and to teachers
leaving the panel altogether if they stop teaching.

The set of indicator variables EGit divides teachers into three, mutually exclusive, instructional
effectiveness groups. These variables account for the possible confounding effect of instructional
effectiveness on the relationship between teaching supports and employment decisions. Intuitively,
teaching supports could be allocated differently by level of instructional effectiveness. This could
introduce bias in my estimates if, for example, teaching supports are prioritized to more instruc-
tionally effective teachers that principals want to retain at their school.

At the same time, some have raised concerns with using fixed effects in probit models (e.g.,
Arellano and Hahn, 2007; Fernández-Val, 2009). For this reason, I also model employment deci-
sions using linear probability models.

Linear Probability Models. The linear probability model (LPM) estimates the change in prob-
ability of an employment outcome (i.e., moving to a different position or leaving teaching) condi-
tional on changes in measures of teaching supports within the same teacher. Formally, I estimate
the regression

Yiy = γ0 + γ1 · Suppiy + γ2 · EGit +Xit × Γ+λt + ξit (3.2)

where the coefficients mirror the ones described for Equation 3.1. The coefficient of interest is
β1 that estimates the change in the percentage to observe outcome Y for an increase in one stan-
dard deviation unit in the teaching supports variable Suppiy. This coefficient is analogous to the
conditional marginal adjusted predicted probabilities I report for the multinomial probit models.

Follow-Up Analyses

I conduct several follow-up analyses to my main models to explore heterogeneity in the rela-
tionship between teaching supports reports and employment decisions and robustness checks using
instrumental variable regressions.
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Heterogeneity by Career Stage. This first set of follow-up analyses is inspired by the observa-
tion that early career teachers have different employment decisions than more experienced teach-
ers. For example, early career teachers are more likely to leave teaching and to move between
schools than more experienced teachers (see Table 3.1). For this reason, it could be possible that
early career teachers might respond differently to teaching supports than more experienced teach-
ers. In this set of analyses, I restrict my preferred models to teachers in the pre-tenure period (i.e.,
between zero and two years of experience) and in the tenure eligible period (i.e., between three
and five years of experience) and estimate the same regression models described above on this
restricted samples.

Heterogeneity by Instructional Effectiveness. Workforce outcomes could also be related to
teachers’ instructional effectiveness scores. The intuition for these models is that more (or less)
instructionally effective teachers might be less (or more) likely to leave teaching. As a result,
teachers at different ends of the instructional effectiveness distribution might respond differently
to teaching supports. In these models, I create instructional effectiveness groups by dividing teach-
ers into thirds within each year of experience. This process gives me three groups of instructional
effectiveness within each year of teaching experience (i.e., lower third, mid-third, and upper third).
I then interact the measures of teaching supports with these group indicators and report the re-
lationship between teaching supports and employment decisions for each of these instructional
effectiveness groups.

Instrumental Variable Regression. This follow-up analysis instruments an individual teacher’s
measures of teaching supports using the leave-one-out average of teaching supports by their col-
leagues working at that teacher’s school. The intuition behind these analyses is that an individual
teacher’s measures of teaching supports might be endogenous with employment decisions. For
example, it is possible that a teacher who plans to leave the teaching profession at the end of the
school year would under-report the teaching supports they received. Another possible source of en-
dogeneity in my preferred models is purposeful allocation of teaching supports to specific teachers.
A principal might, for example, decide to better support a teacher that indicated a desire to move to
a different school at the end of the school year in hopes that doing so might retain that teacher. In-
strumenting an individual teacher’s measures of teaching supports using their peers’ reports helps
address these kinds of endogeneity concerns with individual-level variation by identifying the level
of teaching supports that a teacher should have experienced given what made available to everyone
else working at the same school.
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More formally, I estimate the following linear probability models using two-stage least squares

Yit =β0 + β1 · Ŝuppit + β2 · EGit +Xit ×B5 + λt + σit

Suppit =γ0 + γ1 · PeerSuppit + γ2 · EGit +Xit × Γ + µt + ρit
(3.3)

where Yiy is a workforce outcome (i.e., leaving, moving, moving school, or moving district) for
teacher i in school year t, Ŝuppit is the instrumented measure of teaching supports for teacher i
in school year t, PeerSuppit is the instrument peer measures of teaching supports, and all other
variables are analogues to what I described in Equations 3.1. The standard errors σit and ρit are
clustered at the school district level.

Individual-Reported and Peer-Reported Teaching Supports. A complementary analysis to
the instrumental variable regressions is to consider peer-reported teaching supports as potential
measures of spill-over effects (on individual teacher’s employment decisions) of teaching supports
that are provided to all teachers working at the same school site. The intuition behind these models
is that school environments where all teachers are better supported could influence an individual
teacher’s employment decisions above and beyond the teaching supports directly allocated to that
teacher.

To explore whether these spill-over effects are present, I replace Suppiy with the leave-one-one
school average in measures of teaching supports that teacher t’s colleagues working in the same
school reported. These models estimate the relationship between contextual measures of teaching
supports (i.e., teaching supports made available to everyone at the same school site) on teachers’
employment decisions. I also include these contextual measures alongside individual measures in
an effort to isolate the teaching supports individual teachers receive and the contextual supports
that the rest of the school community receives.

Mediation Analysis. The last follow-up analysis is a mediation analysis that decomposes the
relationship between teaching supports and employment decisions in a direct path and an indirect
path through changes in teacher observation ratings. Intuitively, teaching supports could lead to
higher observation scores which, in turn, lead to changes in employment decisions. This rela-
tionship could be above and beyond any direct effect between teaching supports and employment
decisions.

Formally, I estimate this mediation analysis in the structural equation model{
Yit =β0 + β1 · Suppit + β2 ·ORit + λt + σit

ORit =γ1 · Suppit + µt + ρit
(3.4)
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where ORit is the observation rating for teacher t during year t and the rest of the coefficients
are analogues to the ones described for Equation 3.1. All models are estimated using maximum
likelihood and confidence intervals are bootstrapped using 500 draws with replacement.

The coefficient β1 estimates the direct effect between teaching supports and employment deci-
sions. I calculate the indirect effect with β2 · γ1 and the direct effect with β1 + β2 · γ1.

Results

Relationship between Teaching Supports and Employment Decisions

Table 3.3 reports the results for the analyses in this chapter. I further divide the table into two
panels. In Panel A, I report the conditional (partial) marginal adjusted predicted probabilities from
the multiple probit models regressing employment decisions on the measures of teaching supports.
In Panel B, I report the coefficients of linear probability models. Each panel of the table reports
the results for different teaching supports dimensions.

A scan of Column 1 reveals that an increase in overall teaching supports is associated with
a decrease in the probability of all forms of teacher turnover (i.e., moving to a different school
or district, or leaving teaching). For example, early career teachers who report experiencing one
standard deviation above the mean in combined teaching supports are 0.8 percentage points (p.p.)
less likely to leave teaching than their colleagues receiving average combined teaching supports.
This is a reduction of about fifteen percent in the overall probability of leaving teaching. I find
similar relationship sizes for moving to a different school or moving to a different school district.

Comparing the point estimates between the multinomial probit regressions and the linear prob-
ability models across the two panels shows that these two specifications have virtually identical
estimates. This result suggests that either one of these modeling approaches can be used in further
analyses. For the rest of this chapter, I report results from linear probability models for simplicity’s
sake.

Moreover, comparing the point estimates for each type of teaching supports (learning & de-

velopment, mentoring, evaluative feedback, and working conditions) across Columns 2 through 5,
shows that each measures of teaching supports is positively associated with a reduction in each
form of teacher turnover, though the relationships tend to be strongest for working conditions and
mentoring. Also, it appears that there is not much difference in the relationship between the dif-
ferent types of teaching supports and employment decisions. For this reason, I will focus on the
combined measure of teaching supports moving forward.
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Table 3.3: Relationship Between Teaching Supports and Employment Decisions

(1) (2) (3) (4) (5)
SUPP PD&L MNT EF WC

Panel A. Multinomial Probit Margins
Move School -0.007∗∗∗ -0.007∗∗∗ -0.011∗∗∗ -0.008∗∗∗ -0.010∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001)
Move District -0.004∗∗∗ -0.004∗∗∗ -0.006∗∗∗ -0.004∗∗∗ -0.006∗∗∗

(0.000) (0.000) (0.001) (0.000) (0.001)
Leave -0.010∗∗∗ -0.010∗∗∗ -0.013∗∗∗ -0.010∗∗∗ -0.014∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001)
Instr. Eff. Group As Bal As Bal As Bal As Bal As Bal
School Controls At Means At Means At Means At Means At Means

Observations 110,169 109,328 76,945 109,328 76,945
ADP of Moving School 0.052 0.053 0.048 0.053 0.048
ADP of Moving District 0.018 0.018 0.018 0.018 0.018
ADP of Leaving 0.055 0.055 0.053 0.055 0.052

Panel B. Linear Probability Models
Move School -0.009∗∗∗ -0.008∗∗∗ -0.012∗∗∗ -0.009∗∗∗ -0.012∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001)
Move District -0.016∗∗∗ -0.017∗∗∗ -0.022∗∗∗ -0.016∗∗∗ -0.021∗∗∗

(0.001) (0.001) (0.002) (0.001) (0.001)
Leave -0.011∗∗∗ -0.011∗∗∗ -0.014∗∗∗ -0.011∗∗∗ -0.014∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001)
Instr. Eff. Group Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes

Observations 110,169 109,328 76,945 109,328 76,945
ADP of Moving School 0.065 0.065 0.057 0.065 0.057
ADP of Moving District 0.087 0.087 0.084 0.087 0.084
ADP of Leaving 0.062 0.062 0.059 0.062 0.059

ADP Adjusted Predicted Probability
Cluster robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001
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Heterogeneity by Career Stage

Table 3.4 reports the relationship between the combined measures of teaching supports and
employment decisions for teachers at different stages of their careers. Comparing the coefficients
reported in Columns 1 through 3 (i.e., comparing the average relationship for all teachers to the
one for pre-tenure teachers or a tenure-eligible teachers), an increase in teaching supports relates
to a decreased probability to move schools or districts, and to leave the profession regardless of
career stage. Pre-tenure teachers that reported receiving one standard deviation more teaching
supports than the average are 1.3 percentage points (p.p.) less likely to move to a different school,
3.9 p.p. less likely to move to a different district, and 2.5 p.p. less likely to leave the teaching
profession than their peers that received an average level of teaching supports. These coefficients
are about twice the size of the coefficients I observe for the average teacher in the state, suggesting
that pre-tenure teachers are more responsive to receiving teaching supports than more experienced
ones.

Table 3.4: Relationship Between Teaching Supports and Employment Decisions by Career
Stage

(1) (2) (3)
All Teachers Pre-Tenure Tenure Eligible

Move School -0.009∗∗∗ -0.013∗∗∗ -0.014∗∗∗

(0.001) (0.002) (0.003)
Move District -0.016∗∗∗ -0.039∗∗∗ -0.019∗∗∗

(0.001) (0.003) (0.003)
Leave -0.011∗∗∗ -0.025∗∗∗ -0.009∗∗∗

(0.001) (0.002) (0.002)
Instructional Effectiveness Group Yes Yes Yes
School Controls Yes Yes Yes

Observations 110169 17767 14545
Adj. Predicted Prob. of Moving School 0.065 0.080 0.079
Adj. Predicted Prob. of Moving District 0.087 0.135 0.094
Adj. Predicted Prob. of Leaving 0.062 0.078 0.057

Cluster robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001

A somewhat similar pattern is also present for tenure eligible teachers. In this case, tenure eligi-
ble teachers appear to still respond to experiencing teaching supports in their decision to stay at the
same school or district. However, I also observe that the coefficient between teaching supports and
moving to a different district or leaving teaching is smaller in magnitude than for pre-tenure teach-
ers and similar to the state average, suggesting a possible differential relationship between teaching
supports and different employment decisions for tenure-eligible teachers. The point estimate for

66



moving to a different school is virtually identical for tenure eligible and pre-tenure teachers.
Together, these results suggest that investment in teaching supports for all teachers, and espe-

cially early career teachers, is associated with an improvement in their retention, either by reducing
their mobility between schools and districts or attrition out of the teaching profession. Moreover,
teaching supports appear to increase the likelihood of an early career teacher staying at the same
school, regardless of career stage.

In the next section, I explore the degree to which the relationship between teaching supports and
retention might be mediated or moderated by teaching effectiveness. After all, instructional effec-
tiveness improves the most during the early career years (Papay & Kraft, 2015), leading to possible
heterogeneous relationships between teaching supports and employment decisions. In short, I next
explore the extent to which the relationship between teaching supports and employment decisions
is different for more or less instructionally effective teachers.

Heterogeneity by Instructional Effectiveness Groups

Figure 3.2 reports the marginal probabilities for each workforce outcome for teachers receiving
an average observation rating (center), one standard deviation below (left) and above (right) the
average. I further report estimates for all teachers in the state (in blue), pre-tenure teachers (in
red), and tenure eligible teachers (in green). All coefficients report the effect of receiving one more
standard deviation in teaching supports.

All coefficients appear to be lower on the left side of the graphs than the right side or, in other
words, there is an increasing slope in the coefficients as observation ratings increase. This sug-
gests that less instructionally effective teachers that report receiving more teaching supports are
less likely to leave than their colleagues that receive less teaching supports. Moreover, these rela-
tionships appear to reduce in magnitude as teacher instructional effectiveness increases, suggesting
that more effective teachers might be less responsive to receiving teaching supports.

Comparing the relationship of teaching supports to different employment decisions, it appears
that receiving more teaching supports is related with a reduction in the probability of mobility to
a different teaching position, while the probability of leaving teaching altogether might not the
related to the level of teaching supports that teachers reported receiving. That is, the reduction in
the probability of moving to a different school is about ten times the reduction in the probability
of leaving.

Comparing the two mobility outcomes, it appears that retention within the same school district
is improved by receiving teaching supports and that these improvements are concentrated for teach-
ers scoring at the average or below in instructional effectiveness. Mobility between schools within
the same district appear to still be related with a receiving teaching supports and this relationship
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is not heterogeneous for teachers at different points of the instructional effectiveness distribution.
The difference in the relationship between same-school and same-district retention raises ques-

tions whether school-specific context has a relationship with improved employment decisions. For
example, a teacher who receive teaching supports in a more supportive school environment might
be less likely to leave a school than a colleague receiving a similar level of teaching supports in a
less supportive school environment. I explore this relationship in the next section.

