Teacher Development and Supply

By

Hannah Conklin Kistler

Dissertation
Submitted to the Faculty of the
Graduate School of Vanderbilt University
in partial fulfillment of the requirements
For the degree of
DOCTOR OF PHILOSOPHY
in
Leadership and Policy Studies
August 11, 2023
Nashville, Tennessee
Approved:
Shaun M. Dougherty, Ph.D.
Felipe Barrera-Osorio, Ph.D.
Sean P. Corcoran, Ph.D.
Morgaen L. Donaldson, Ph.D.

Jason A. Grissom, Ph.D.



Copyright © 2023 Hannah Conklin Kistler

All Rights Reserved

i



For my family, for their infinite support and love. And for my students and colleagues at
Harshman Magnet Middle School, who are a continuous reminder to me of how much teachers

matter.

111



ACKNOWLEDGEMENTS

I am very grateful to everyone who supported me on this journey. To committee
members Shaun Dougherty, Felipe Barrera-Osorio, Sean Corcoran, Morgaen Donaldson, and
Jason Grissom, thank you very much for your support and thoughtful feedback. I learned so
much from each of you. Shaun, I can’t overstate how much your guidance and care means to me
as both a scholar and a person. Thank you for being so dedicated to me and my development
throughout my graduate school journey and especially during the multiple rounds of dissertation
drafts. You are the exemplar of a brilliant and compassionate scholar, and I am so grateful to
have had you as a role model.

I am fortunate to have been part of a wonderful community of students at Vanderbilt. In
particular, to my cohortmates, I am thankful to have had the opportunity to learn from and with
such an incredible group of women. And to my office mates, thank you for your willingness to
lend an ear or share a laugh when I needed it most. You all helped me persevere on this journey.

Most of all, thank you to my family. You have been there every step of the way, from
nurturing my early interests in education to visiting my classroom in Indianapolis to cheering me
on at the defense. Mom and Dad, you have always modeled the value of hard work and of using
your voice to better the world. Thank you for believing in me and teaching me that no dream is

too big. I could never have done this without you, and I never would have wanted to.

v



TABLE OF CONTENTS

LIST OF TABLES ...ttt ettt sttt et ettt et eeae e seenseeneenseenees X
LIST OF FIGURES ...ttt ettt sttt et e et e neeneesnee e xiil
INTRODUCTION ...ttt ettt ettt ettt eate st enteestesseenteeneenseensesneenseeneesneenee xiil
o CHAPTER T ettt ettt et e s e et e ente s et e nbeentesneenaeennenneens 4
1.1. Licensure Exams and Teacher QUality .........c.ccoccuveeiiiiiiiiieiiiecieecee e 7
1.2. Consequences of Licensure Exams for Teacher Quality and Supply.......ccccceevvveenneenns 10
1.3, POLICY CONEXL .oeouvvieiiiieeiiieeiieeeite e teeestee et e et e e et e e eaaeeetaeesssaeesnsaeessseeensseeensseesnsseennns 12
1.4. Research QUESTIONS.........uiiiiiiiiieeeeiiee e ettt eeie e e e ettt e e e e et e e e e eetaae e e eetaeeeeeensaeeeeensseeeananes 15
1.5. Methodology and Data .........c..eevuiiiiiiiiiiiie ettt e e eeae e 16
L5 1 IMIBASULES ..ttt ettt ettt et e s beeesbeee s 17

1.5.2 Descriptive Statistics in Sample.........cocvveieiiiiiiiieeiiecieecee e 20

1.5.3 Analytic APPIOACh .....ccccuiiiiiiieeiie ettt ve e e eaee e 21

1.5.4 Validity of the RDD and RKD..........ccccoiiiiiiiiiiieeeceeeee e 25

L6, RESULLS. ..ottt et ettt ettt e be e st ebeeeare s 28

1.6.1 To what extent does initial exam score predict probability of retaking a
failed exam, time to retaking, number of exam attempts, and probability of
eventually passing the eXam?.........c.cceciieeiiiiiiiieeie e e e 28
1.6.2 Does just failing a content exam change the probability of subsequently

taking a different exam with higher passing rates?.........ccccceevvieevveencieeenieeenenn. 30



1.6.3 Does just failing a content exam change the probability of becoming

certified and empPloyed?........ccouviieiiiieiiieee e e 30
1.6.4 What is the impact of failing the exam on teacher performance?................ 31
Strength of the INStrUMENt..........coovviiiiiiiee e 32
1.7. RODUSINESS CRECKS ....eoniiiiiiieiii ettt sttt e 32
1.7.1 Changes to the SAMPIE ......ccceeeviiiiiiiiieiie e e 32

1.7.2 Changes to the bandwidth, Functional form, and Placebo checks for

treatment effects at other POINtS.........cccveiiiiiiiiiie e 37

1.8, DIISCUSSION ...ttt ettt ettt ettt ettt et e b e et e bt e e bt e bt e eabe e bt e sabeebeesabeebeesanean 38
1.8.1 Threats to internal validity in the RDD approach............cccceevvveeniiennnens 39

1.8.2 Generalizability .......c..eevcuiiieiiieeiie et e e 39

1.8.3 Findings in relation to other Work...........ccocovieeiiiieiiieiieecee e 41

1.8.4 Mechanisms/alternative explanations ...........cccccueeevvieeieieeniiieesiieeesieeesvee s 42

1.9, COMNCIUSION ...ttt ettt et e bt e ettt e et e bt e sateebeesanean 46
o CHAPTER 2 ettt ettt et ettt et e e st et e s et et e e st e saeenseeneesneenseenes 49
2.1. Teacher Growth and Principals’ Influence..........cccoeevieeciiieeiiiecieee e 51
2.1.1 Human Capital Theory, Teacher Growth, and School Context................... 51

2.1.2 Principal Effects on Students and Schools............ccccvveviiiiniiiieciiieciiece 52

2.1.3 Principal Experience, Behaviors, and Teacher Growth............c.cccocceeiene 53

2.2. Research QUESTIONS......c..uviiiieiiiie e et e eetie ettt e ettt e e e ette e e eeata e e e e eaaeeeeeeaseeeeennsaeaeeennns 56
2.3. Methodology and Data ..........cc.eeeciiieiiieeiiiecececee e e e n 56
2.2.1 SAMPIC....neiiieiieeiie ettt et e e e e e rae e enreeenaee s 57

vi



2. 2.2 IMEASUIES ..ot e et e e e et e e e e e e e e e e eee e e e e e e eenanaas 58

2.2.3 Analytic APPIOACH ......eieiiiieiiie et 62

24 RESULILS. ..ttt et ettt et h bttt b e eaeeeee 64
2.4.1 Do teachers who have more experienced principals improve more over
1971 0L OO RPSORTPRRPR 65
2.4.2 Do teachers whose principals have higher average observation scores and
survey ratings improve more OVET tIME? ..........cccveeerveeeiieeeniieeenieeesveeenneeensneeenns 66

2.4.3 To what extent do relationships between teacher returns to experience and

principal attributes vary by school context? .........cccceeeviveeiiieniiiecieeeee e 66

2.5. RODUSINESS CHECKS .....eeiniiiiiiiiiie e 67
2.5.1 Relationships between Teacher RTE and Individual Survey Items............. 67

2.5.2 Changes to the Sample.........ccoeeiiiiiiiiiiiieeece e 68

2.0, DISCUSSION ...ttt ettt ettt et et e e ettt et e e sat e e bt e saeeeabeesabeenbeesbbeenbeesabeenbeeeneeenees 71
2.7, CONCIUSION ...ttt ettt et sa e et e s at e e bt e e bt e et e e sateenbeeeneeenes 75
o CHAPTER 3 ettt ettt ettt sa e bt et e s st et e eneesaeenbeeneeeneenseenes 77
3.1. Policy Context: CTE Teacher Pathways to Licensure..........cccceocveerciieeniieenieeeieeeieeenns 78
3.2. Background & Related Literature..........ccveeeiieeiiieeiiieeiieeeiie ettt eeveeesivee e e eeaee e 79
330 METROAS ..ttt an 81
3.3.1 Data & SAmMPIE.....cccviiiiiiieeiieeiee ettt eraeeenes 81

3.3 2 IMIBASULES .ttt ettt ettt ettt e ettt e ettt e et e e st e e bt e e e smteeebaeesneeenane 82

3.4. Key teacher categories & PrediCtorS.....ccuiiiiieerieeeiieeiieeeieeeeieeeeteeesveeeseaeeenveeeseneeenes 82
34,1 OULCOMIES ...ttt ettt ettt e st e et e et eebteesneeenane 84

vil



382 CONILOLS et e e e e e e e e e e e aeeeeeeeeeaanans 84

3.4.3 Descriptive Differences in Teacher Background Characteristics by Key

PrEdiCTOrS ..ot 85

3.4.4 Analytic APPIOACK .....cccviiiiiieeiie ettt e e e 86

3.5 RESUILS. ettt sttt ettt b e st an 89
3.5.1 WO LEAVEST ...t 89

3.5.2 Those who leave €arn mMOTe ...........cooueeiiiiiiiiiienieeeeeee e 91

3.5.3 Teacher exit creates shortages in high-growth areas ............ccccceevvveeniennns 92

3.6. Discussion and CONCIUSION ......cc.uiiiuiiiiieitieeieeee ettt ettt et e s 93
3.7, IMPIICALIONS ...vviiiiiieiiiieeiie et ee et et e e ee e et e e e tteesteeessbaeesssaeessseeenssaeasseeensseeanes 96
RETEIEIICES ...ttt ettt ettt et e st e bt e e it e e beesaeean 99
F N 0] 0157116 USSP 165

viil



LIST OF TABLES

Table 1.1: Test-Taker Descriptive Characteristics and Outcomes, by First-attempt Exam Score

Table 1.2: Estimates of Differences in Observable Characteristics Between Test-Takers Who

Pass and Fail on their First EXam AttempPt ........cccoveviiiiiiiiiiiieeeeeeeeee e e 124
Table 1.3: Estimates on the Change in Slope Between Exam Score and Test-Taker Characteristic
At the PASSING SCOTE ..ouviiiiiiieiiee ettt ettt et e et e et e e eeaeeestaeesssaeessseeensseeessaeensseenn 126

Table 1.4: Descriptive Relationships Between First-Attempt Exam Score and Retake Outcomes

Table 1.5: Estimates of the Effect of Failing on Outcomes of Interest...........cccccvveeiieerieennnnn. 129

Table 1.6: Estimates on the Change in Slope Between Exam Score and Outcome at the Passing

Table 2.1: Survey Items Used 1N ANALYSES .......oevviiiiiieiiiieeciie et e 138
Table 2.2: Relationships Between Principal Survey Measures and School, Principal, and Teacher
Measures, at the Principal-By-Year Level.........cccoiviiiiiiiiiiieceeceeceeee e 140
Table 2.3: Parameter Estimates of the Differential Returns to Teaching Experience, By Measures
of Principal Survey Ratings, Observation Scores, Tenure in School, and Total Experience ..... 143
Table 2.4: Parameter Estimates of the Differential Returns to Teaching Experience by Principal

Observation Scores, Across SChool CharacteriStiCs .....oouviiiiiiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeeeeeeees 145
Table 2.5: Parameter Estimates of the Differential Returns to Teaching Experience By Principal

Survey Ratings, Across SChoOl CharaCteriStiCS .......cuuviriiririieeriieeiiieerieeeeieeesieeesreeeseveeeneree e 148
Table 2.6: Parameter Estimates of the Differential Returns to Teaching Experience by Principal

Tenure in School, Across SChool CharacteriStiCS ......oovviiiiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeees 151

X



Table 2.7: Parameter Estimates of the Differential Returns to Teaching Experience By Principal
Years of Experience, Across SChool CharacteriStiCs........ccuveervieeriieeiiieeiieeeiieeeieeeevee e 154
Table 3.1: Descriptive Statistics of Teachers in Sample..........cccocvvveviiieiiieeiiieeeee e 160

Table 3.2: Estimated Health Science Teacher Counts, Course Section Counts, and Average Class

Size in Year Following a Documented Health Science Teacher Exit ..........ccccceviiiininnnnnen. 162
Table 1.A1: Retake and Passing Rates for Exams Coded as Shortage Areas.........cc.ccceeeenueennee. 171
Table 1.A2: Estimates of the Effect of Failing on Outcomes of Interest, Across Samples........ 174

Table 1.A3: Estimates of the Effect of Failing on Outcomes of Interest, Across Exam Areas.. 176

Table 1.A4: Predicted Probability of Subsequent Test-Taking as a Function of Failing or of

INTHAL SCOTE.... ettt ettt ettt et s bt e b e sab e e bt e st e enbeeeaeeenes 179
Table 1.AS5: Effect of Failing on Outcomes, with Interaction Term on Shortage Area.............. 181
Table 1.A6: Estimates of the Effect of Failing on Professional Licensure............ccccceevveeennenn. 183
Table 1.A7: Characteristics of Test-Takers, By Count of Distinct Exams Attempted............... 185
Table 1.A8: Estimates of Effect of Failing on OutComes...........ccceeevveeeiiiieniiieniieeeiie e 186

Table 1.A9: Estimates of Effect of Failing on Outcomes, Using Quadratic Function of Score. 188
Table 1.A10: Estimates of Effects of Placebo Treatment Points on Outcomes..............c.cc........ 190
Table 1.A11: Demographic Characteristics of Test-Takers, By Eventual Employment and
LACENSUIE STALUS ...ttt ettt et e st et e s ab e e bt e sab e e bt e sabeenbeeeaeeenes 192
Table 1.A12: Estimates of Effect of Failing on Retaking, With Interaction with Passing Rates 193
Table 1.A13: Predicted Passing Rates on Next EXam .........ccccoeviiiiiiiieiiieciicceecee e 195
Table 1.A14: Test-Taker Characteristics and Outcomes, By First Attempt at Any Exam (Counts
Each Test-Taker Only ONCe) ......cccueeiviieiiiieeiiieeiie ettt esee et eete e teeestaeesaaeessseeesnsaeennseens 197