Instrumenting Individual Reports with Peer Reports

Table 3.5 reports the result of instrumental variable (IV) regressions which instrument those
supports reported by individual teachers using peer-reported teaching supports; I measure the latter
using the leave-one-out average of teaching supports reported by teacher peers teaching at the
same school. Column 1 reports the estimates from the second stage of the instrumental variable
regression, Column 2 reports the reduced form estimates, and Column 3 reports the first stage
estimates.

The IV regression estimates for both leaving and moving are qualitatively similar to the esti-
mates from my preferred models reported in Table 3.3 Column 6. In more detail, the IV estimates
are slightly smaller in magnitude by about ten percent, but these differences are not statistically sig-
nificant. The IV estimate for leaving teaching is only marginally significant, perhaps indicating that
these IV models are pushing the statistical power boundary for my sample of pre-tenure teachers.
Finally, the estimates of the F-statistic for the first stage suggest that instrumenting those supports
reported by individual teachers with their peers’ reports provides a strong enough instrument for
these IV models. Altogether, these results might partially address concerns in my preferred models
with endogeneity between individual reports of teaching supports and employment decisions.

Individual-Reported and Peer-Reported Teaching Supports

Table 3.6 reports the estimates comparing the relationship between individual and peer reports
of teaching supports on teachers’ workforce decisions. Reading the table from left to right, I report
first the relationship for individual and peer teaching supports separately in Columns 1 and 2, and
then the relationship from a regression model that includes both measures in Column 3. I finally
report the coefficients from regressions that restrict the estimating sample to pre-tenure or tenure
eligible teachers in Columns 4 and 5. Each panel of the table reports the coefficients for different
employment decisions: leaving the teaching profession (Panel A) and moving to a different school
(Panel B), and moving to a different district (Panel C).

Comparing the coefficients for individual teaching supports in Columns 1 and 3, it is clear that
teachers who reported receiving greater teaching supports have better retention than their peers.
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Table 3.5: Instrumental Variable Regression Estimates for Employ-
ment Decisions for Pre-Tenure Teachers

(1) (2) (3)
IV Reduced Form First Stage

Panel A: Leave Teaching
Individual Support -0.020+

(0.011)
Peer Average Support -0.004+ 0.192∗∗∗

(0.002) (0.007)
Constant 0.117∗∗∗ 0.114∗∗∗

(0.004) (0.013)
Instr. Effect. Group Yes Yes Yes
School Controls Yes Yes Yes

Adj. Predicted Prob. 0.120
F-stat 727.789
Observations 17,767 17,767 17,767

Panel B: Move
Individual Support -0.045∗∗

(0.016)
Peer Average Support -0.009∗∗ 0.192∗∗∗

(0.003) (0.007)
Constant 0.303∗∗∗ 0.114∗∗∗

(0.006) (0.013)
Instr. Effect. Group Yes Yes Yes
School Controls Yes Yes Yes

Adj. Predicted Prob. 0.309
F-stat 727.789
Observations 17,767 17,767 17,767

Robust standard errors in parentheses. + p < 0.10 ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p <
0.001
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Table 3.6: Individual and Peer Supports on Employment Decisions

(1) (2) (3) (4) (5)
Direct Peer Both Pre-Tenure Tenure Eligible

Panel A: Leave
Individual Support -0.011∗∗∗ -0.010∗∗∗ -0.025∗∗∗ -0.009∗∗∗

(0.001) (0.001) (0.002) (0.002)
Peer Average Support -0.003∗∗∗ -0.001 0.001 -0.000

(0.001) (0.001) (0.002) (0.002)
Instr. Effect. Group Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes

Adj. Pred. Prob. 0.062 0.062 0.062 0.078 0.057
Observations 110,169 110,166 110,166 17,767 14,545

Panel B: Move School
Individual Support -0.009∗∗∗ -0.008∗∗∗ -0.012∗∗∗ -0.013∗∗∗

(0.001) (0.001) (0.002) (0.003)
Peer Average Support -0.005∗∗∗ -0.004∗∗∗ -0.003 -0.005∗

(0.001) (0.001) (0.002) (0.002)
Instr. Effect. Group Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes

Adj. Pred. Prob. 0.065 0.065 0.065 0.080 0.079
Observations 110,169 110,166 110,166 17,767 14,545

Panel C: Move District
Individual Support -0.016∗∗∗ -0.016∗∗∗ -0.039∗∗∗ -0.019∗∗∗

(0.001) (0.001) (0.003) (0.003)
Peer Average Support -0.004∗∗∗ -0.001 0.002 0.001

(0.001) (0.001) (0.003) (0.003)
Instr. Effect. Group Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes

Adj. Predicted Prob. 0.087 0.087 0.087 0.135 0.094
Observations 110,169 110,166 110,166 17,767 14,545

Cluster robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001
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These relationships are robust even after I include an estimate of the peer reported teaching sup-
ports. Moreover, it appears that working with peers who report higher levels of supports reduces
the likelihood of leaving the profession, however this relationship is no longer significant when
considering individual- and peer-reported teaching supports together in the same regression model.

Focusing on mobility outcomes (Panels B and C), the patterns for these analyses are similar to
the ones described for leaving. The only exception is the coefficient for the relationship of peer
reported instructional supports and moving schools. This coefficient remains significant when
both individual and peer reported instructional supports are included in the same regression, likely
indicating that the decision to stay at the same school is influenced by both individual level teaching
supports and by spill-over effects of peer teaching supports.

Mediation Analysis Through Observation Ratings

Table 3.7 reports the results of the mediation analyses for each workforce outcome for pre-
tenure teachers. Overall, I find evidence that the relationship between teaching supports and work-
force outcomes is significantly mediated by changes in observation ratings. That is, teaching sup-
ports correlate with improvements in observation ratings which, in turn, lead to a decrease in the
probability of moving and leaving. At the same time, the direct relationship between teaching
supports and workforce outcomes is only partially mediated (up to 14 percent for leaving and 17
percent for moving), indicating that improvements in observation ratings only partially explain the
relationship between teaching supports and workforce outcomes. Thus, teaching supports appear
to both directly and indirectly (through changes in instructional effectiveness) influence mobility
and retention.

Discussion

With the increased attention to teacher shortages, both from the predicted increased in teacher
retirements in the coming years (Sutcher et al., 2016a, 2019) and from the pressure that the COVID-
19 pandemic has put on the teacher workforce, there is an increase in interest in understanding how
to better support teachers—and early career teachers in particular—to improve their employment
decisions. Teacher turnover has been linked to both a decrease in student learning outcomes and
instability of school working conditions (Hanushek et al., 2016; Henry & Redding, 2020; Ronfeldt
et al., 2013; Sorensen & Ladd, 2020), as well as financial costs to districts that have to recruit
and train new teachers (Watlington et al., 2010). It becomes important, then, to use historical
teacher employment patterns to understand which teaching supports may lead to decreased teacher
turnover. This chapter studies employment decisions for teachers working in Tennessee public
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Table 3.7: Mediation Analysis

(1) (2) (3) (4)
Leaver Mover Move District Move School

Indirect Effect -0.004∗∗∗ -0.010∗∗∗ -0.008∗∗∗ -0.002∗∗∗

[-0.005,-0.003] [-0.011,-0.009] [-0.009,-0.007] [-0.003,-0.002]
Direct Effect -0.024∗∗∗ -0.048∗∗∗ -0.038∗∗∗ -0.011∗∗∗

[-0.028,-0.020] [-0.054,-0.043] [-0.043,-0.033] [-0.015,-0.008]
Total Effect -0.028∗∗∗ -0.058∗∗∗ -0.046∗∗∗ -0.014∗∗∗

[-0.033,-0.024] [-0.064,-0.052] [-0.051,-0.042] [-0.017,-0.010]
Percent Indirect 0.144∗∗∗ 0.172∗∗∗ 0.177∗∗∗ 0.166∗∗∗

[0.112,0.176] [0.147,0.196] [0.149,0.205] [0.106,0.226]
Percent Direct 0.856∗∗∗ 0.828∗∗∗ 0.823∗∗∗ 0.834∗∗∗

[0.824,0.888] [0.804,0.853] [0.795,0.851] [0.774,0.894]

Observations 24,011 24,011 24,011 24,011

Bootstrapped 95% confidence intervals in brackets. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001

schools and links these outcomes to measures of teacher reported measures of teaching supports.
This longitudinal analysis finds several insights in the relationship between teaching supports and
employment decisions.

My results suggest that teachers who report experiencing more teaching supports are less likely
to turnover with, on average, a reduction of 0.077 percentage points (p.p.) for pre-tenure teachers
from a baseline average turnover rate of 0.171 for pre-tenure teachers and a reduction of 0.042
p.p. on a baseline of 0.230 for tenure-eligible teachers. In other words, I find that experiencing
more teaching supports reduces the turnover rate by 45% for pre-tenure teachers and by 18% for
tenure-eligible teachers. These results are similar in magnitude to prior work that used the School
and Staffing Survey to study teacher induction (Kang & Berliner, 2012; Ronfeldt & McQueen,
2017; Smith & Ingersoll, 2004).

I find some differences in how teaching supports could relate to employment decisions for
pre-tenure and tenure-eligible teachers. My results suggest that about a third of the reduction in
turnover is due to a decrease in the likelihood of pre-tenure teachers leaving the teaching profession
altogether, one half is due to a reduction in moving to a different district, and the rest is due to a
reduction in moving to a different school. These results are somewhat different for tenure-eligible
teachers. In their case, a reduction in each of the three employment decisions roughly explains a
third of the overall reduction in turnover. These results suggest that investment in teaching supports
for early career teachers, and especially for teachers in their first few years of teaching, may be
the most promising way to increase teacher retention. Moreover, the fact a reduction in moving
between districts or leaving the teaching profession could explain most of the relationship between
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teaching supports and employment decisions suggests that programs aimed to support early career
teachers might have the best chance for success when they are implemented by school districts or
state-wide.

Prior work has highlighted the importance of more instructionally supportive schools in im-
proving the retention of their teachers (Moore Johnson, 2006; Moore Johnson et al., 2012). My
results seem to align with this intuition, as I find that same school retention is the only outcome
that is associated with peer average scores. In other words, I find that the average teaching supports
reported by teachers’ colleagues at the same site has a strong association with a reduction in the
probability of moving to a different school within the same district, arguably the easiest turnover
event for a teacher to experience as this does not require relocation or commuting to a different
school district or a change in profession. Moreover, these relationships appear to be independent
of what individual teachers report receiving, suggesting an additive relationship between teaching
supports provided to individual teachers and the overall school environment where they work.

Finally, I find that teachers’ instructional effectiveness—as measured by observation ratings—
appears to mediate only in part the relationship between teaching supports and employment deci-
sions. I find that improvements in observation ratings that are associated with teaching supports
only explain up to 15 percent of the total relationship between teaching supports and employment
decisions. In other words, 85 percent of this relationship is not explained by changes in observa-
tion ratings. This finding suggests that instructional effectiveness only explains a limited portion
of the overall association between teaching supports and retention. For example, if a teacher is
contemplating leaving the profession, how good of a teacher they are only marginally predicts
this decision. At the same time, teaching supports appear to strongly predict the same decision
regardless of the association between teaching supports and instructional improvement.

Two observations are worth noting here about the mediation analysis. First, my estimate for
the indirect effect of teaching supports through instructional improvement is not a causal estimate.
Also, it likely underestimates the overall mediation effect of teaching supports through instruc-
tional improvement because any presence of measurement error or other issues around the relia-
bility of the mediator tend to bias the mediation effect estimates towards zero. For this reason, my
estimates should be interpreted as a possible floor for the mediation effect, meaning that if there
is a mediated effect of teaching supports through instructional improvement, this effect should not
be smaller than 15 percent of the total relationship between teaching supports and employment
decisions. Second, although the remaining direct effect between teaching supports and employ-
ment decision is larger in magnitude than the mediation effect through instructional improvement,
this latter coefficient remains significant in my models, which means that relationship between
instructional supports and employment decisions is only partially mediated by improvements to
instructional effectiveness.
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Contextualizing the Relationship Size between Teaching Supports and Em-
ployment Decisions

The number needed to treat4 (NNT) coefficient is used in medical research to contextualize
changes in percentages into a more concrete measure of the potential of therapeutic treatment by
estimating the number of people who are needed to experience, on average, one extra desired
outcome (Sackett & Haynes, 1997). In my case, the NNT estimates the number of teachers that are
needed to experience one standard deviation increase in teaching supports to expect one more of
them to be retained. Technically, the NNT is estimated by taking the reciprocal of the coefficients
in Table 3.3.

Calculating the NNTs for the relationship between teaching supports and employment decisions
allows me to contextualize the relationship sizes in a policy-relevant measure. Focusing only on
combined turnover reduction, the NNT suggests we would expect one more teacher not to turnover
than expected when 13 teachers receive one standard deviation above the mean in the overall
teaching supports. This finding is half the size to experimental results that linked a comprehensive
teacher induction program to teacher retention (Glazerman et al., 2010; Isenberg et al., 2009),
which suggested that the excess retention from the treatment condition (i.e., the improvement in
retention because of treatment) is about six teachers or an NNT of about 25. These results help
put into perspective the statistically significant reduction in teacher attrition that I observe for
teachers who receive one standard deviation above the mean in teaching supports and suggest that
most schools might not directly observe benefits of increased teacher retention only by providing
teaching supports, as few schools have the number of early career teachers needed to observe a
policy significant effect on teacher retention. On the other hand, these results suggest larger teacher
induction programs that have the ability to enroll a larger number of teachers might be better suited
to have the desired impact on teacher retention, highlighting the importance of district- or state-
wide teaching supports policies and programs.

When looking at specific teacher mobility outcomes, my results further suggest that teaching
supports alone may not result in a concrete improvement in specific employment decisions (i.e.,
same-school retention, same-district retention, or retention in teaching), as the number of teachers
needed to experience the increase in teaching supports is somewhat large. For example, the NNTs
for the overall measures of teaching supports for pre-tenure teacher suggest that 77 pre-tenure
teachers are needed to experience one standard deviation above the mean in teaching supports to
expect one more of them not to leave their school, 25 of them are needed for one more not to leave
their district, and 40 of them are needed for one more of them not to leave teaching. These results

4I use the word “treat” and “treatment” here following its use in the medical field as in taking part in a therapy
rather than assignment to a specific condition as part of a randomized control trial.