Table 2.A1: Sample Averages of Teacher Characteristics, By Inclusion in Analytic Sample... 199



Table 2.A2: Parameter Estimates of the Differential Returns to Teaching Experience, By
Principal SUIVEY TTOM .....ccviiiiiiieie et et e e e naeeenaee s 200
Table 2.A3: Parameter Estimates of the Differential Returns to Teaching Experience, By
Measures of Principal Survey Ratings Constructed Using Factor Analysis.........cccccveerveeennenn. 202
Table 2.A4: Modeling Teacher RTE, Using Principal Survey Score Before Teacher Arrival in
SCROOL ..ttt sttt ettt ettt et 204
Table 2.AS5: Sensitivity Analyses of the Differential Returns to Teaching Experience, For
Principal SUrvey RatiNgs........cc.oieoiiiiiiiiiiie ettt e e e e naeeenaee s 206
Table 2.A6: Sensitivity Analyses of the Differential Returns to Teaching Experience, For
Principal ObSEIrvation SCOTES ......cccveiiriieiiiieeiiieeiteeeieeesreeesteeesteeeseaeeeeaeessaeesseeessseeensseeensseeas 208
Table 2.A7: Sensitivity Analyses of the Differential Returns to Teaching Experience, For
Principal Tenure in SChOOL.........cooviiiiie e eaaee s 210
Table 2.A8: Sensitivity Analyses of the Differential Returns to Teaching Experience, For
Principal Total Years of Experience in ROI€ ..........coociiiiiiiiiiiiiiieceeceeeeeee e 212
Table 3.A1: Comparison of Samples: Unemployment Insurance Matched Individuals with Those
Only in the FUll PAn€l.......c.coooiiiiiiiicieceee ettt e aee e e e e enaee s 216
Table 3.A2: Predicted Probability of Teacher Turnover for Each Occupationally Licensed CTE

Cluster (Growth, Trades, and Other occupational), Relative to Non-CTE High School Teachers

Table 3.A3: Predicted Probability of Teacher Turnover for Each Professionally Licensed CTE

Cluster (Business, Agriculture, and Other Professional), Relative to Non-CTE High School

T ACKHETS e et e e e e e e e e e e e e e e e e e aee e e e e e e eaaeeeeeeraaanaaaaaaaaees 225

xi



Table 3.A4: Estimated Health science Teacher Counts, Course Section Counts, and Average

Class Size in Year Following a Documented Health science Teacher Exit, Using Poisson Model

Table 3.A5: Estimated Health science Teacher Counts, Course Section Counts, and Average
Class Size in Year Following a Documented Health science Teacher Exit, Using Alternative

F N 0] (0 T Te] 1L 234
Table 3.A6: Estimated Teacher Counts in Year Following a Documented Teacher Exit For All
Clusters, Using Only School Fixed Effects ........ccccovviiiiiiiiiiiiececeeeeeee e 237
Table 3.A7: Estimated Teacher Counts in Year Following a Documented Teacher Exit For All
Clusters, Using District Fixed Effects, Lagged School-Level Outcomes, and Locale............... 238
Table 3.A8: Estimated Teacher Counts in Year Following a Documented Teacher Exit For All

Clusters, Using School-Level Lagged OUtCOMES ..........cccviveriieeiiiieiiieeiieeeiee e 240

xii



LIST OF FIGURES

Figure 1.1: Relationships Between First-attempt Exam Scores and Test-Taker Characteristics 114

Figure 1.2: Distribution of First-Attempt EXam SCOTeS.......c.cccoviiiiiiiiiniiiiiieniieieieeeeeee 115
Figure 1.3: McCrary Test, Shortage Area EXams.........cccooeeiiiiiiiiiiiiiinieeieiceee e 116
Figure 1.4: Probability of Retaking as a Function of First-Attempt Exam Score....................... 117

Figure 1.5: Months to Retake, Number of Exam Attempts, and Probability of Passing on Best
Attempt, as a Function of First-Attempt EXam ScOre........cccevviieiiiiiiiiieieeeieccee e 118
Figure 1.6: Probability of Taking an Exam in a Different Endorsement Area and Taking an Exam
in a Different Endorsement Area with Higher Passing Rates, as a Function of First-Attempt
EXAM SCOTE ..ttt ettt e et e et e ettt e st e e sateeenaeesaeeens 119
Figure 1.7: Probability of Becoming Licensed as a Teacher and Becoming Licensed as a Teacher
in the Aligned Endorsement Area, as a Function of First-Attempt Exam Score........................ 120

Figure 1.8: Probability of Taking an Exam in a Different Endorsement Area and Average

Observation Scores, as a Function of First-Attempt Exam Score ........cccccevvviieeiiieccieeciieee. 121
Figure 2.1: Distribution of Math SCOTES .......ccceiiiiiiiiiiiiieiieeee e 132
Figure 2.2: Distribution of Principal Survey Ratings ..........cccceeviiieiiiieiiieeiiecieecee e 133
Figure 2.3: Distribution of Principal Survey Ratings, for Three Individual Items..................... 134
Figure 2.4: Distribution of Principal Observation SCOTES.........c.ceeuerrierieenieniienieenieeieeeeene 135
Figure 2.5: Figure Showing Predicted Teacher Improvement Over Time .........cc.cccoceeiennennee. 136

Figure 2.6: Figure Showing Predicted Improvement Over Time, by Principal Survey Measurel137
Figure 3.1: Long-Term, Trends in Total Counts of Teachers Over Time, By Cluster ............... 157

Figure 3.2: Predicted Probability of Teacher Turnover, By Cluster...........cccccevvvienciveenieennnenn. 158

xiil



Figure 3.3: Fitted Earnings of Individuals Who Left Teaching and are Ever Employed in the
Eight Quarters After EXITING .......ccovviiriieiiiie ettt ettt et e st e st e e saeeenaeeenneee s 159
Figure 1.A1: Probability of Taking an Exam in a Different (But Related) Endorsement Area and
Taking an Exam in a Different (But Related) Endorsement Area with Higher Passing Rates, as a
Function of First-Attempt EXam SCOTE........ccovviiiiiiiiiieeieeeeeet e 165
Figure 1.A2: Probability of Taking an Exam in a Different Endorsement Area in a Quartile with
Higher Passing Rates, as a Function of First-Attempt Exam Score ..........ccccoooiiiiiniininnenne 166

Figure 1.A3: Passing Rate on Subsequent Exams, as a Function of Passing Rate on Current

Figure 1.A4: Probability of Taking an Exam in a Different and Non-Shortage Endorsement Area,
as a Function of First-Attempt EXam SCOTE........cccuevviiiiiiiiiieiieeieecee e 168
Figure 1.AS: Probability of Taking an Exam in a Different Endorsement, as a Function of First-
Attempt Exam Score, Among ESL and Special Education Test-Takers .........cccccceceeviiniieencnne 169
Figure 1.A6: Plot showing probability of retake when score is recentered at 15 points above
PASSIIIZ . c.vteeetieeeiteeeeteeeeeteeetteeetteeestaeeessaeeesseeeasseeessee e sseeessee e st e e ennteeansaeeenteeeanaeeeanseeenaeeenneeennns 170
Figure 3.A1: Predicted Probability of Turnover for Health Science Teachers Only.................. 214

Figure 3.A2: Relationship Between Course Sections and Counts of Health Science Teachers. 215

Xiv



INTRODUCTION

The literature documents the importance of teachers for student outcomes as well as the
challenges of supporting teacher development, recruitment, and retention. Policymakers are often
left without guidance about the scope of the challenges or potential policy solutions. This
dissertation addresses important gaps in the literature by studying the extent to which licensure
exams are a barrier for prospective teachers, the principal attributes associated with accelerated
teacher growth, and the turnover patterns and consequences of teachers in hard-to-staff Career
and Technical Education courses.