75



suggest that it is safe to assume that most schools would not be able to observe improvement in
specific employment decisions by just providing teaching supports as they might not employ a large
enough number of early career teachers to appreciatively observe declines in teacher mobility as a
result of increases in teaching supports. However, school districts or states might employ enough
early career teachers to make interventions targeting specific employment decisions viable. These
results have also implications for researchers who want to assess the impacts of an intervention
on specific employment decisions for early career teachers. These findings suggest that a large
sample size, possibly in the thousands of participants, is needed to have enough power to detect
differences in mobility or retention.

Figure 3.3: Simulation of the Percent Savings from Teaching Supports
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Notes. Each line reports the results of simulations comparing the costs of providing teaching supports to an increasing
number of teachers and the cost to replace districts that leave the profession after one year. The blue line reports the
estimated cost/benefit ratio in for districts where the cost of replacement is low. The red line reports the estimated
cost/benefit ratio in for districts where the cost of replacement is high. Positive y-axis values suggest that providing
induction supports increases costs than just replacing teachers; Negative ratios suggest that providing induction sup-
ports reduces costs than just replacing teachers.
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Another way to assess the policy relevance of providing teaching supports to early career teach-
ers is to conduct a cost-benefit analysis. To this end, I run a simulation that assesses the trade-off
between the costs of providing increased teaching supports to pre-tenure teachers and the reduc-
tion in turnover rates and related costs resulting from this increased support. The cost of teacher
turnover is estimated to be between $10,000 and $25,000 depending on local labor market con-
ditions (Watlington et al., 2010). Taking these estimates and scaling them up to 2022 dollars, I
assume that the cost of replacing a teacher is between $12,500 and $31,000. I use these two es-
timates to run simulations for the possible financial costs and benefits associated with providing
teaching supports to first-year teachers, assuming an average combined turnover rate for pre-tenure
teachers to be 17.1% and that an increase in one standard deviation of teaching supports reduces
this rate by 7.7%—both estimates stem from the rates I observe in my results.

Figure 3.3 reports the results of these simulations. I report the percent change in total costs in
low-turnover cost districts in red and for high-turnover cost districts in blue. Positive values on the
y-axis indicate cost saving associated with retention while negative values indicate cost increases.
Each panel of the figure reports estimates associated with different costs for increasing the teach-
ing supports for pre-tenure teachers to one standard deviation above the average. I find that the
breaking even point of increasing teaching supports by one standard deviation above the average
costs is $800 for low-turnover cost districts and $2,000 for high-turnover cost districts. That is, if
providing the increased teaching supports costs less than $800 in low-turnover cost districts and
$2,000 in high-turnover cost districts would result in an overall cost reduction of the combined cost
of providing the increased teaching supports and replacing teachers that turnover when compared
to the business as usual of just replacing teachers who turnover. These cost estimates, however, rise
questions about whether it is possible to design a high quality teaching support program that fits
within those cost constraints, as recent estimates suggest that traditional professional development
workshops costs between $660 and $1,100 and that one hour of coaching costs $440 (Barrett &
Pas, 2020).

My simulation reaches a stable point after about 40 teachers, suggesting that reduction in
turnover costs balances out the increased costs of providing support to larger groups of teachers.
Finally, I find some instability in the percent cost reduction when the group of teachers is less than
twenty teachers. This could suggest that policies that aim to reduce costs associated with teacher
turnover should apply to either large school districts that hire more than twenty teachers annually
or regions (i.e., countries or intermediate education agencies) leading to pooling the potential cost
reduction across smaller school districts.
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Limitations

This work has some remaining limitations that future work could address. First, I rely on teacher
self-reports of teaching supports, collected through a state-wide survey of teachers that was not de-
signed to measure these constructs specifically. While this data source gives me the opportunity
to conduct one of the first longitudinal studies of the relationship between teaching supports and
employment decisions, having better measures for teaching supports would strengthen this work.
Two possible ways could improve upon my measurement model. Future work could develop mea-
sures for the kind and the extent of the teaching supports actually provided to teachers rather than
relying on teacher self-reports. These instruments could collect, for example, a census of the pro-
fessional development and activities that teachers participate in. Also, teacher surveys could be
redesigned to directly ask about the teaching supports that they received and to better align with
the underlying teaching supports dimensions.

Second, this work is a correlational study that relies on within-teacher variation in teaching
supports to make inference on their relationship to employment decisions. Confounding factors
that could correlate to both my measures of teaching supports and teachers’ employment decisions
could still bias my estimates in unpredictable ways. For this reason, the instruction supports I
identify as promising should be tested under experimental or quasi-experimental conditions to
address these concerns.

Third, as discussed above, this work is a secondary data analysis of a survey instrument that was
not designed specifically to collect measures of teaching supports. Although the survey instruments
I relied on were right enough to include several items asking about teaching supports, I still had
to rely on data-driven methods to develop and validate the measures of teaching supports, leading
me to rely on inference to determine what the items actually signal and which measures they align
to. Future work can use the types of teaching supports that I use in this chapter and develop
instruments that measure them directly, both with fewer and better items.

Finally, my cost-benefit analysis narrowly focuses on the financial costs and benefits associated
with increasing teaching retention through teaching supports. Teacher retention, however, impacts
school organizations beyond direct financial costs and benefits. For example, Ingersoll and Smith
(2004) suggested that well-managed school organizations lead to reduced teacher attrition by elim-
inating low performers and bringing in new teachers who help facilitate instructional innovation.
Conversely, high teacher attrition rates worsen the situation at school organizations that might be
already struggling by undermining the “organizational stability, coherence, and morale” (p. 32)
of the remaining teachers. These are all examples of non-financial costs of teacher turnover to a
school. However, these non-financial costs are more difficult to quantify and include in this cost-
benefit analysis. For this reason, future work should focus on expanding upon this current work
to organizational outcomes beyond direct financial replacement costs for early career teachers and
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include more rich measures of its impacts on school organizations more generally.
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CHAPTER 4

Development and Initial Validation of Measures of
Teaching Supports from Statewide Surveys of

Teachers

The first few years as a teacher are the defining period of their professional career. During this
time, new teachers learn to carry instructional activities alongside managing a classroom, lesson
planning, and working with others in their professional environment. Principals, instructional
coaches, and colleagues usually mentor new teachers during this period, either through formal
teacher induction activities or informally as part of their day-to-day interactions. These formal and
informal activities have the potential to help beginner teachers transition into their new roles and
start growing professionally. Yet, up to a third of new teachers leave teaching within their first
five years (Ingersoll & Merrill, 2012). This trend is even more concerning once we consider that
beginning teachers make a greater share of the workforce than ever before (Ingersoll & Merrill,
2012), and that the recent COVID-19 pandemic has exacerbated the growing shortage of new
teachers entering the profession (Sutcher et al., 2019). As a result, we can likely expect the demand
for teaching supports for new teachers to increase in the coming years, especially while the share
of veteran teachers who can provide these supports for new teachers will likely decrease. Thus,
finding out how we can best support these new teachers is becoming increasingly important.

Teacher induction programs have been one of the preferred policy interventions for provid-
ing professional development to early career teachers. For example, since the late 1990s and in
response to a state-wide shortage of new teachers, California has required all new teachers to com-
plete an induction program in order to receive a permanent teaching credential (Howe, 2006). In
this context, teacher induction has shown promising results for the retention and quality of new
teachers (Darling-Hammond, 1997).

Multiple reviews of the literature (Howe, 2006; Ingersoll et al., 2014; Ingersoll & Strong, 2011)
have found positive associations between induction programs and teacher outcomes. Mentoring of
early career teachers, in particular, has been found to be positively associated with teacher instruc-
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tional practices (Davis & Higdon, 2008; Evertson & Smithey, 2000; Nevins Stanulis & Floden,
2009) and student achievement (Fletcher & Strong, 2009; Fletcher et al., 2008; Rockoff, 2008;
Thompson et al., 2005). These studies are correlational, so we cannot infer causal connections be-
tween participating in an induction program and later outcomes; various forms of selection could
explain these correlations. For example, it could be possible that more promising teachers choose
to start their careers at schools where they know they will receive more or better teaching supports.
This would lead to conflate participation in induction activities with other unobserved teacher de-
cisions. Randomization of teachers to receive teaching supports could be a way to address these
concerns.

To this point, the only randomized control trial that assigned early career elementary school
teachers to a comprehensive induction program—including a formal mentoring program and mul-
tiple feedback cycles—found no effects on student outcomes nor employment decisions, even after
treatment group participants reported taking part in more frequent induction activities than the con-
trol group participants (Glazerman et al., 2010; Isenberg et al., 2009). As part of a fidelity imple-
mentation analysis, the authors argued that there were substantial differences in induction supports
between conditions, yet they acknowledge some variation across sites: “different programs empha-
siz[ed] different approaches [to teacher induction. . . ] such as orientation, assessment, professional
development workshops, mentoring/peer coaching, small-group activities, and classroom obser-
vation” (Glazerman et al., 2010, p. 5). Though these experimental results seem to contradict the
correlational evidence, Kang and Berliner (2012) raised some concerns about these null results
of this work, suggesting that there may not have been enough contrast in the activities in which
treatment and control teachers participated to lead to significant differences in outcomes. That is,
the teachers in the control group may have also been exposed to substantial induction supports.

More recent work on teacher induction has teased out how different aspects of induction pro-
grams could support the development of early career teachers’ practice. Ronfeldt and McQueen
(2017) used seven questions from the School and Staffing Survey (SASS) to create a composite
measure of the extensiveness of the supports available to SASS respondents. They found that
induction intensity was associated with a reduction in both teacher attrition and mobility among
early career teachers. When they examined specific types of supports, they found that early career
teachers who participated in mentoring programs, in beginners’ seminars, or experienced support-
ive communication supervisors were less likely to leave teaching than their colleagues were. While
SASS includes a nationally representative sample of teachers in the United States, the seven indica-
tor questions that Ronfeldt and McQueen (2017) used only asked participants to indicate whether
they received a support or not. This allowed the authors to develop blunt measures of teaching
supports available to early career teachers, but they acknowledged that more work is needed to
develop more comprehensive measures, including ones that focus on the quality of supports that
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early career teachers experience.
Along the same lines, Smith et al. (2018) followed 62 early career middle school mathemat-

ics teachers during their first three years of teaching experience. They collected multidimensional
measures of content-focused supports that included classroom observations, surveys, and inter-
views and developed measures for the dimensions of induction supports that these teachers expe-
rienced, including mentoring, professional development, administrator support, and professional
community. They found that, while participants’ teaching practice developed substantially during
their first three years of teaching, this development was not associated with the kinds and levels
of induction supports that they reported receiving during this same period. This paper shows the
importance of multidimensional measures for teaching supports, along dimensions that are similar
to the ones that I develop in this work. However, it is difficult to know whether their null results
are because of their small sample size or because the teaching supports are actually independent of
their outcome measures.

Finally, Auletto (2021) conducted a mixed-method study of induction practices for 700 teachers
in Michigan. As part of the data collection, they surveyed teachers for different support practices
that included indicators for collaboration with colleagues, mentoring and professional develop-
ment. These different items were combined using principal component factor analysis (PCA) to
develop aggregate measures for the support practices of interest (i.e., collaboration with colleagues,
mentoring, and professional development). They found somewhat mixed results for the relation-
ship between these measures and teacher outcomes (teacher satisfaction, career plans, and overall
sense of support). For example, valuing a close relationship with a colleague was positively asso-
ciated with overall satisfaction with teaching, but frequency of discussions with a colleague was
not associated with the same outcome. Additionally, having experienced professional development
that met early career teachers’ needs was associated with overall satisfaction with teaching, but was
not associated with plans to return to the same school district or to teach long term.

There are some possible methodological limitations with this study as well. In particular, the
key assumption of PCA is that the construct being measured is unidimensional, and PCA will
calculate the scores based on this assumption. However, it is possible that the constructs of interest
are indeed multidimensional, leading to either mismeasurement of the construct of interest or loss
of important alternative support dimensions. A more refined approach to measurement could help
to assess the overall dimensionality of the constructs and to develop (multiple) measures that reflect
these findings.

Considering all these previous studies together, it becomes clear that more work is needed
to understand both the kinds of teaching supports that early career teachers experience during
their first years of teaching and how these teaching supports vary across them. In this chapter, I
develop and validate a framework for teaching supports available to early career teachers. In this
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framework, I focus on four types of teaching supports for early career teachers: opportunities for
professional learning & development, mentoring cycles of classroom observation and feedback,
evaluative feedback on teaching practice as part of the formal teacher evaluation process, and the
general working conditions at each school site.

This chapter makes several contributions to our current understanding of early career teachers’
experiences and the teaching supports that they receive. On the theoretical side, my work builds
upon recent research (Redding et al., 2019; Smith et al., 2018) suggesting that teaching supports
play an important role in early career teachers’ instructional improvement and retention. For ex-
ample, I measure the extent to which teachers found the professional learning activities in which
they participated helpful for their development instead of observing whether they were offered
professional development at their school. My teaching supports focus on the instructional systems
that early career teachers experience has the potential to identify high leverage supports that can be
used to develop further interventions or experiments. Moreover, focusing on early career teachers
can help better identify the factors that contribute to the development of teaching practice by in-
vestigating the time of a teacher’s career during which these factors could have the greatest impact.
If we assume teaching supports influence teaching practice, we can also expect that early career
teachers might benefit most from receiving these teaching supports, as their teaching practice is
likely less developed and more malleable.

In addition, my work adds to our understanding of how teaching supports relate over time to
teacher learning at different stages of the early career period. Most prior studies have relied on
cross-sectional samples of teachers from either the SASS/TFS studies (e.g., Kang and Berliner,
2012; Ronfeldt and McQueen, 2017; Smith and Ingersoll, 2004) or self-collected samples from
one specific states (e.g., Auletto, 2021; Wechsler et al., 2012). My work, instead, leverages a
longitudinal survey program in Tennessee and develops measures for teaching supports over time
for the same group of teachers. This opens up new methodological approaches (and potential
challenges) to data analysis that are not possible with cross-sectional data.