In the first paper, I build on recent research identifying licensure exams, which are
required to obtain permission to teach in most states, as a barrier for many prospective teachers.
Content-specific exams have different passing rates, suggesting that some exams are more
difficult, and passing rates differ in ways that may be related to the areas with the largest teacher
shortages. Tensions emerge around ensuring baseline quality of incoming teachers without
unnecessarily constraining supply of new candidates. I employ a regression discontinuity
approach that captures the causal impact of failing a licensure exam on teachers’ subsequent test-
taking behavior, receipt of a teaching license, licensure content area, and performance. I find that
retaking after failure is common, but not universal, and that even those who initially fail but
eventually pass score no worse in their observations as part of their evaluation. At the same time,
those who initially fail are less likely to become licensed in the field aligned with the given test,
to become licensed as a teacher in any area, or to become employed as a teacher in the state.

Evidence suggests that teachers improve as they accrue experience, particularly in
supportive environments. Principals play an important role in shaping teachers’ work

environments and principal effectiveness is one of the most important factors driving teacher



satisfaction and turnover. Principals likely have even stronger effects on teachers’ growth due to
their role in conducting observations, providing feedback, creating professional learning
opportunities, and building a productive school climate. However, the literature linking
principals and their characteristics to teacher growth is thin. In the second paper, I address this
gap in the literature using a longitudinal state dataset to estimate the extent to which within-
teacher growth over time (teacher returns to experience) vary by principals’ years of experience,
tenure in their school, survey ratings from their teachers, and observations from their evaluators.
I model student test scores as a function of teachers’ years of experience and these principal
measures to describe teacher improvement, controlling for fixed teacher characteristics. I find
that greater teachers returns to experience are associated with higher principal survey ratings and
principal tenure, but not principals’ observation ratings from their supervisors. These results are
of interest to stakeholders seeking strategies for targeting recruitment into the principalship,
strategically retaining strong principals, selecting principals to serve as peer mentors and
improving principal training and professional development.

In the third paper, I study turnover patters of Career and Technical Education teachers.
Ensuring a stable pool of teachers is critical to building a pipeline of future workers, especially in
career and technical education (CTE) where programming can lead to immediate post-school
employment or postsecondary enrollment. We use longitudinal state data with unemployment
insurance records, to document workforce dynamics among CTE teachers. We find that teachers
in hard-to-staff CTE areas are more likely to leave teaching and are difficult to replace, creating
net reductions in the number of students who can be served. We demonstrate that teachers with

the greatest likelihood of leaving are also those who earn the most money in their post-teaching



employment, suggesting actionable dimensions for policies to help retain or recruit teachers in
these areas.

Taken together, these chapters provide insight into policy solutions to support teacher
development and supply. They highlight the consequences of current policies and illustrate the

ways that they play out in practice.



CHAPTER 1

Cutoff at the Pass: Do Licensure Exams Change the Supply of Available Teachers?

Recent research finds that less than half of teacher candidates are employed as teachers in
public schools in the year after graduation, and at the same time schools report shortages in hard-
to-staff subjects such as STEM and special education (Cowan, Goldhaber, Hayes and Theobald,
2016; Goldhaber, Krieg, Theobald and Liddle, 2022). Such reports emphasize the headwinds
faced to the teacher pipeline. Efforts to address this undersupply and increase the number of
teacher candidates in hard-to-staff content areas requires a better understanding of the teacher
pipeline (Bardelli & Ronfeldt, 2021). Prior research identifies licensure exams, which are
required to obtain permission to teach in most states, as a barrier for many prospective teachers
as they move through the pipeline (e.g., Nettles et al., 2011). Though the teacher licensure exam
literature primarily focuses on general (non-content specific) exams, teachers are also typically
required to pass exams aligned to the area in which they intend to teach such as physics or
chemistry. These content-specific exams have different passing rates, suggesting that some
exams are more difficult. Perhaps unsurprisingly, the passing rates differ in ways that may be
related to the areas with the largest teacher shortages. For example, physics is cited as the subject
having the most significant shortages within the core sciences, and the physics exam has lower
passing rates than the biology, chemistry, or middle school science exams (American
Association for Employment in Education, 2022; Ingersoll & Perda, 2009).

Some, but not all, prospective teachers who initially fail certification exams respond by

retaking the exam. Others respond by selecting out of the profession entirely, or pursuing



licensure in an otherwise related area that has an easier exam (i.e. - higher passing rate). While in
theory maintaining high standards for exam passage may help to screen out teacher candidates
with weaker content knowledge, the existing literature on the relationship between licensure
exam scores and teacher quality is equivocal (e.g., Buddin & Zamarro, 2009; Rockofft, Jacob,
Kane & Staiger, 2011). If the exam score is not in fact predictive of teacher effectiveness, then
exam cut scores may exacerbate teacher supply challenges and reroute candidates initially
interested in teaching physics, for example, to content areas with less significant demand.
Questions persist about how licensure exams can be used to ensure baseline quality of incoming
teachers without unnecessarily constraining supply of new candidates, particularly in hard-to-
staff content areas.

The current study addresses pressing gaps in the literature to provide detailed information
about whether licensure content exams are efficient and function as intended. I use a dataset that
includes information on all test-takers in a state and all their exam attempts. Observing all
attempts helps address selection bias present in prior studies whose datasets only include test-
takers who become teachers or only include the test-takers’ best score. Unlike other studies that
focus primarily on the elementary school level and on the general rather than subject-specific
exams, | also capitalize on differences in the threshold required to pass by subject area for
middle and high school exams to broaden the evidence base. Importantly, this larger sample
allows me to highlight challenges in hard-to-staff content areas. I use Praxis II content exams,
required in over forty states and which are content-specific. I first describe test-takers’ retake
behavior. I then use a regression discontinuity approach that captures the causal impact of failing
a licensure exam on teachers’ subsequent test-taking behavior, receipt of a teaching license,

licensure content area, and subsequent employment. These outcomes are important for



understanding the extent to which licensure exams may limit supply, particularly in hard-to-staff
content areas. To understand the extent to which licensure exams screen out low-performing
teachers, I also measure the relationship between teachers’ initial licensure exam scores and their
performance in the classroom.

Overall, I find that retaking is common, but not universal, and that even those who
initially fail but eventually pass score no worse in their observations as part of their evaluation.
At the same time, those who initially fail are less likely to become licensed in the field aligned
with that test, to become licensed as a teacher in any area, or to become employed as a teacher in
the state. Test-takers who score very close to the cut score retake exams quickly and are very
likely to subsequently pass, suggesting that they are interpreting failure as measurement error.
For test-takers who retake until they pass, failing may be costly in terms of time and money and
for test-takers who fail and do not persist in test-taking, failing may constrain future career
options.

The current study makes a significant contribution to the literature because it is the first
known study to measure how licensure content exam failure may affect teachers’ subsequent
licensure area. The study results are of interest to teacher preparation programs aiming to support
their candidates who initially fail exams, to advise candidates earlier on in the process about how
to select an endorsement area, and to help reduce costly exam retakes. The results are also of
interest to state policymakers who set the cut scores for passing and may be seeking guidance
about how to balance the trade-offs to incoming teacher quality and quantity.

In the following sections, I review the literature on licensure exams and their relationship

to teacher quality and supply. Next, I describe the test-taking policies in the state. Then, |



describe the dataset and methods that I use to address my research questions. I describe my

findings and then conclude with a discussion of the study significance.

Licensure Exams and Teacher Quality

Teachers vary in their effectiveness in facilitating student learning, and policymakers are
interested in identifying predictors of this variation in teacher quality because they may provide
insights into effective policy levers (Aaronson, Barrow, & Sander 2007; Kane, Rockoff, &
Staiger 2008; Rivkin, Hanushek, & Kain 2005; Rockoff, 2004). Selectivity of the teacher’s
college attended and teacher test scores have emerged as consistent predictors of teacher quality,
in that teachers who graduated from more selective colleges and who have higher achievement
test and IQ scores produce larger student gains (Clotfelter, Ladd, & Vigdor, 2007; Eide,
Goldhaber & Brewer, 2004; Ehrenberg & Brewer, 1994; Hanushek, 1997; Wayne &Y oungs,
2003). Exam scores may be proxies for innate ability, which make workers more successful
regardless of occupation, or they may measure teachers’ content knowledge that is important for
instruction.

The findings that test scores are associated with teacher effectiveness bolster the
theoretical argument for requiring teacher licensure exams for entry into the profession. As in
many occupations, teacher licensure exams aim to ensure teacher quality by establishing a
minimum standard for entry into the profession (Angrist & Guryan, 2004; Akerlof, 1970; Leland,
1979). As Larsen (2013) explains, licensure exams may be a way of “preventing unqualified
candidates from practicing, thus raising the lower tail of the quality distribution” (p. 2). Many
states require teacher candidates to pass the Praxis I and Praxis II licensure exams before

obtaining licensure to teach. Praxis I exams measure basic skills in reading, writing, and math.



Praxis II exams capture content-specific knowledge and are aligned to the subject in which the
candidate intends to teach, such as physics or Spanish.

To evaluate whether exams such as Praxis change the composition of teacher quality,
some studies have used repeated cross-sectional data to measure changes in teacher
characteristics as a function of changes in licensure exam requirements, and the results are
ambiguous. Angrist and Guryan (2004, 2008) find null results for the relationship between the
introduction of stricter licensure exam requirements and teachers’ likelihood of having attended a
research university or liberal arts college (relative to having attended a junior college) and the
quality of teachers’ undergraduate institution as measured by the average institution-level SAT
score. In contrast, Larsen (2013) finds that stricter licensing exam policies increase the quality of
teachers’ undergraduate institution among those that remain in the profession for multiple years.
These studies leave unanswered questions about whether licensure exam requirements facilitate
greater student learning, which is the policy-relevant outcome since teacher characteristics are
imperfect proxies for teacher quality and because there are other unobserved factors that also
mediate this otherwise indirect relationship between exam requirements and student test scores.

Another group of studies capitalize on longitudinal datasets that follow individuals over
time and attempt to capture the mechanisms through which teacher licensure exam requirements
could affect student achievement. As Goldhaber and Hansen (2010) explain, teacher licensure
exams can provide information about teacher quality via a screening or a signaling mechanism.
If working as intended, licensure exams function as a screening mechanism that prevents low-
quality candidates from entering the profession. In most datasets, it is difficult to capture the
screening function because, by definition, teachers who do not pass the exam cannot enter the

profession. To address this limitation, Goldhaber and Hansen (2010) leverage a change in cut



scores in North Carolina that allows them to explore the outcomes of teachers who would not
have been able to teach under the old regime. Among the teachers affected by this change in cut
scores, the authors find that licensure exams are a weak screen for future teacher effectiveness, in
that the effect of passing on student achievement in reading is not statistically significant and in
math it is small (0.05 SD). Goldhaber, Cowan, and Theobald (2017) investigate this relationship
further using the edTPA exam, leveraging a policy that did not require passing the exam for
entry into the profession. They find passing the exam to be a strong predictor of teacher
performance, but only in reading. They note that 14% of math teachers who fail the edTPA score
in the top value-added quintile once in the classroom, and caution that “screening comes at a
cost, as candidates who fail the exam but become high-performing teachers will also be screened
out of the workforce” (p. 389). At the same time, value-added models have limitations and
having a high value-added score is not perfectly synonymous with being an effective teacher, so
questions persist about whether licensure exams serve their intended screening function.

The literature on the extent to which continuous exam scores can function as a signaling
mechanism and predict future teaching effectiveness is larger but is still inconclusive. If the
exams are a strong signal of future teaching effectiveness, then exam scores should be highly
predictive of teachers’ performance in the classroom. Many researchers have attempted to
evaluate the predictive validity of licensure exams by determining whether higher-scoring
teacher candidates eventually facilitate greater student test score growth (a proxy for student
learning). Some researchers find null results (Buddin & Zamarro, 2009), while some find
positive but not statistically significant results (Boyd et al., 2008; Rockoft, Jacob, Kane &
Staiger, 2011). Several other authors find statistically significant positive results, though the

practical significance of the relationships vary (Chingos & Peterson, 2011; Clotfelter, Ladd &



Vigdor, 2006), and the clearest results appear to be concentrated in math (Clotfelter, Ladd, &
Vigdor, 2007; Goldhaber, 2007; Goldhaber & Hansen, 2010) and stronger for the Praxis I1

exams than Praxis I for elementary teachers (Goldhaber, 2007; Shuls, 2018).