On the practical side, there have been many calls to increase the supply of new teachers in
response to projected teacher shortages, especially in STEM subjects (Ingersoll & Merrill, 2012;
Sutcher et al., 2016a, 2016b). Increasing the number of new teachers entering the teaching work-
force is only part of the solution to teacher shortages, as the retention of new teachers remains an
ongoing problem (Guarino et al., 2006). Given the importance of retaining teachers, it is critical to
identify the specific types of teaching support that predict higher retention rates. Developing better
measures for induction supports in this chapter will allow me to also later test which ones predict
retention and instructional effectiveness, thus offering important guidance for policy and practice
reforms.

Finally, there is surprisingly little evidence on how teaching supports for early career teacher
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vary across teachers and schools. For example, Ronfeldt and McQueen (2017) is one of the few
studies to report how the induction supports that SASS respondents reported receiving correlate
with both their own personal characteristics and their school environments. In detail, they found
that Black teachers, teachers working with more students identified as limited English proficient, or
teachers working in smaller schools were more likely to report receiving more induction supports
than their peers. While not directly reporting on variation of induction supports across teachers
and schools, Wechsler et al. (2012) found that student achievement and teacher employment deci-
sions are related to the school context that teachers experienced instead of the induction supports
that they received. Similarly, Moore Johnson et al. (2012) and Hammerness and Matsko (2012)
argued that school context that teachers experience matters for their satisfaction, leading to down-
stream effects on their students’ achievement and teachers’ employment decisions. Therefore, it is
important to understand how and to what extent my measures of types of teaching supports vary
between teachers and schools characteristics. These analyses can inform our understanding of to
whom teaching supports are made available and which school settings are more supportive for
early career teachers.

Research Questions

The goals of this chapter are two-fold. First, I develop measures of teaching supports using
a state-wide, longitudinal survey program. Second, I explore the variation in these measures in
content areas, schools, and districts to describe the existing variation in these teaching supports
that I can leverage in subsequent analyses.

Specifically, I ask these research questions:

RQ1. What measures for types of teaching supports can be developed using state-wide survey
data?

RQ2. What are the psychometric properties of these measures of types of teaching supports?

RQ3. What is the variation in these types of teaching support measures in relation to teacher,
school, and district characteristics?

Methods

In this section, I describe methods for developing, estimating, and validating measures for latent
constructs for teaching supports that I previewed in the introduction. Then, I describe the methods
to explore the variation in these measures between individual teachers, schools, and districts.
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Research Context

Data for this chapter comes from the State Longitudinal Data System (SLDS) in Tennessee.
These data bring together multiple data sources and give access to the universe of students and
teachers present in Tennessee’s public schools. I use multiple SLDS datasets to develop measures
for the teaching supports available to early career teachers.

The Tennessee Educator Survey (TES) includes teacher survey responses to multiple yearly
questionnaires. The Tennessee Department of Education has surveyed Tennessee teachers annu-
ally since 2012. The survey consists of a core set of questions that all respondents complete and
a set of optional modules that are assigned depending on respondent’s characteristics (e.g., teach-
ers with fewer than three years of experience complete the early career module or teachers who
moved schools complete the workforce module). The core module and the optional modules un-
dergo annual revisions and additions, leading to questions changing year-to-year between survey
administrations to address new data collection needs and revise unclear questions.

The Personnel Information Reporting System (PIRS) is an administrative dataset that includes
information about teachers’ years of experience, school assignment, and other personal character-
istics. These data are the main source of student, teacher, and school characteristics.

Sample

Table 4.1 reports the number of TES respondents for which I can calculate at least one factor
score across academic years. In total, I calculate at least one factor score for 188,880 teacher-year
observations, representing 32.4% of all teachers in my panel. When focusing on response patterns
over time, the number of factor scores that I can calculate increases over time, starting from 14,839
responses (or 18.3%) in 2012 and ending at 35,754 responses (or 42.7%) in 2018. This pattern is
because of the survey questions I selected and changes to their assignment to submodules in the
early administrations of the survey and to the core teacher module in later administrations.

Table 4.2 reports the same counts by teachers’ years of experience. The distribution of responses
is more evenly distributed over teacher experience. On average, I can calculate at least one factor
score for 33% of the teachers with two or more years of experience. Response rates for teachers
with fewer than 2 years of experience are somewhat lower; I can calculate factor scores for 22.5%
of first-year teachers and 29.3% of teachers with one year of experience.

Table 4.3 reports the characteristics of the survey respondents and compares this group with
other teachers who have not responded. Overall, I find that survey respondents are significantly
different from non-respondents both on their personal characteristics and in the schools where they
work. Compared with non-respondents, survey respondents are 5.4 percentage points (p.p.) more
likely to be women, 11 p.p. more likely to be White, about one year older, about one year more
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Table 4.1: Survey Response Counts over Time

Year Respondents Total Teachers Percentage

2012 14,839 81,070 18.3%
2013 21,037 83,146 25.3%
2014 22,536 82,862 27.2%
2015 32,820 84,982 38.6%
2016 28,169 84,471 33.3%
2017 33,715 83,561 40.3%
2018 35,764 83,682 42.7%
Total 188,880 583,774 32.4%

Table 4.2: Responses by Years of Experience

Years of Experience Respondents Total Teachers Percentage

0 9,489 42,230 22.5%
1 10,509 35,860 29.3%
2 9,810 31,070 31.6%
3 9,036 27,511 32.8%
4 8,483 25,533 33.2%
5 7,827 23,844 32.8%
6 7,458 22,393 33.3%
7 7,192 21,400 33.6%
8 7,129 20,810 34.3%
9 7,051 20,376 34.6%

10 104,896 312,747 33.5%
Total 188,880 583,774 32.4%
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Table 4.3: Differences Between Survey Respondents and Non-Respondents

(1) (2) (3) (4) (5)
Variable All Resp. Non-Resp. Diff. E.S.

Panel A: Teacher Characteristics
Women 0.785 0.807 0.753 0.054 0.13∗∗∗

Asian 0.006 0.005 0.007 -0.002 0.023
Black 0.158 0.132 0.194 -0.063 0.172
Hispanic 0.073 0.075 0.070 0.005 0.01∗∗

Native American 0.002 0.002 0.002 0.001 0.01∗∗

Pacific Islander 0.002 0.002 0.002 0.000 0.009
White 0.861 0.908 0.795 0.114 0.33∗∗∗

Other 0.047 0.028 0.073 -0.045 0.212
Age 44.404 44.823 43.780 1.043 0.08∗∗∗

Years of Experience 6.905 7.549 6.019 1.530 0.41∗∗∗

Mathematics 0.057 0.058 0.056 0.002 0.008
Science 0.055 0.053 0.058 -0.004 0.019
Special Education 0.141 0.138 0.147 -0.009 0.027
Elementary 0.716 0.763 0.652 0.111 0.24∗∗∗

English Language Arts 0.264 0.250 0.284 -0.034 0.076
N 121,150 70,118 51,032
Panel B: School Characteristics
Girls 0.484 0.483 0.485 -0.002 0.059
Boys 0.516 0.517 0.515 0.002 0.05∗∗∗

Asian 0.020 0.019 0.021 -0.001 0.050
Black 0.272 0.231 0.330 -0.099 0.339
Hispanic 0.090 0.086 0.095 -0.009 0.091
Native American 0.003 0.003 0.003 0.000 0.08∗∗∗

Pacific Islander 0.002 0.002 0.002 0.000 0.03∗∗∗

White 0.613 0.658 0.548 0.109 0.34∗∗∗

English Language Learners 0.106 0.101 0.114 -0.013 0.098
Free or Reduced-Price Lunch 0.489 0.487 0.493 -0.006 0.026
Immigrant 0.022 0.019 0.027 -0.008 0.187
Migrant 0.001 0.001 0.001 0.000 0.07∗∗∗

Special Education 0.168 0.170 0.164 0.007 0.09∗∗∗

Gifted or Talented 0.017 0.018 0.017 0.001 0.04∗∗∗

N 118,320 70,079 48,241

Notes. School characteristics report the percentage for each variable.
Joint tests of significance (teacher characteristics χ2(15) = 9881.628, p < 0.01 and school charac-

teristics χ2(13) = 4228.289, p < 0.01).
Robust standard errors in parentheses. ∗ p < 0.05 ∗∗ p < 0.01 ∗∗∗ p < 0.001
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experienced, and 11 p.p. more likely to be elementary school teachers. When focusing on the
schools where they work, I find that survey respondents work in schools with more White students
(by 11 p.p.), fewer Black students (by 9.9 p.p.), and fewer English Language Learners (by 1.3 p.p.).
It is worth noting here that, while there are significant differences in other school characteristics,
point estimates and effect sizes are small enough (i.e., fewer than 1 p.p.) for these differences to
be considered negligible.

Teaching Supports Measure Development

I developed the teaching support measures in three stages that involved both qualitative and
qualitative methods. First, I selected survey items for their potential to measure teaching supports.
The survey instruments were designed to collect data on a variety of topics, with later instruments
including more than one thousand survey items over several modules. During this first part of
the analysis, I read and selected items that could relate to teaching supports. Second, I used Ex-
ploratory Factor Analyses (EFA) to further select survey items and develop potential sub-factors
for each teaching support. Third, I used Confirmatory Factor Analyses (CFA) to confirm the factor
structure for each teaching support and estimate model fit indices for each sub-factor. I provide
more detail for each step in the following sections.

Survey Item Selection

The first stage in the development of latent factors involved identifying and selecting survey
questions administered between 2012 and 2018 that could relate to experiences with teaching sup-
ports. These questions came from two, related surveys: the First to the Top (FTTT) survey admin-
istered between 2012 and 2014 and the Tennessee Educator Survey (TES) administered starting
2015. I read each survey and selected potential survey questions that asked for experiences with
and views of teaching supports that teachers received during the school year. In this phase, I fo-
cused on questions that were either part of the teacher core module or submodules intended for
teachers. For example, I excluded survey questions assigned to school administrators or other
teaching support (e.g., school counselors). This identified roughly 600 questions across seven
years of survey administrations for further processing.

I then matched questions over the different survey administration years. This process allowed
me to match similar survey items while still accommodating year-to-year variation in item word-
ing (e.g., addition or removal of some text). I started from the last survey administration year
(i.e., 2018) and worked backwards. For each administration year, I used a machine learning
method (i.e., natural language processing, NLP) to compare the item text content and to match
it to the survey items that had the same content but not necessarily the same wording. I processed
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each survey item and calculated its textual distance from all survey items in the previous survey
administration. I then classified as “matching” those survey items with textual distances above a
given threshold—one that would allow for enough differences between two matched items while
still minimizing mismatches of unrelated items. This process identified 108 overall survey items
across survey administrations that I use in the later steps.

Measure Development

I then developed latent factors measuring early career teachers’ professional experiences using
psychometric scale development methods (Worthington & Whittaker, 2006) starting from the set
of survey items discussed above. All analyses were carried out with Mplus 8.7.

Psychometrics offers a set of statistical methods used to develop and validate measures for un-
observed latent factors. First, I randomly assigned TES respondents to two sub-samples. I checked
for balance on observed respondent characteristics (e.g., teacher preparation program, student, and
school characteristics) to ensure that observed differences between the two sub-samples. These re-
sults suggested that there were no differences between the two samples in the observed variables.
During this phase, I also estimated traditional measures of reliability and internal consistency (i.e.,
alpha and inter-item correlation) to assess whether my proposed items could form scales. All
measures suggested adequate to good estimates for each subfactor.

After this preliminary step, I fit an exploratory factor analysis (EFA) for each survey administra-
tion year. EFAs allow for the exploration of how items are related to latent factors without making
assumptions about the dimensionality of the measure (i.e., the number of sub-factors) or the rela-
tionships among the items. I used a weighted least square mean and variance adjusted (WLSMV)
estimator with geomin rotation. The WLSMV estimator is appropriate when conducting an EFA
with latent variables (Preacher & MacCallum, 2003) when declaring all survey items as categori-
cal variables (Bollen, 1989).1 I used an oblique rotation as it does not assume that sub-dimensions
of teaching supports would be independent of each other. Said in another way, oblique rotations
allow for sub-factors to be correlated with each other instead of imposing independence among the
factors that the EFA extracts. I used a geomin2 oblique rotation. This rotation provides a solution
that minimizes the products of the variables’ loadings (Haig, 2018) and this leads to a rotated so-
lution like a solution from a confirmatory factor analysis. During this phase, I retained items that
had loadings greater than 0.40 and without significant cross-loading on sub-factors (Worthington
& Whittaker, 2006). I ran all these analyses on a random subsample of respondents (i.e., the EFA

1The assumption here is that there is a latent unobserved continuous variable that manifest itself in the categorical
response variable. As an example, we could use a water bottle to try to measure the temperature of a room. The
temperature is a continuous variable, but we would only observe whether the water in the water bottle is ice, liquid, or
steam.

2Geomin is a specific case of the quartimin rotation that is only implemented in Mplus.
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subsample). I handled missing data using pairwise correlations, which is typical for the WLSMV
estimator (Muthen et al., 2015).

For each survey administration year, I estimated different EFAs with an increasing number of
sub-factors, starting from 1 and adding as many factors as the number of items allowed (usually
this was between 2 and 4 additional factors). I compared the various EFA solutions to balance
model parsimony with the information extracted from the items. Intuitively, a one-factor solution
is the most parsimonious solution, but it could disregard much of the variance in the items. On the
other hand, a solution with as many factors as items captures the full variance in the items but does
not offer any data reduction.

There are multiple ways to assess which EFA solution is the preferred factor structure. Tradi-
tionally, the Kaiser-Meyer-Olkin (KMO) test and the Bartlett’s test of sphericity have been used
to assess whether a set of items is suitable for factor analysis (P. Kline, 2014). However, these
tests do not assess how well the EFA results fit the data, but only assess whether the items could
be synthesized using a factor analysis. For this reason, I used the EFA scree plots alongside each
model fit indices to decide which factor structure best represents the items. The scree plots are
useful for visually inspecting the factor analysis eigenvalues and to find the point of scree. This
point qualitatively identifies the ideal number of factors that balance the amount of variance ex-
tracted and the parsimony of factors. Model fit indices assess how well the proposed EFA model
fits the item variance/covariance matrix (R. B. Kline, 2015). Current best practice is to report five
fit indices to assess the goodness of fit of a model; each one provides slightly different information
about model fit (Hu & Bentler, 1999; Marsh et al., 1988; Sivo et al., 2006). Fit indices are divided
into two classes: absolute and incremental. Absolute fit indices assess the proposed model’s depar-
ture from the perfect fit. A good fitting model has absolute fit indices below the accepted cut-off
values (i.e., chi square statistics not significant, root mean square error of the approximation or
RMESA < 0.06, and standardized root mean residual or SRMR < 0.05, Hu and Bentler, 1999).
Incremental fit indices measure how well the proposed model reflects the best possible model. A
good fitting model has incremental fit indices above accepted cut-off values (i.e., comparative fit
index or CFI and Tucker-Lewis index or TLI > 0.95 Hu and Bentler, 1999). All CFAs used the
WLSMV estimator for consistency with the EFA analyses.

Validity Assessment

After I extracted the potential sub-dimensions for teaching supports, I used a series of confir-
matory factor analyses (CFA) to test whether the factor structures extracted during the EFA are
replicable in a new sample of FttT/TES respondents using the second random sample of respon-
dents that I selected during phase one. The CFA framework provides a robust set of statistical tools
to assess the internal validity and reliability of a measure. These analyses make the complementary
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assumptions to an EFA as they assume a factor structure and assess its fit to the available data.
I ran separate CFAs for each survey administration year and data availability group. This choice

is a compromise between the ideal situation where all survey items are considered as part of the
same factor analysis and the computational limitations with working with a large set of survey
items and missing data patterns. Ideally, it is preferable to use a single CFA as this would estimate
the full variance/covariance matrix among all survey items. In my case, this would result in a
matrix of size 108 with roughly 12,000 covariance pairs, which makes this CFA unfeasible with the
computational capacity I have access to. As a compromise, I have fit separate CFAs for each survey
administration year and data availability group, leading to more manageable CFAs at the cost of
making some assumptions about the covariance structure of the items. That is, fitting separate
CFAs for each type of teaching supports is equivalent to assuming that there is no covariance with
items that I categorized under different types of teaching supports.

Then, I calculated fit indices for all the CFAs. Recently, there have been some concerns with
using traditional fit indices calculated using one sample of respondents (Maydeu-Olivares, 2017;
Ximénez et al., 2022). I use a bootstrap procedure to address—at least partially—these concerns.
This bootstrap procedure is preferable as fit indices estimate CFA fit to a specific sample, and they
could be sensitive to sample selection bias. Bootstrapping (or resampling) can attenuate the risk of
overstating the goodness of fit to a specific sample by estimating fit indices variation over multiple
synthetic samples. In more detail, I used a bootstrap procedure to resample with replacement from
the set of survey respondents. For each CFA, I drew 20 different samples and saved the fit indices
for each draw. Finally, I report the distribution of these fit indices, using the median as the most
likely value for each fit index.

Overall Teaching Supports Measure. Prior work has also treated teaching supports as a single
construct, both theoretically (e.g., Glazerman et al., 2010; Isenberg et al., 2009) or methodolog-
ically (e.g., Ronfeldt, 2012). These single measures usually capture the intensity of a teacher
induction program, like in the case of Glazerman et al. (2010)’s evaluation of a comprehensive
teacher induction program, or as the overall number of induction supports that early career teach-
ers received, like in Ronfeldt and McQueen (2017). To make my measures of teaching supports
more comparable to this prior work, I developed a measure for the overall teaching supports that
teachers report receiving. I developed this measure by combining the individual types of teaching
support measure together in a single CFA for each survey administration year. Conceptually, this
is similar to running a principal component factor analysis on the types of teaching supports I de-
veloped and taking the first component of them. I still report the same fit indices for this measure
of the overall teaching supports as I described above for the individual types of teaching support
measures.

91



Results

In this section, I first review the results of development and validation of the teaching support
measures. I then describe the variation in scores at the teacher, school, and district levels.

Measure Development and Validity Assessment

Exploratory Factor Analysis

The results of my initial EFAs eliminated some survey items that did not fit the estimated factor
structure and identified four types of teaching supports suggested four types of teaching supports
emerging from the survey items: professional learning & development, mentoring, evaluative feed-
back, and working conditions. The estimates of internal consistency for each of these types of
teaching supports are presented in Table 4.4. Each column of the table reports the internal consis-
tency estimates for one specific teaching support type, each row reports the estimates for the same
survey administration year, Panel A reports estimates of the alpha coefficients for each construct
and administration year, and Panel B reports the estimates of the inter-item correlation coefficient.
Scanning the alpha coefficient estimates in Panel A, the minimum value is 0.741 and the maximum
value is 0.965, with average values across all survey administration years above 0.800. These esti-
mates suggest good internal consistency of the items that I selected for each teaching support type
(Streiner, 2003). Another way to assess the internal consistency of a set of items is calculating
the inter-item correlation coefficient (IIC). I report these estimates in Panel B. The minimum IIC
coefficient is 0.240 and the maximum is 0.733, with all averages above 0.471. Although these es-
timates still show good internal consistency for each measure, they might also suggest redundancy
of survey items for some scales (R. B. Kline, 2015).

Confirmatory Factor Analysis

I then used confirmatory factor analysis (CFA) to assess the internal structure of each sub-
measure. Appendix Table A.3 reports factor loadings, sub-factors correlations, and item error
correlations (when included in the analysis) for all CFAs. First, all factor loadings were significant,
indicating that all survey items were related to the teaching support sub-factors I assumed they
measured. Second, the average factor loading across all survey administrations is 0.741, suggesting
good average loadings. Moreover, this average could be seen as a reliability estimate (Raykov,
1997), suggesting adequate average reliability for my measures.

Another way to assess model fit is through fit indices. The bootstrap fit indices for each CFA
are reported in Table 4.5. I calculated these indices by estimating 20 CFAs, each on a bootstrapped
sample from the original survey respondents. Each row in the table reports the mean fit index
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Table 4.4: Internal Consistency Estimates

(1) (2) (3) (4)
PL&D Eval. Feedback Work Cond. Mentoring

Panel A: Internal Consistency (Alpha Coefficient)
Average 0.874 0.847 0.800 0.914
2018 0.921 0.866 0.741 0.912
2017 0.902 0.814 0.784 0.916
2016 0.909 0.865 0.869 0.941
2015 0.871 0.899 0.808 0.889
2014 0.905 0.794
2013 0.851 0.866
2012 0.760 0.823
Panel B: Inter Item Correlation (IIC)

Average 0.471 0.587 0.501 0.670
2018 0.538 0.617 0.588 0.720
2017 0.605 0.421 0.475 0.733
2016 0.714 0.478 0.486 0.728
2015 0.458 0.641 0.457 0.499
2014 0.404 0.491
2013 0.342 0.763
2012 0.240 0.699
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from all bootstrapped repetitions and the minimum and maximum values in brackets. Four sepa-
rate estimates of fit are reported: the mean square error of the approximation root (RMSEA), the
Tucker-Lewis index (TLI), the comparative fit index (CFI), and the standardized root mean resid-
ual (SRMR). Customarily, it is preferred to have RMSEA values less than 0.05, TLI/CFI values
greater than 0.95, and SMRM values less than 0.05 (Fan & Sivo, 2007; Hu & Bentler, 1999). Each
column in the table reports the fit indices for separate survey administration years. Each panel of
the table reports the fit indices for each teaching support (Panels A through C) and a factor analysis
where all teaching supports are combined in a single measure of overall teaching supports (Panel
D).

Scanning the results, all TLI/CFI values are above the customary cutoff value suggesting that
the factor structure identified in the first stage of these analyses (i.e., the EFA) have identified an
appropriate factor structure for the survey response patterns I observe.3 Conversely, the RMSEA
and SRMR estimates suggest that later survey administration years are a better fit to the data than
earlier ones. Survey administrations from the Tennessee Educator Survey (TES) appear to be
consistently a good fit to the data while earlier administrations of the First to the Top (FttT) survey
might have less than ideal fit, suggesting possible heterogeneity in the survey responses either at
the item level or across respondents’ sub-groups.4 This intuition also suggests that the year-to-year
updates to the survey items could have helped with refining and refusing the survey items over
time, leading to earlier survey items to have less than ideal psychometric properties.

Moving on to the fit indices for the combined measure of teaching support presented in Panel
D, the fit indices suggest that a single combined measure of overall teaching supports might not
be a good fit to the data, as all fit indices across all survey administration years do not meet the
customary cutoff values for even decent fit of this overall measure to the data. In other words,
while this measure of overall teaching supports extracts the principal component of the various
types of teaching supports, the CFA results suggest that this overall measure does not fully capture
the multidimensional nature of the teaching supports factors. The individual measure types still
have independent variation that is not accounted for in the overall measure.

Appendix Table A.3 reports the final factor structure, factor loadings, factor covariances, and
error term covariances.

Measure Heterogeneity over Teacher, School, and District Characteristics

In this section I explore the potential heterogeneity in teaching supports by teachers, schools,
and districts. Table 4.6 reports the results of the variance decomposition for each teaching support
measure in each column along the four nesting levels in each row: local education agencies (LEAs),

3TLI and CFI are measures of global fit assessing the fit of the overall factor structure to the data.
4RMSEA and SRMR are measures of local fit assessing how well each item measures the proposed latent factor.
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schools, teachers, and yearly scores. I report two related coefficients for each level. The first is the
amount of variance explained in each measure at each level; the second is the percent of variance
explained at each level in brackets.

Variance Decomposition

In general and across most factors, the variation in teaching support scores I observe among
teachers is about ten times the variation that I observe among schools and forty times the variation
I observe among LEAs. Moreover, about half of the overall variation in scores is explained by the
residual term, which captures changes from year to year in teaching supports or other unobserved
contributions to these scores beyond the nesting of observations within teachers, schools, and
LEAs.

Three patterns emerge when comparing differences in variance explained in each teaching sup-
port measure. First, the measure for mentoring has the greatest amount of year-to-year variation
among the factors measured, suggesting that scores on this measure are less stable within the same
teacher than others. Second, the measure for professional learning & development has the high-
est between-teachers variation, suggesting that this measure might be more stable than the others
within the same teacher. Third, variance patterns in the overall teaching supports factor appear to
mostly follow variance patterns in the other four factors, suggesting that this aggregate measure of
teaching support might still be informative despite its poor psychometric properties.

Teacher-Level Covariates. Table 4.7 reports the heterogeneity of the measures across teacher
characteristics. Moving across the table rows, I find heterogeneity in the average teaching sup-
ports that pre-tenure teachers (i.e., teachers in their first two years of teaching) and tenure eligible
(i.e., teachers in their third to fifth years of teaching) report when compared to more experienced
teachers. Consistent with what we might expect, I find that, on average, pre-tenure teachers report
receiving higher levels of all four kinds of supports, with professional learning & development
and evaluative feedback having the highest scores and mentoring and working conditions the low-
est. At the same time, tenure eligible teachers report receiving less support across most teaching
supports types, from roughly a third to a half of the amount reported by early career teachers. I
observe the greatest difference in teaching supports between pre-tenure and tenure eligible teach-
ers for working conditions, with this measure decreasing in magnitude by about two-thirds when
comparing the average reported by pre-tenure and tenure eligible teachers.
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Table 4.7: Teaching Supports Heterogeneity along Teacher Characteristics

(1) (2) (3) (4) (5)
PL&D Mentoring Eval. Feed. Work Cond. Overall

Pre-Tenure 0.278∗∗∗ 0.134∗∗∗ 0.261∗∗∗ 0.119∗∗∗ 0.303∗∗∗

(0.007) (0.006) (0.006) (0.008) (0.007)
Tenure Eligible 0.086∗∗∗ 0.045∗∗∗ 0.095∗∗∗ 0.026∗∗ 0.100∗∗∗

(0.006) (0.006) (0.006) (0.008) (0.007)
Woman -0.019∗∗ -0.019∗∗ 0.004 -0.086∗∗∗ -0.011

(0.007) (0.006) (0.007) (0.009) (0.008)
Asian -0.027 0.018 -0.068 0.039 -0.050

(0.047) (0.043) (0.046) (0.059) (0.050)
Black 0.198∗∗∗ 0.054∗∗∗ 0.121∗∗∗ 0.036∗∗ 0.163∗∗∗

(0.010) (0.009) (0.010) (0.013) (0.010)
Hispanic/Latino 0.067∗∗ 0.010 0.051∗ -0.081∗∗ 0.061∗

(0.026) (0.021) (0.026) (0.027) (0.027)
Native American -0.089 -0.139∗ -0.130 -0.343∗∗∗ -0.157

(0.082) (0.068) (0.081) (0.094) (0.088)
Pacific Islander 0.147 0.106 0.201∗ 0.096 0.198

(0.101) (0.091) (0.099) (0.125) (0.108)
Other -0.013 -0.008 0.011 -0.001 -0.034

(0.173) (0.138) (0.174) (0.181) (0.185)
Constant 0.122∗∗ 0.085∗∗ 0.047 0.227∗∗∗ 0.104∗

(0.038) (0.032) (0.037) (0.045) (0.042)
Endorsement Controls Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes
Peer Controls Yes Yes Yes Yes Yes
Random Effects Yes Yes Yes Yes Yes
N 167,307 103,237 167,307 103,237 168,594

Notes. All regressions in this table are 4-level multilevel models nesting teacher-year teaching support mea-
sures in teachers, schools, and school districts. School controls include the log number of students, stan-
dardized percentages of student demographic characteristics, standardized percentage of students identified
as English Language Learners, students eligible for free or reduced priced lunch, students eligible for special
education services or gifted and talented education. Peer controls include standardized measures of peers who
are women, peers who identify with a specific racial/ethnic identity group, average peer years of teaching ex-
periences, and peer teaching supports average.
Standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 4.8: Teaching Supports Heterogeneity along Teacher Endorsement Areas

(1) (2) (3) (4) (5)
PL&D Mentoring Eval. Feed. Work Cond. Overall

Elementary 0.017 0.000 0.021∗ 0.009 0.019∗

(0.009) (0.007) (0.008) (0.010) (0.009)
Math -0.109∗∗∗ -0.059∗∗∗ -0.073∗∗∗ -0.085∗∗∗ -0.097∗∗∗

(0.014) (0.012) (0.014) (0.017) (0.015)
Science -0.116∗∗∗ -0.040∗∗∗ -0.119∗∗∗ -0.087∗∗∗ -0.136∗∗∗

(0.014) (0.012) (0.013) (0.017) (0.015)
ELA -0.023∗∗ -0.018∗ -0.016 -0.022∗ -0.020∗

(0.009) (0.008) (0.008) (0.011) (0.009)
Sp. Ed. 0.007 -0.003 -0.004 0.002 0.005

(0.010) (0.009) (0.010) (0.013) (0.011)
Multiple Cred. 0.015 0.023∗ 0.007 0.034∗ 0.010

(0.011) (0.010) (0.011) (0.014) (0.012)
Constant 0.122∗∗ 0.085∗∗ 0.047 0.227∗∗∗ 0.104∗

(0.038) (0.032) (0.037) (0.045) (0.042)
Teacher Characteristics Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes
Peer Controls Yes Yes Yes Yes Yes
Random Effects Yes Yes Yes Yes Yes
N 167,307 103,237 167,307 103,237 168,594

Notes. All regressions in this table are 4-level multilevel models nesting teacher-year teaching support measures
in teachers, schools, and school districts. School controls include the log number of students, standardized
percentages of student demographic characteristics, standardized percentage of students identified as English
Language Learners, students eligible for free or reduced priced lunch, students eligible for special education
services or gifted and talented education. Peer controls include standardized measures of peers who are women,
peers who identify with a specific racial/ethnic identity group, average peer years of teaching experiences, and
peer teaching supports average.
Standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Teaching Supports Heterogeneity

Teacher Characteristics. Table 4.7 reports the heterogeneity of the teaching support measures
over teacher characteristics. I find mixed results for differences between men and women in the
teaching supports they report receiving. Only the mentoring coefficient is negative and significant,
suggesting that women receive less mentoring. All others are not statistically significant, sug-
gesting no differences between genders. Moving to race/ethnicity, Black teachers report receiving
more support than their peers across all my teaching support measures. However, the coefficients
for Hispanic/Latino teachers and Native American teachers are mostly negative and significant,
suggesting that these groups of teachers report fewer teaching supports, except for teaching sup-
ports related to evaluative feedback.