Consequences of Licensure Exams for Teacher Quality and Supply

Licensure exam policies that aim to ensure quality by creating barriers to entry may
inadvertently constrain supply or reduce teacher quality. First, making teaching more costly by
requiring exams may reduce the number of interested candidates overall (Podgursky, 2004).
Indeed, Hanushek and Pace (1995) find that stricter rules around teacher licensure exams
reduced the number of candidates who completed teacher training. The negative effects of
licensure exam policies on individuals’ decisions to enter teaching may vary by ability and be
concentrated among high-quality candidates, if increasing the costs of teaching makes it less
attractive and makes them more likely to pursue an occupation where the costs are lower and
benefits are greater (Ballou & Podgursky, 1998; Wiswall, 2007). Larsen (2013) finds that stricter
certification exam requirements reduce the probability that graduates of higher-rated institutions
enter teaching.

Teacher licensure exam requirements also appear to have larger negative impacts on the
supply of teachers of color, which is worrisome given consistent evidence suggesting that
students benefit from having teachers of color (Angrist & Guryan, 2004; Gershenson et al., 2018;
Grissom & Redding, 2015; Nettles et al., 2011; Redding 2019). Research suggests that teachers
of color are more likely to fail the licensure exams and less likely to retake the exams if they fail
(Cowan, Goldhaber, Jin, & Theobald, 2020; Rucinski & Goodman, 2019). Test-takers who fail

must retake the exam in order to pass, and qualitative evidence suggests that costs as well as lack

10



of institutional support are prohibitive to retaking exams, particularly for test-takers of color
(Hart, 2021; Pendergrass, 2018). The current study fills an important gap in the literature because
retake behavior has not been studied extensively in the quantitative literature. These differences
in passing and retake rates for teachers of color may help to explain Angrist and Guryan’s (2008)
finding that testing reduces the fraction of new teachers who are Hispanic, and taken together
suggest that licensure exams are a barrier to entry for teachers of color. Evidence from
qualitative interviews with prospective teachers of color also identify licensure exams as a
significant obstacle to entering the profession (Nettles et al., 2011). When coupled with evidence
that licensure exam scores are not a strong signal of future performance for teachers of color,
questions emerge around whether exams are worth the trade-offs to supply and quality
(Goldhaber & Hansen, 2010). This body of literature suggests that licensure exams may
constrain teacher supply in ways that are not desirable.

Threats to teacher supply are particularly concerning in already hard-to-staff content
areas such as STEM. Theory suggests that recruiting individuals with STEM skills is challenging
in part because those with STEM skills have opportunity for higher wages in the private market
(e..g, Goldhaber & Liu, 2003). Indeed, districts report significant challenges in recruiting STEM
teachers, and researchers warn that the small numbers of STEM teacher undergraduates will not
be able to meet projected demand (Goldhaber, Krieg, Theobald & Brown, 2016). Recent work
also suggests that shortages are twice as large in secondary than elementary grades, and that
math, science, foreign languages, and special education are the most challenging positions to fill
in Tennessee (Edwards, Kraft, Christian & Candelaria, 2022). Alternative licensure pathways
have attempted to help meet this need, but the vacancies have persisted (Bardelli & Ronfeldt,

2021; Cowan, Goldhaber, Hayes, & Theobald, 2016). If licensure exam costs are a barrier for
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individuals that are already unlikely to choose teaching, they may exacerbate teacher shortages in
hard-to-staff areas.

In particular, the effect of licensure exam failure on subsequent licensure area matters
conceptually because these individuals have the content expertise needed to teach hard-to-staff
contents. Re-routing them into another area might be suboptimal because they are working as a

teacher, but in an area with less significant demand.

Policy Context

This study focuses on a specific point in the teacher pipeline: after people have expressed
an interest in teaching by choosing to take a licensing exam, but before they have received
teacher licensure. In the state I study, as in over forty other states, teachers need to pass content-
specific exams (Praxis II) for endorsement to teach in particular content areas.! In more recent
years, the state has begun requiring the edTPA in addition to the Praxis II exam. In addition to
the Praxis II content exam aligned to their particular content area, teachers in some content areas
(such as early childhood, elementary, core middle school subjects, and special populations) are
also required to pass a reading exam. Test-takers coming through traditional teacher preparation
programs typically take the Praxis Il exam before graduating, and in some cases the program
requires them to do so. Candidates in alternative (job-embedded) pathways have more time (up
to three years) to pass the exam. If an individual does not pass an exam in the content area for
which they intended to obtain licensure, they may choose to 1) Retake the exam until they pass,

2) To take a different (perhaps easier) exam, or 3) Not to teach at all. Choosing to retake is not

! Praxis I is not required for licensure, but some educator preparation programs use it for admissions.
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cheap; a Praxis Il exam costs about $130 per attempt (Educational Testing Service, n.d.), even if
one doesn’t monetize the time it takes to prepare and sit for the exam,

The Praxis II content exams have different cut scores and first-attempt pass rates,
suggesting that some exams are more difficult than others. For example, in the state I study, the
Praxis II physics exam has a first-attempt pass rate of 59% while the Praxis II biology exam and
middle school science exams have first-attempt rates of 74% and 65%, respectively. In this
instance, pass rates are related to shortage areas, in that studies report severe shortages of
qualified physics teachers while shortages in biology and general science are less significant and
the numbers of graduates in these areas are much larger (American Association for Employment
in Education, 2022; Ingersoll & Perda, 2009; National Academy of Sciences, 2006). These
relationships between pass rates and shortage areas appear to hold more broadly across content
areas, in that areas with more substantial shortages often have lower pass rates or smaller
numbers of test-takers attempting the exam.

Depending on the strength of the content exam in predicting teacher effectiveness,
licensure exam cut scores may affect teacher supply and quality in different ways. First, if the
Praxis II content exam results provide helpful information to candidates in finding a content area
or profession that is a better fit, then these exams may help to ensure teacher quality as intended.
In this case, a low exam score is a signal to the test-taker that they do not have the content
expertise required to be a strong teacher in the given content and they either need to study to
increase their content-area knowledge and then retake the exam or to choose not to teach in this
area. Studies identifying a relationship between licensure exams and later effectiveness may lead

us to believe that the exams serve their signaling function and can predict teachers’ future
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effectiveness (e.g., Clotfelter, Ladd, & Vigdor, 2007; Cowan, Goldhaber, Jin & Theobald, 2020;
Goldhaber, 2007; Goldhaber & Hansen, 2010).

However, if the exam is not predictive of teacher effectiveness, then the exam
requirements may exacerbate teacher supply challenges and reroute potential physics teachers,
for example, to content areas with less significant demand, or out of teaching entirely. Angrist
and Guryan (2004) describe how noise in the exam measurement may limit the number of
potential teachers unnecessarily. If they screen out potentially strong teachers, then they may
only serve to shrink the STEM teacher applicant pool without increasing teacher quality
(Podgursky, 2004). In particular, if those who have the relevant expertise but do not pass the
exams decide to become teachers in a different area, this represents lost labor supply. For this
reason, it’s important to consider whether people get the aligned endorsement (beyond just
whether they become licensed as a teacher in any area).