Table 4.8 reports the heterogeneity of teaching supports across teacher endorsement areas. I find
that teachers who are endorsed in mathematics, science, or English language arts report receiving
lower levels of teaching supports than their colleagues. Teachers endorsed in other subjects/grades
(i.e., elementary education or special education) or that hold multiple credentials report receiving
similar teaching supports as the average teacher in the state.

School-Level Student Characteristics. Table 4.9 reports the heterogeneity of the instructional
measures across student characteristics. Looking at school-level average student characteristics, I
find that teachers who work at larger schools report lower level of support than their peers working
at smaller schools, with an increase in one percent in the number of students corresponding to
a decrease of about 0.03 standard deviations in teaching support measures. Teachers working in
schools serving more Black or Hispanic/Latino, or students eligible for free or reduced price lunch
report lower level of support than their peers. On the other hand, teachers who work with more
gifted or talented students report more support than their peers do. Working in schools with more
students eligible for other special education services is unrelated to the levels of supports that
teachers report receiving.

Peer Teacher Characteristics. Previous work found that the settings in which teachers learn
to teach make a difference in their later outcomes (Ronfeldt, 2012; Ronfeldt et al., 2015). It
is possible that different settings might influence early career teachers’ development differently.
For this reason, I calculate average of peer characteristics and of teaching supports scores and
include them in the regression. Table 4.10 reports the results of these analyses. Focusing on peer
characteristics, I find that teachers who work in schools with more women and more experienced
teachers report receiving higher levels of teaching supports. In contrast, teachers who work with
more teachers who identify as Black, Hispanic, Latino, or other minoritized racial/ethnic identity
groups report receiving less teaching supports.

100



Table 4.9: Teaching Supports Heterogeneity along School Characteristics

(1) (2) (3) (4) (5)
PL&D Mentoring Eval. Feed. Work Cond. Overall

log(N students) -0.025∗∗∗ -0.016∗∗∗ -0.018∗∗ -0.031∗∗∗ -0.024∗∗∗

(0.006) (0.005) (0.005) (0.007) (0.006)
Asian % (std) -0.005 0.002 -0.005 0.005 -0.007

(0.004) (0.003) (0.004) (0.004) (0.004)
Black % (std) 0.011 0.003 -0.001 -0.012 0.002

(0.008) (0.006) (0.007) (0.009) (0.008)
Hisp./Lat. % (std) -0.004 -0.006 -0.007 -0.016∗∗ -0.007

(0.005) (0.004) (0.005) (0.006) (0.006)
Native Am. % (std) 0.003 0.004 0.000 0.004 0.001

(0.003) (0.003) (0.003) (0.004) (0.003)
Pacific Isl. % (std) 0.006 0.000 0.004 0.004 0.007

(0.004) (0.004) (0.004) (0.006) (0.004)
ELL % (std) -0.003 -0.006 -0.001 -0.007 -0.001

(0.005) (0.004) (0.005) (0.006) (0.005)
FRPL % (std) -0.008∗ -0.011∗∗ -0.012∗∗ -0.017∗∗∗ -0.014∗∗∗

(0.004) (0.003) (0.004) (0.005) (0.004)
Sp. Ed. % (std) 0.006 0.002 0.006 -0.000 0.007

(0.004) (0.004) (0.004) (0.005) (0.004)
Gifted % (std) 0.007∗ 0.005 0.007∗ 0.009∗ 0.009∗

(0.003) (0.003) (0.003) (0.004) (0.004)
Constant 0.122∗∗ 0.085∗∗ 0.047 0.227∗∗∗ 0.104∗

(0.038) (0.032) (0.037) (0.045) (0.042)
Teacher Controls Yes Yes Yes Yes Yes
Peer Controls Yes Yes Yes Yes Yes
Random Effects Yes Yes Yes Yes Yes
N 167,307 103,237 167,307 103,237 168,594

Notes. All regressions in this table are 4-level multilevel models nesting teacher-year teaching support
measures in teachers, schools, and school districts. Teacher controls include indicators for career stage,
demographic characteristics, and subject endorsements. Peer controls include standardized measures of
peers who are women, peers who identify with a specific racial/ethnic identity group, average peer years of
teaching experiences, and peer teaching supports average.
Standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Focusing on peer teaching support measures, I find that these peer teaching support measures
are weakly predictive of teachers’ own scores for all teaching support measures. This finding
could suggest that individual experiences with teaching supports might still be independent of
what others at the same school experience. However, the point estimates suggest that the working
conditions experienced by individual teachers are strongly related to the average working condi-
tions that their peers reported. The same relationships for the other three types of teaching supports
have similar in sign but smaller in magnitude point estimates, suggesting that working conditions
that individual teachers experience are more strongly related to their peers’, while other types of
teaching supports are more individualized to each teacher.

Discussion

Every teacher was a new teacher at some point of their career. For this reason, there has long
been an interest in understanding how to best support the development of teaching practice during
the early career. Prior work on this topic has shown that most new teachers participate in some
sort of induction program. However, it is not clear how these induction programs help with the
development of practice or about the overall variation in these teaching supports throughout the
teacher population. In this chapter, I developed a new set of measures for teaching supports using
teacher survey data from Tennessee, and then I found variation in these measures across teacher
and school characteristics.

Teaching Supports Measures

The factor structure I extract and validate in this chapter highlights several properties of my
measures of teaching supports. First, I found that one general factor for overall teaching supports
is a worse fit to the data than separate latent factors for each type of teaching supports. This
suggests that teachers report enough variation in each survey across the teaching supports types to
warrant different factors rather than a single combined measure for overall support.

This result is in line with recent work that has tried to develop multidimensional measures for
teaching supports (Auletto, 2021; Smith et al., 2018) and a break from prior work that relied on
combined measures of support intensity (e.g., Ronfeldt and McQueen, 2017). Moreover, these
results suggest that multidimensional measures of teaching supports can be developed from ex-
isting data collection efforts if the survey instruments are rich enough to measure variation along
multiple dimensions. Both the FttT and TES instruments included enough survey items to iden-
tify questions that measure multiple dimensions of teaching supports. This is in contrast to, for
example, the SASS survey instruments that only included less than ten questions about induction
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Table 4.10: Teaching Supports Heterogeneity along Peer Characteristics

(1) (2) (3) (4) (5)
PL&D Mentoring Eval. Feed. Work Cond. Overall

Peer Women (std) 0.012∗∗ 0.012∗∗∗ 0.017∗∗∗ 0.010∗ 0.018∗∗∗

(0.004) (0.003) (0.004) (0.004) (0.004)
Peer Asian (std) 0.008 -0.002 0.003 -0.001 0.004

(0.005) (0.005) (0.005) (0.007) (0.006)
Peer Black (std) -0.018∗ -0.021∗∗ -0.017∗ -0.028∗∗ -0.019∗

(0.008) (0.007) (0.007) (0.010) (0.008)
Peer Hisp./Lat. (std) -0.006∗ -0.007∗∗ -0.010∗∗ 0.001 -0.012∗∗∗

(0.003) (0.003) (0.003) (0.003) (0.003)
Peer Native (std) 0.001 0.002 0.002 0.005 0.001

(0.003) (0.002) (0.003) (0.003) (0.003)
Peer Pacific Isl. (std) -0.005 -0.002 -0.006∗ -0.001 -0.006∗

(0.003) (0.002) (0.003) (0.003) (0.003)
Peer Other (std) -0.013∗ 0.001 -0.014∗∗ -0.006 -0.025∗∗∗

(0.005) (0.005) (0.005) (0.006) (0.006)
Peer Yrs. Exp. (std) 0.026∗∗∗ 0.023∗∗∗ 0.023∗∗∗ 0.035∗∗∗ 0.035∗∗∗

(0.005) (0.005) (0.005) (0.006) (0.005)
Peer PL&d 0.133∗∗∗

(0.002)
Peer Mentoring 0.110∗∗∗

(0.002)
Peer Eval. Feed. 0.129∗∗∗

(0.002)
Peer Work Cond. 0.222∗∗∗

(0.003)
Peer Overall 0.148∗∗∗

(0.002)
Constant 0.122∗∗ 0.085∗∗ 0.047 0.227∗∗∗ 0.104∗

(0.038) (0.032) (0.037) (0.045) (0.042)
Teacher Controls Yes Yes Yes Yes Yes
School Controls Yes Yes Yes Yes Yes
Random Effects Yes Yes Yes Yes Yes
N 167,307 103,237 167,307 103,237 168,594

Notes. All regressions in this table are 4-level multilevel models nesting teacher-year teaching support
measures in teachers, schools, and school districts. Teacher controls include indicators for career stage, de-
mographic characteristics, and subject endorsements. School controls include the log number of students,
standardized percentages of student demographic characteristics, standardized percentage of students iden-
tified as English Language Learners, students eligible for free or reduced priced lunch, students eligible for
special education services or gifted and talented education.
Standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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supports (Kang & Berliner, 2012; Ronfeldt & McQueen, 2017; Smith & Ingersoll, 2004). Never-
theless, I still developed an overall teaching support measure that combines the types of teaching
support measures into a single factor. While this overall measure only had modest psychometric
properties, prior work has mostly relied on single measures of the intensity of induction supports
(e.g., Ronfeldt and McQueen, 2017) or combined multiple survey items using principal component
factor analysis (e.g., Auletto, 2021). In order to keep my results comparable to this prior work, I
decided to develop and report on this overall measure.

Additionally, this work also shows some affordances and limitations in using secondary survey
data for research purposes. Regarding affordances, I was able to identify multiple dimensions
of teaching supports that align with existing literature on early teacher support. The supports I
identified through factor analyses align theoretically with dimensions of teaching support that prior
literature has deemed to be important, even though the supports come from survey instruments that
were not specifically designed to measure these dimensions. These secondary data also provide me
with a long panel of survey data. This is important as this allows me to observe teachers responding
to multiple surveys, on average, three times. This helps with both addressing concerns with survey
non-response and provides a data panel I can later use in other analyses.

At the same time, the choice to retrofit existing data to measure teaching supports comes with
compromises. First, fit indices are lower than I wished for some years. This problem is particularly
present for early survey administrations that used the First to the Top (FttT) survey instrument.
These early administrations mostly focused on teachers’ feedback on the new teacher evaluation
process, leading to a narrow focus in the instructional measures that I can develop from the FttT
survey administrations. That is, I am only able to calculate factor scores for the professional
learning & development and evaluative feedback factors from the FttT instrument. Moreover,
these factors still have less than adequate fit indices, suggesting low reliability of some items in the
FttT survey instruments. In fact, some sections of the teacher survey measuring these factors were
updated and rewritten during the switch to the Tennessee Educator Survey (TES) in 2015. While
this revamping of the survey instrument improved the overall reliability of the instrument, as fit
indices’ improvement from TES suggests, this change also introduced a break in the panel for the
professional learning & development and evaluative feedback factors.

A second limitation in using secondary teacher survey data is that the relationship between la-
tent constructs and survey items is lower than what is commonly observed in survey instruments
that were developed for specific research purposes. For example, some survey items (e.g., item
“Indicators from the teacher observation rubric are often referenced in informal discussions be-
tween teachers” as a measure of mentoring) have lower than ideal factor loadings, suggesting low
signal-to-noise ratios in these survey responses. As an ensemble, however, the items appear to
sufficiently correlate with the extracted latent factors which allows me to retain them in the factor
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analysis regardless of their lower than ideal loadings.
Finally, there are dimensions of teaching supports that are missing from my analyses. For

example, prior literature has suggested that school leaders and relationships with families play
a crucial role in school improvement (Bryk et al., 2009; Moore Johnson, 2020). However, the
EFA stage eliminated survey items that asked about school leadership or school climate because
of poor fit of these questions to possible latent constructs. Future measurement work on teaching
supports could address this limitation by developing and validating measures for these missing
sub-dimensions of teaching supports.

Teaching Supports Variation

I found that teacher-level variance (i.e., stability in scores within the same teacher and differ-
ences across teachers) explains about ten times the amount of variance in teaching support scores
than differences across schools and about forty times the amount of variance across districts. To
my knowledge, no prior work has reported variation along these dimensions. In more detail, year-
to-year and within-teacher variation explain about an equal amount of variation and, together, they
explain up to about 95 percent of the total variation in teaching support scores. First, this suggests
that my teaching support measures capture teacher-level variation in the kinds of teaching support
measures rather than school- or LEA-level differences in support that is shared by groups of teach-
ers. In other words, there is more within-school rather than between-school variation in terms of
average teaching supports offered to teachers, as I observe the majority of variation in teaching
supports to be between teachers within the same schools. Second, about half of the variation in
the teaching support measures remains in the residual term (i.e., unexplained) after accounting for
teacher, school, and LEA variance components. This residual term captures within-level, year-to-
year variation in teaching support measures (i.e., good variance), measurement error, other random
error components (i.e., bad variance). This finding has methodological implications for analyses
that consider teachers’ evaluation and employment decisions as they justify using within-teacher
analyses with these measures of instructional variance. On the policy side, this finding suggests
that interventions aiming to improve school-level teaching supports should focus on providing ad-
equate levels of support to all teachers within the same school, rather than focusing on variation in
teaching supports across schools. This would also ensure equity among teachers in the kind and
intensity of teaching supports that teachers experience.