Limiting the teacher labor force may be harmful for schools and districts, many of whom
already face significant challenges in hiring (Liu, Rothstein, Swan & Khalil, 2008; Papay &
Kraft, 2016). In the state I study, if schools are unable to find a qualified teacher, an out-of-field
teacher may teach up to two sections of a course, though this is not allowed for courses with an
end-of-course exam. Opting out of one subject area in favor of another with higher passing rates
may also have adverse effects for teachers’ employment opportunities because research suggests
that teacher candidates endorsed in hard-to-staff contents such as STEM have a higher
probability of being employed as teachers. At the same time, there appear to be many potential
teachers “on the bench” who are unable to find teaching jobs in endorsement areas in lower

demand such as elementary school (Goldhaber, Krieg, Theobald, & Liddle, 2021)

14



This study addresses several gaps in the literature. First, the structure of the dataset
allows me to observe teachers’ attempts on all exams, rather than only their best attempt, and |
can observe all test-takers (including those that do not become teachers). Being able to observe
the full population of test-takers in the state helps to address threats due to selection bias present
in many other studies on teacher licensure exams. Second, unlike most studies in this literature
that only include elementary school teachers and differentiate only between math and reading, |
also include middle and high school teachers and differentiate by content area. Among secondary
teachers, there appear to be important differences in the threshold required to pass by subject
area. Understanding these differences and their implications makes a significant contribution to
the literature because it may highlight solutions to address pipeline challenges in critical areas of
need. Third, this is the first known study exploring the extent to which teachers may change the

subject area license they pursue or obtain based on licensure exam results.

Research Questions
The current study answers the following research questions:
1. To what extent does initial exam score predict probability of retaking a failed exam, time
to retaking, number of exam attempts, and probability of eventually passing the exam?
2. Does just failing a content exam on the first attempt change the probability of taking a
different content exam that has higher passing rates?
3. Do those who just fail a content exam on the first attempt have a lower probability of
becoming certified as a teacher, becoming certified in the aligned area, and of becoming

employed in the state as a teacher?
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4. What is the impact of just failing a content exam on observation scores used for teacher

evaluation?

Methodology and Data

I use a state longitudinal dataset system (SLDS) that includes information on all teachers
in the state from 2010 to 2022. I merge data across several files to construct a dataset that
includes 1) School assignments and roles over time; 2) Information on personnel license level
and endorsement areas (the subject(s) in which teachers are qualified to teach); 3) Teachers’
demographic characteristics; 4) School and student-level demographic characteristics; and 5)
Teachers’ observation scores, based on a structured rubric completed by their administrator. |
merge this information to a file from the Educational Testing Service (ETS) that includes test-
taker-by-exam observations for tests required to become certified to teach in the state. The ETS
dataset includes all test-takers’ exam attempts. [ observe which exam the test-taker took, their
score, the cut score for passing for the particular exam/year, the date the exam was taken, and the
test-taker’s town of residence.

The dataset includes over 300,000 observations, representing all exam attempts sent to
the state from 2012 to 2022. Exam scores are automatically sent to the state if test-takers have an
in-state address on their ETS profile or if they take the exam at a testing center within the state,
which means that some test-takers are included in the dataset who did not request for their scores
to be sent and who may never have intended to teach in the state.

For my analysis, I include only teaching-related exams for test-takers who take their first
exam prior to school year 2018-19. This requirement gives the test-takers time to retake failed

exams and potentially show up as employed in the state. I exclude observations representing test
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attempts after the license issue date, because I aim to understand the behavior of teacher
candidates who are entering the teaching pipeline for the first time rather than individuals who
are already working in schools in the state and who are adding another subject endorsement to
their teaching license, for example, or alternatively certified candidates who are given more time
to pass the exams. I also narrow the sample to test-takers who take exams defined as shortage
areas in the state by the U.S. Department of Education between 2012 and 2019, which are:
Secondary English Language Arts, Secondary Math, Secondary Science, Secondary, Social
Studies, World Languages, English as a Second Language, and Special Education (U.S.
Department of Education, n.d.). See Table 1.A1 for a list of exams that I code as shortage areas.
My sample of both shortage and non-shortage exam takers includes 58,938 test-takers,
representing 34,694 unique test-takers taking 53 unique exams. The shortage sample includes
31,304 test-taker/attempt observations, representing 19,339 test-takers who take 29 different

tests.

Measures

I measure teacher test score and subsequent employment and certification outcomes in a
teacher-by-test-by-attempt level dataset. The state sets cutoff scores for each exam, which can
differ over time. Licensure exam scores are continuous, and I center the exam score on the state
passing threshold. I focus on the test-taker’s first attempt on each exam to reduce the bias that
could come from some test-takers retaking the exam to improve their score. Using this first
attempt score, I create a binary variable, Fail, equal to 1 if an individual fails to meet (strictly
less than) the passing threshold for the exam, and equal to 0 otherwise (at or above the cutoff

score required to meet certification requirements).
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I use several outcomes that may respond to test scores or failing to meet the passing
threshold: an indicator for retaking the same exam, an indicator for subsequently taking an exam
in a different endorsement area, an indicator for subsequently taking an exam with higher pass
rates, an indicator for becoming endorsed to teach in any area, an indicator for becoming
endorsed to teach in an area aligned to the exam, an indicator for becoming a teacher in the state,
and observation score. The first three outcomes come from the Praxis file. Retaking an exam is a
binary variable equal to 1 if the teacher took a given exam at least once after failing, and equal to
0 otherwise.

I am also interested in whether test-takers who fail an exam are more likely to
subsequently take an exam with higher passing rates. To explore this, I first calculate first-
attempt passing rates for each exam. I flag teachers who take more than one distinct exam, and
then calculate the difference in passing rate between the initial and subsequent exams to capture
whether the passing rates are higher on subsequent exams. | create a variable equal to 1 if the
teacher has taken more than one exam and the pass rates on any of the subsequent exams are
higher than on the initial exam of interest, and equal to 0 otherwise.

I use the professional certification files to measure whether test-takers become certified
as teachers. If a teacher appears in the certification files, indicating that they have been certified
to teach in the state, they are coded as a 1 on this variable, and 0 otherwise.

As part of the teacher certification process in the state, teacher candidates apply to
become endorsed in a particular subject area, such as physics or elementary school teaching.
Passing an exam in the aligned area is one of the primary requirements for endorsement. I
capture the subject area in which teachers are endorsed to teach using the endorsement code

variable from the professional certification files. Based on documentation from TDOE, I create a
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variable that indicates whether a teacher’s endorsement area aligns to the exam they took. For
example, if a teacher took the physics exam and then became endorsed in physics, their outcome
is coded as 1 on this variable. If they took the physics exam but they never became endorsed in
physics, then they are coded 0 on this variable.

I capture whether test-takers become teachers in the state based on whether they are
subsequently observed teaching in schools in the staffing files. If they are observed as teachers in
the staffing files, they are coded as 1 on this variable; otherwise, they appear not to have taught
at a public school in the state and they are coded 0 on this variable. Among those who do become
teachers, I use observation scores to capture teachers’ performance in the classroom. Continuous
TVAAS scores, which are calculated by the state using students’ growth on standardized tests,
are only available for teachers who teach tested grades and subjects, so they do not include the
full population of teachers. To address this limitation and capture a larger number of teachers as
well as to capture an additional dimension of teaching quality, I use teachers’ average
observation scores in their first three years in the classroom. All teachers are observed by their
administrators using the Framework for Teaching at least once per year and are rated on a rubric,
ranging from 1 to 5.