Looking at differences across measures in variance decomposition, the measure for working
conditions has about two times the variance explained at the school level than other factors that
measure teacher-level supports. Intuitively, this might be expected, as the working conditions that
one teacher reports receiving should be related to the working conditions that other teachers at the
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same school report. In other words, my results suggest that, of the four types of teaching supports
I develop, working conditions is the one that relates the most to the experiences of other teachers
at the same school site. This suggests that, at least at face value, my measures of teaching supports
follow expected variation patterns. Moreover, individual and peer reports of working conditions
are more strongly correlated than the other factors, highlighting again the importance of colleagues
in shaping working conditions for individual teachers. Finally, these findings provide some validity
evidence for the fact that the other three types of teaching supports (i.e., professional learning &
development, mentoring, and evaluative feedback) might capture teacher-level support processes,
while working conditions might also capture larger school-level support processes beyond what is
offered to individual teachers.

The mentoring factor has the greatest unexplained variance among all my latent factors. This
suggests that this kind of teaching support has the greatest year-to-year variation compared with
other factors. Moreover, there is a lot of variation in the quality of mentoring that early career
teachers experience. This observation is in line with prior work that has found that most new
teachers are assigned a mentor (Ingersoll & Strong, 2011; Ronfeldt & McQueen, 2017) and that
there is significant variation in the intensity and quality of mentoring that these new teachers report
receiving (Matsko et al., 2007).

In focusing on predictors of teaching supports, I found that early career teachers report, on aver-
age, receiving more teaching support across most factors than their more experienced colleagues;
early mid-career teachers report receiving higher support only in mentoring and professional de-
velopment factors. Two possible mechanisms could explain these results. A more hopeful expla-
nation is that school administrators and other teaching support personnel focus their support efforts
on early career teachers and that this process is captured in my measures. This explanation is in
line with the fact that most schools offer induction support for early career teachers during the first
few years of teaching (Ingersoll & Strong, 2011).

A more cynical view of my results is that early career teachers perceive the same teaching
supports as more helpful to their practice than their more experienced peers because, for example,
it is the same time they receive that support, leading them to rate the same practices as more
helpful as their colleagues. This explanation is in line with the intuition that data collection that
relies only on self-reports could be biased if the respondents construe the survey items differently.
Regrettably, I do not have a way to test if either of these explanations are true, as I do not have a
way to observe teaching supports offered to teachers directly. Future work using my measures for
teaching supports should try to account for individual-level differences in their reports (e.g., with
teacher fixed effects) to address part of the concerns with self-reported data.

The variation in teaching support measures across teacher characteristics is more difficult to
interpret. Black teachers report receiving higher support, while Hispanic/Latino and Native Amer-
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ican teachers report lower support. This finding is similar to what Ronfeldt and McQueen (2017)
found in the SASS data for Black teachers and opposite in sign for Hispanic/Latino teachers. How-
ever, it is difficult to know what mechanism is behind these differences. It is possible that Black
teachers tend to work in schools where more induction supports are available, confounding indi-
vidual teachers’ characteristics with contextual school supports (Matsko et al., 2007). However,
these differences are still present even after I account for school-level differences in student body
composition and for a school-level random effect, which should in part adjust the estimates for
the school-level average, suggesting that contextual school supports might not fully explain these
differences.

Similarly, variation in student characteristics suggests that teachers who work in schools that
serve a less diverse student body and a more economically advantaged one report receiving more
teaching support than their colleagues working in different schools. These results are similar in sign
to prior work (Loeb et al., 2005; Ronfeldt & McQueen, 2017), suggesting that teachers working in
more advantaged contexts report experiencing higher levels of teaching supports. Again, I cannot
separate teachers’ perceptions of the supports that they receive from the quality of supports they
actually received, so it is possible that teachers working in different schools might report feeling
more or less supported even if they actually received the same teaching supports.

Overall, the results from the exploratory and confirmatory factor analyses and the multilevel
models suggest that my measures of teaching supports have adequate psychometric properties
to warrant their use in further analyses. Moreover, the analysis of variance suggests that I have
enough year-to-year variation within teachers to warrant their use in a panel. Finally, the inclusion
of teacher- and school-level covariates only explains teacher- and school-level variance, leading to
year-to-year variation to become more salient.
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CHAPTER 5

Implications for Practice, Policy, and Research

This dissertation has several implications for practice, policy, and research. Overall, I found
that teaching supports matter for the instructional growth and employment decisions of early ca-
reer teachers. Therefore, investment in teaching supports, especially at the state level, can help
address the needs of early career teachers and increase retention. Finally, future research should
focus on a causal evaluation of teaching supports, including identifying which teaching supports
lead to an improvement in early career outcomes and an analysis of the mechanisms behind such
improvements. I discuss each one of these points in more detail in the sections below.

Teaching Supports Matter for Early Career Development

The results across the chapters in this dissertation suggest that early career teachers that report
receiving more teaching supports develop at a faster rate and are less likely to turnover than their
colleagues experiencing average teaching supports. In more detail, I find that teachers who report
receiving enhanced teaching supports1 develop about thirty-three percent faster than their peers on
observation ratings, leading them to become eligible for tenure one year before their colleagues
(three years vs. four years). The results for teacher value added to student test scores are less
clear, but some models still suggest a small, positive improvement in the growth for early career
teachers experiencing enhanced teaching supports equivalent to an additional eleven instructional
days. Focusing on teacher retention, my results suggest that enhanced teaching supports increases
the probability of retention in the same teaching position by twenty-five percent. Moreover, I find
that instructional improvement as a result of experiencing enhanced teaching supports result in an
improvement in teacher retention and that this pathway explains at least one fifth of the overall
relationship between teaching supports and teacher retention.

Here it is also important to point out that my results compare teachers who reported enhanced

1Technically, these teachers report experiencing one standard deviation above the mean in teaching supports. I use
enhanced teaching supports here to simplify the language in this chapter.
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teaching supports to teachers who experience average teaching supports. This means that the
counterfactual for my results is teachers still experiencing an average level of teaching supports.
This means that the converse of my results are also possible. That is, teachers who report receiving
diminished teaching supports2 will develop at slower rates than their peers, putting them at risk
of never becoming eligible for tenure, as most temporary teacher licenses expire after five years;
this makes them more likely to leave their teaching position year after year. My results, therefore,
point towards the need to strengthen program offering teaching supports and to develop new ones
where not already present.

At the same time, this work opens up new questions and direction for future research into
teaching supports. First, my measures of teaching supports improve upon prior work that only
used blunt measures for them (e.g., Ronfeldt and McQueen, 2017) or measures from a single
cohort of teachers (e.g., Smith et al., 2018) by developing more detailed, longitudinal measures
of teaching supports. However, I am not able to describe how enhanced teaching supports are
different from average teaching supports in terms of kinds of supports that teachers receive, the
quantity and quality of the supports over the school year. This remains an open question that fu-
ture research should address. For example, such work could describe what features of mentoring
result in teachers reporting enhanced mentoring supports instead of average mentoring supports,
whether the quantity of mentoring activities plays a role in enhanced mentoring supports, or if
the quality of the mentoring activities makes a difference. Related to this point, between-teacher
variation in teaching supports explains the greatest percentage of variance across all of my mea-
sures. One of the most likely explanations is that individual teachers report receiving consistent
teaching supports and, perhaps, suggesting that their experiences with teaching supports depend
on their teacher preparation experiences, personal characteristics, and current career goals. Future
research should focus on describing how teacher characteristics affect teachers’ experiences with
teaching supports in more detail and on understanding how to design a teaching supports program
that meets the needs of most teachers. For example, future work could interrogate whether teaching
supports programs are more effective when they adapt to teachers’ characteristics (e.g., complet-
ing a traditional teacher preparation program versus entering teaching through alternative teacher
certification route) or whether a one-size-fits-all teaching supports program has similar effects on
early career teachers’ instructional effectiveness and employment decisions.

Investment in Early Career Teaching Supports

My results show that teachers in their first three years of teaching benefit the most from en-
hanced teaching supports, suggesting that investment in teaching supports for this group of teach-

2That is, one standard deviation below the state average.
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ers is likely to yield more benefits than investing on the same level of supports to all teachers.
Therefore, a critical policy decision is who should develop and support investment in early career
teachers. My work suggests that a large teaching supports program at the state level is likely to
yield the biggest returns when compared to programs at the district or school level. A few consid-
erations go into this conclusion. First, early career teachers are highly mobile; they are about twice
as likely to move to a different school or school district than their more experienced colleagues,
while remaining employed as a teacher within the same state. This means that individual schools
or school districts might lose out on their investment in teaching supports when an early career
teacher moves. Given that these teachers tend to remain in the same state labor market, however,
investment in teaching supports at the state level would continue to reap benefits even after early
career teachers move to different schools or districts. This suggests that state department of educa-
tion should encourage and support teaching supports programs for early career teachers, as a way
to defray some potential costs to schools or districts associated with providing enhanced levels of
teaching supports.

The cost-benefit analysis that weighs the improved retention rates associated with participating
in a teaching supports program against the costs associated with replacing teachers who are not
retained suggested that, even for labor markets where the cost of replacement for a teacher is
high, the overall budget for a teaching supports program should be around $2,000, which is well
below the cost of high-quality teacher professional development programs. This result suggests
that the best way to structure early career teaching supports programs might be through a cost-
sharing setup between schools, school districts, and state departments of education. This insight
is predicated on two findings from my work. While individual schools are more likely to benefit
from better instruction from teachers who participate in the program, schools are also more likely
to lose out on these gains if a teacher leaves for a different teaching position even within the same
district. A cost-sharing setup between individual schools, districts, and state departments could
help address this concern if the state provides bridge funding between the expected break even
point for individual schools and the actual cost of an enhanced teacher supports programs. States
should consider providing developing cost sharing setups where schools and school districts are
expected to partially cover the costs of enhanced teaching supports and the state covers the rest.
This setup would more equitably divide the costs associated with providing teaching supports to
early career teachers among the stakeholders that are more likely to benefit from this investment.

This kind of cost-sharing setup, however, requires ongoing monitoring of the kinds of teaching
supports that teachers receive. Though most of the variation in supports is between teachers in the
same schools, there is still substantial variation in supports between schools and districts. Future
research should describe what is the source of this variation between schools and districts and
how approaches to the provision of teaching supports may vary school to school and district to

110



district. Moreover, such work could be used to assess the implementation of teaching supports
programs, given that there is variation between schools and districts in teachers’ reports of teaching
supports. Related, monitoring of teachers’ experiences can also inform schools and districts of
possible areas of improvement regarding their approaches to offering teaching supports. Finally,
monitoring at the state level can ensure equitable teaching supports experiences across schools
and school districts, guaranteeing that teachers who move between schools or districts continue to
receive similar teaching supports. This may be especially important for schools that have larger
enrollments and that serve a higher proportion of students eligible for free or reduced price lunch,
where teachers tend to report lower levels of teaching supports.

On the Nature of Teaching Supports

A final set of insights from this dissertation is about the nature of teaching supports, which
can inform the program design of teaching supports programs aiming to improve teaching quality
and retention. First, I find that a minimum of three years of sustained, enhanced teaching supports
are necessary to observe appreciatively different teacher effectiveness outcomes. This suggests that
current teacher induction programs—which average between one and two years of support—might
be too short to result in meaningful improvements in teaching effectiveness. One area for future
research, and possibly a causal analysis, could be the development and evaluation of a three-year
teacher induction program versus a business-as-usual, one- or two-year teacher induction program.

Relatedly, designing and implementing multi-year programs to provide teaching supports will
require more research in the needs that teachers have at different points of their careers. Year-to-
year variation in measures of teaching supports suggests that the levels of teaching supports that
early career teachers report receiving are greatest during the first two years of teaching but, by their
third year of teaching, decline to average levels. These results signal that current teaching supports
are focused on teachers in their first two years of experience when these supports are likely to have
the greatest impact on instructional effectiveness growth and teacher retention. At the same time,
there is a need to better understand what kinds of ongoing teaching supports may be necessary for
teachers past their first and second year of experience to sustain instructional growth and retention.
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Table A.3: Constructs, Survey Items, and Factor Loadings

Survey Item Factor Loading Standard Error
Panel A: Working Conditions and Mentoring

2018
Working Conditions
TC 05c. The individual planning time provided for
teachers in my school is sufficient.

0.816 0.011

TC 05d. The collaborative planning time provided
for teachers in my school is sufficient.

0.823 0.011

Mentoring
TM E04a. Focuses on the aspects of my work that
will affect student learning

0.914 0.002

TM E04b. Helps me to identify areas where my
teaching is strong.

0.919 0.002

TM E04c. Provides me with clear expectations for
my teaching.

0.939 0.002

TM E04d. Helps me plan instruction and develop
lesson plans.

0.874 0.003

Working Conditions corr←−→Mentoring 0.384 0.01
2017
Working Conditions
TC 3d. School leadership provides useful feedback
about my instructional practices.

0.91 0.004

TC 4a. Teachers are encouraged to participate in
school leadership roles.

0.797 0.004

TC 5b. The individual planning time provided for
teachers in my school is sufficient.

0.554 0.005

TC 5c. The collaborative planning time provided for
teachers in my school is sufficient.

0.592 0.005

Mentoring
TM E4a. Focused on the aspects of my work that
will affect student learning

0.92 0.002

TM E4b. Helps me to identify areas where my teach-
ing is strong.

0.921 0.002
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TM E4c. Provides me with clear expectations for my
teaching.

0.94 0.001

TM E4d. Helps me plan instruction and develop les-
son plans.

0.887 0.002

Working Conditions corr←−→Mentoring 0.546 0.007
2016
Working Conditions
TC 3d. School leadership provides useful feedback
about my instructional practices.

0.797 0.003

TC 4a. Teachers have autonomy to make decisions
about instruction e.g. pacing, materials, and peda-
gogy.

0.713 0.003

TC 4c. Teachers are encouraged to participate in
school leadership roles.

0.894 0.002

TC 4d. Teachers have an appropriate level of influ-
ence on decision-making.

0.899 0.002

TC 4e. Teachers have opportunities to participate in
shared leadership structures such as PLCs or grade
and/or school level leadership teams.

0.83 0.003

TC 5b. The individual planning time provided for
teachers in my school is sufficient.

0.562 0.005

TC 5c. The collaborative planning time provided for
teachers in my school is sufficient.

0.592 0.004

Mentoring
TM E8a. Focuses on the aspects of my work that will
affect student learning.

0.887 0.003

TM E8b. Helps me to identify areas where I can im-
prove.

0.943 0.002

TM E8c. Helps me to identify areas where my teach-
ing is strong.

0.922 0.002

TM E8d. Provides me with clear expectations for my
teaching.

0.92 0.002

TM E8e. Helps me plan instruction and develop les-
son plans.

0.903 0.003

TM E8f. Overall has helped refine my instructional
practices.

0.946 0.002
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Working Conditions corr←−→Mentoring 0.52 0.012
TC 5b corr←−→ TC 5c 0.408 0.004
2015
Working Conditions
Q4c. School leadership provides useful feedback
about my instructional practices.

0.837 0.003

Q5a. Teachers have autonomy to make decisions
about instruction e.g. pacing, materials, and peda-
gogy.

0.705 0.004

Q5b. Teachers are encouraged to participate in
school leadership roles.

0.819 0.003

Q6b. The planning time provided for teachers in my
school is sufficient.

0.57 0.005

Q6c. School leaders protect instructional time. 0.742 0.004
Mentoring
TM E1a. Focuses on the aspects of my work that will
affect student learning.

0.884 0.003

TM E1b. Helps me to identify areas where I can im-
prove.

0.946 0.002

TM E1c. Helps me to identify areas where my teach-
ing is strong.

0.927 0.003

TM E1d. Provides me with clear expectations for my
teaching.

0.911 0.003

TM E1e. Helps me plan instruction and develop les-
son plans.

0.902 0.003

TM E1f. Overall has helped improve my instruc-
tional practices.

0.933 0.002

TM E2a. Observed teaching your class? 0.193 0.015
TM E2b. Given feedback on your teaching? 0.275 0.014
Working Conditions corr←−→Mentoring 0.545 0.011
TM E2a corr←−→ TM E2b 0.788 0.007
TM Q6b corr←−→ TM Q6c 0.175 0.005
Panel B: Professional Development and Evaluative

Feedback

2018
Professional Development
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TC 15a. Our school staff is a learning community
in which ideas and suggestions for improvement are
encouraged.

0.755 0.003

TC 15b. I receive specific professional learning sug-
gestions that are tailored to my needs.

0.877 0.002

TC 15c. My professional learning is closely aligned
to the evaluation system in place in my district.

0.863 0.002

TC 15d. My professional learning is closely aligned
to the instructional materials I use in class.

0.86 0.002

TC 15e. In general, the professional learning I have
received this year has led to improvements in my
teaching.

0.898 0.001

TM E07b. Time such as planning or release time to
complete evaluation materials

0.687 0.006

TM E07c. Materials such as guidelines to facilitate
the process

0.712 0.005

TM E07d. Access to staff with specific expertise
such as instructional coaches within and/or outside
of my school

0.702 0.006

TM E05g. Indicators from the teacher observation
rubric are often referenced in informal discussions
between teachers.

0.615 0.007

TM E05h. Indicators from the teacher observation
rubric are often referenced in formal meetings where
teaching is discussed.

0.668 0.006

Evaluative Feedback
TC 16a. The processes used to conduct my teacher
evaluation are fair to me.

0.714 0.004

TC 16b. In general, the teacher evaluation process
used in my school has led to improvements in my
teaching.

0.798 0.004

TM E05e. I receive very detailed feedback on my
strengths and weaknesses through the evaluation pro-
cess.

0.873 0.004

TM E05f. The individuals who observe my class-
room has the expertise to evaluate my practice.

0.802 0.005
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Learning corr←−→ Evaluation 0.872 0.003
TM E05g corr←−→ TM E05h 0.378 0.006
TC 16a corr←−→ TC 16b 0.262 0.005
TM E07b corr←−→ TM E07c 0.392 0.007
TM E07c corr←−→ TM E07d 0.319 0.006
TM E07b corr←−→ TM E07d 0.292 0.006
2017
Professional Development
TC 18a. I receive specific suggestions for profes-
sional learning that are tailored to my needs.

0.726 0.004

TC 18b. I receive professional development sup-
port that enhances my abilities to implement instruc-
tional strategies that meet the diverse needs of student
learners.

0.725 0.004

TM E7a. Leadership support such as key informa-
tion and guidance from school or district administra-
tors

0.896 0.002

TM E7b. Time such as planning or release time to
complete evaluation materials

0.886 0.002

TM E7c. Materials such as guidelines to facilitate
the process

0.924 0.002

TM E7d. Access to staff with specific expertise such
as instructional coaches within and/or outside of my
school

0.836 0.003

Evaluative Feedback
TC 15c. The processes used to conduct my teacher
evaluation are fair to me.

0.742 0.004

TC 15d. In general, the teacher evaluation process
used in my school has led to improvements in my
teaching.

0.803 0.004

TM E5e. I receive very detailed feedback on my
strengths and weaknesses through the evaluation pro-
cess.

0.828 0.004

TM E5f. The individuals who observe my classroom
has the expertise to evaluate my practice.

0.786 0.004
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TM E8a. TVAAS scores should be used to inform
professional learning priorities.

0.401 0.008

TM E8b. I find student growth data useful for orga-
nizing my classroom e.g. seating charts, etc. during
beginning of year planning.

0.415 0.008

Learning corr←−→ Evaluation 0.827 0.004
TM E08a corr←−→ TM E08b 0.485 0.006
TC 18a corr←−→ TC 18b 0.342 0.006
TC 15c corr←−→ TC 15d 0.196 0.005
2016
Professional Development
TM E10a. Leadership support such as key informa-
tion and guidance from school or district administra-
tors

0.896 0.003

TM E10b. Time such as planning or release time to
complete evaluation materials

0.886 0.004

TM E10c. Materials such as guidelines to facilitate
the process

0.925 0.003

TM E10d. Access to staff with specific expertise
such as instructional coaches within and/or outside
of my school

0.857 0.004

Evaluative Feedback
TC 13a. Indicators from the teacher observation
rubric are often referenced in informal discussions
between teachers.

0.573 0.007

TC 13b. Indicators from the teacher observation
rubric are often referenced in formal meetings where
teaching is discussed.

0.63 0.006

TC 13c. The processes used to conduct my teacher
evaluation are fair to me.

0.738 0.006

TC 13d. In general, the teacher evaluation process
used in my school has led to improvements in my
teaching.

0.791 0.006

TM E9a. The system for assessing teachers as a
whole generates fair and accurate results.

0.906 0.004
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TM E9b. The evaluation criteria are applied equally
to all teachers, regardless of their background or level
of experience.

0.813 0.005

TM E9c. The system is effective in identifying out-
standing teachers.

0.873 0.004

Learning corr←−→ Evaluation 0.672 0.009
TC 13a corr←−→ TC 13b 0.366 0.007
TC 13c corr←−→ TC 13d 0.203 0.007
2015
Professional Development
Q11a. Indicators from the teacher observation rubric
are often referenced in informal discussions between
teachers.

0.459 0.006

Q11b. Indicators from the teacher observation rubric
are often referenced in formal meetings where teach-
ing is discussed.

0.52 0.006

Q11c. The processes used to conduct my teacher
evaluation are fair to me.

0.837 0.003

Q11d. In general, the teacher evaluation process used
in my school has led to improvements in my teach-
ing.

0.875 0.003

TM E8a. Leadership support such as key informa-
tion and guidance from school or district administra-
tors

0.871 0.004

TM E8b. Time such as planning or release time to
complete evaluation materials

0.862 0.004

TM E8c. Materials such as guidelines to facilitate
the process

0.893 0.003

TM E8d. Access to staff with specific expertise such
as instructional coaches within and/or outside of my
school

0.808 0.005

Evaluative Feedback
TM E7a. In my school, evaluation criteria and indi-
cators are appropriate.

0.888 0.004

TM E7b. The instruments used to measure teacher
performance are easy to understand.

0.835 0.005
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TM E7d. The evaluation criteria are applied equally
to all teachers, regardless of their background or level
of experience.

0.826 0.005

TM E7e. The system is effective in identifying out-
standing teachers.

0.856 0.005

TM E7f. The system is effective in identifying teach-
ers who are struggling.

0.799 0.006

Learning corr←−→ Evaluation 0.778 0.006
Q11a corr←−→ Q11b 0.451 0.005
TM E07e corr←−→ TM E07f 0.185 0.006
2014
Professional Development
Q64a. The processes used to conduct my teacher
evaluation are fair to me.

0.714 0.004

Q64b. The teacher evaluation process causes me a lot
of stress.

-0.339 0.006

Q64c. The teacher evaluation process helps me im-
prove as a professional.

0.863 0.002

Q64d. I made changes to my teaching based on my
evaluation results.

0.62 0.004

Q64f. The process of evaluating my teaching perfor-
mance takes more effort than the results are worth.

-0.578 0.004

Q64g. The teacher evaluation process clearly defines
what is expected of me.

0.669 0.004

Q64h. My observers are qualified to evaluate my
teaching.

0.581 0.005

Q64j. In general, the teacher evaluation process used
in my school will improve student learning

0.895 0.002

Q64k. Teaching observations disrupt my classroom
instruction.

-0.468 0.005

Q64l. Feedback from my teacher evaluation in-
fluences the professional development activities in
which I participate.

0.62 0.004

Q64m. The teacher evaluation process used in my
school will improve my teaching.

0.954 0.001
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Q64n. The teacher evaluation process used in my
school will improve my students’ achievement.

0.932 0.001

Q64o. I find it difficult to use feedback from my
teaching observations to improve my practice.

-0.55 0.005

Q64p. Overall, I am satisfied with the teacher evalu-
ation process used in my school.

0.837 0.002

Evaluative Feedback
Q58a. My evaluator uses the rubrics from our teacher
evaluation process as a basis for suggesting how I can
improve my teaching.

0.749 0.005

Q58b. I use the rubric from our teacher evaluation
process when planning instruction.

0.708 0.005

Q58c. Indicators from our teacher evaluation rubric
are often referenced in formal meetings where teach-
ing is discussed.

0.853 0.004

Q58d. Indicators from our teacher evaluation rubric
are often referenced in informal discussions between
teachers.

0.786 0.004

Learning corr←−→ Evaluation 0.481 0.006
Q64a corr←−→ Q64p 0.167 0.003
Q64b corr←−→ Q64f 0.27 0.005
Q58a corr←−→ Q64h 0.261 0.005
2013
Professional Development
Q43a. The processes used to conduct my teacher
evaluation are fair to me.

0.774 0.003

Q43c. The teacher evaluation process helps me im-
prove as a professional.

0.836 0.003

Q43d. The process of evaluating my teaching perfor-
mance takes more effort than the results are worth.

-0.556 0.005

Q43h. Feedback from my teacher evaluation in-
fluences the professional development activities in
which I participate.

0.61 0.005

Q43j. The teacher evaluation process used in my
school will improve my students’ achievement.

0.838 0.003
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Q43k. Overall, I am satisfied with the teacher evalu-
ation process used in my school.

0.899 0.002

Q35a. The specific indicators of teaching perfor-
mance in the rubric(s) used in my school’s teacher
evaluation process accurately reflect what teachers
know and do.

0.747 0.004

Q35d. I believe I can achieve the highest rating on
most elements of teaching performance defined in the
rubric(s) used in my school’s teacher evaluation pro-
cess.

0.513 0.005

Q35e. Teachers must receive a score of 4 or higher
on all indicators on the rubric(s) used for teaching
observations to be rated as an effective teacher.

0.255 0.007

Q35f. The rubric(s) used in my school’s teacher eval-
uation process clearly describe the teaching perfor-
mance needed to earn each rating score.

0.654 0.005

Q35g. The rubric(s) omit important aspects of teach-
ing that should be considered when evaluating teach-
ers.

-0.39 0.006

Evaluative Feedback
Q35b. My evaluator uses the rubrics from our teacher
evaluation process as a basis for discussing feedback
from teaching observations.

0.875 0.004

Q35c. My evaluator uses the rubrics from our teacher
evaluation process as a basis for suggesting how I can
improve my teaching.

0.987 0.004

Learning corr←−→ Evaluation 0.588 0.005
2012
Professional Development
Q32a. I can accurately describe to others the pro-
cesses and procedures used to conduct my teacher
evaluation.

0.555 0.006

Q32c. The teacher evaluation process causes me a lot
of stress.

-0.338 0.009

Q32d. The teacher evaluation process helps me im-
prove as a professional.

0.692 0.006
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Q32h. The teacher evaluation process clearly defines
what is expected of me.

0.78 0.004

Q32k. Teaching observations disrupts classroom in-
struction.

-0.342 0.008

Q30a. The specific indicators of teaching perfor-
mance in the rubric(s) used in my school’s teacher
evaluation process accurately reflect what teachers
know and do.

0.755 0.005

Q30d. Generally, each of my teaching observations
has focused on just a portion or subset of the entire
teacher evaluation rubric.

0.201 0.009

Q30e. I believe I can achieve the highest rating on
most elements of teaching performance defined in the
rubric(s) used in my school’s teacher evaluation pro-
cess.

0.512 0.007

Q30f. The rubric(s) used in my school’s teacher eval-
uation process clearly describe the teaching perfor-
mance needed to earn each rating score.

0.783 0.004

Q30g. The rubric(s) omit important aspects of teach-
ing that should be considered when evaluating teach-
ers.

-0.386 0.007

Evaluative Feedback
Q30b. My evaluator uses the rubric(s) from our
teacher evaluation process as a basis for discussing
feedback from teaching observations.

0.835 0.006

Q30c. My evaluator uses the rubrics from our teacher
evaluation process as a basis for suggesting how I can
improve my teaching.

0.967 0.006

Q32c corr←−→ Q32k 0.279 0.009
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