I also am interested in how test-takers respond to failing the exam, and whether they
appear to take time to study for the exam conditional on retaking. To address this, I create a
variable that captures the number of months between the first attempt at a given test and the
retake of that test. I also capture the total number of test attempts on any given exam.

Because test-taker’s behavior and employment outcomes may be related to their
observable characteristics in ways that are correlated with unobservable characteristics and their

outcomes, in some models I also include the following test-taker covariates that come from the
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ETS files: binary variables for race/ethnicity, gender, and whether they have an in-state address

as well as a continuous measure of their age at the time that they take the exam.

Descriptive Statistics in Sample

In Table 1.1, I present the characteristics and outcomes in my sample across the measures
I described above. First, I show that the demographic characteristics of test-takers in the sample
are generally reflective of the trends in the national teacher work force, in that most test-takers
are white (81%) and female (75%), but there are differences by test area and first-attempt passing
status. Test-takers in non-shortage areas are more likely to be female than teachers in shortage
areas, reflecting the fact that most test attempts in non-shortage areas are elementary-grade
exams. In both shortage and non-shortage areas, white test-takers make up a disproportionate
share of first-time passers.

In Columns 2 through 5, I present variation in test-takers’ behavior by whether they pass
or fail the exam on the first attempt and by whether the exam is in a shortage area. About three-
quarters of test-takers (77%) pass the exam on their first attempt. After taking a content exam,
test-takers may choose to stop taking exams entirely, retake the exam, or take a different exam
(and these last two categories are not mutually exclusive). 38% of test-takers continue to take
exams after their first attempt at the exam, with test-takers who fail being more likely to continue
to take exams than those who pass. Most (73%) test-takers only take one distinct exam. About
one-quarter of test-takers (23%) attempt a different content exam after their first attempt at a
given exam, and 12% attempt a different content exam that has higher passing rates. Test-takers
who fail are more likely to subsequently take an exam with higher passing rates than those who

pass.
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In most cases (60%), test-takers who fail elect to retake the exam, and on average they do
so about one year later. Test-takers who choose to retake attempt the exam an average of three
times in total, and most (63%) who choose to retake eventually pass. Retake rates and rates of
eventual passing are higher among those in non-shortage areas, and those who initially score
closer to the cut score.

Test-takers across the score distribution in both shortage and non-shortage areas who pass
the exam on their first attempt are more likely than those who fail to become licensed as a
teacher, to become licensed as a teacher in the aligned area, and to become employed as a
teacher in the state. The fact that these differences are present not only on average for the two
groups, but also in the bandwidth near the cut score, suggests that there may be a jump in these
probabilities that can be attributed to failing the exam. I am interested in how the outcomes of
test-takers that are very similar in terms of their score but who just miss or exceed the passing

score differ. I probe these relationships further in the next sections.

Analytic Approach

I answer the first research question descriptively by estimating the relationships between
the initial exam score, probability of retaking a failed exam, time to retaking, number of
attempts, and probability of eventually passing the exam both visually and in a regression
framework. To capture the relationship between first-attempt exam score and probability of
retaking, I regress a binary variable for whether the test-taker retakes that exam at least once on
the first-attempt score. To describe the time to retaking and relationships with time to retake,
number of retakes and probability of eventual passing, I regress the first-attempt score on each

outcome among those who retake at least once. In these regressions, I control for test-taker
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demographic characteristics as well as exam-year-month fixed effects to address the ways that
test-takers’ behavior may be related to the test administration date and which dates ETS offers
particular tests.

To identify the impact of just failing an exam on teacher candidates’ subsequent test-
taking, certification, and teaching employment trajectories, I use a regression discontinuity
research design (RDD). Under the assumption that test-takers who just fail the exam are
otherwise similar to test-takers on the other side of the cutoff who just pass, this approach is
appropriate and offers the opportunity to identify the causal effect of just failing a test on
subsequent certification and employment behavior and outcomes. I use a sharp regression
discontinuity design (Imbens, 2008) where just failing a content exam directly treats a teacher
candidate and may impact their subsequent outcome. To do this, I fit linear probability models
using an optimal bandwidth and following the approach proposed by Cattaneo, Idrobo, and
Titiunik (2019) to fit locally-linear estimates of any discontinuity in the outcome. This approach
uses the data itself to determine the bandwidth that best balances the trade-off between variance
and bias.

Using this approach, my models will by specified as in model (1) below, using binary
outcomes generically represented as Y: Retaking an exam, taking an exam in a different
endorsement area, taking an exam with higher pass rates than the initial exam, becoming
certified as a teacher, becoming certified as a teacher in the aligned area, and becoming
employed as a teacher in the state. I estimate the models for exam j for test-taker i in year ¢
controlling for the linear running variable in the exam score recentered on the exam-specific cut
score. The linear running variable is the test-taker’s centered licensure exam score, and the

exogenous indicator of treatment is whether the test-taker failed the exam. To allow the
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relationship between test score and the outcome to differ among those who just pass and those
who just fail, I also include the interaction between the running variable and the binary indicator
for failing (Fail*Score). I fit the following model to estimate the probability of each of the
outcomes of interest:

Pr(Y = 1)i = ap + ayFaily, + ayScorej +asFail * Scorejy + 8¢ + €t

(1)

Where a; is the coefficient of interest and represents the relationship between just failing
and the probability of the outcome occurring for those near the test-passing threshold,

a, controls for the relationship between the running variable and the outcome, a3 represents the
interaction between the running variable and the indicator for failing, § represents exam-by-year
fixed effects, and ¢j;; is a random error term clustered at the individual test-taker level. In some
models, I also include test-taker demographic characteristics.

For research question two, I also implement a regression kink design (RKD) where I
capture the extent to which the slope of the relationship between the score and the outcome
changes at the passing score (Card, Lee, Pei & Weber, 2015). I fit the following model:

Pr(Y = 1)ji = Bo + B1Fail = Scorej;, + B,Scoreji+ 6j + €jit

(2)

The parameter of interest in Equation 2 is 81, which is the interaction between the binary
variable for failing and the continuous score. It represents the slope of the relationship between

the score and the outcome among those who just failed in comparison to those who passed. As
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above, I also include exam-by-year fixed effects and cluster the standard errors at the individual
test-taker level.

To answer research question four, I use a fuzzy regression discontinuity design (Imbens,
2008; Murnane & Willet, 2010). In this approach, just failing a test has a fuzzy relationship with
an individual’s future employment that must pass through the likelihood that they become
certified as a teacher in the aligned area. In this approach, I use a two-stage least squares
estimation strategy in an instrumental variables approach. In the first stage, I fit a model
following (1) above, where I model the probability that a teacher who fails an exam becomes
certified as a teacher in the aligned area. In the second stage, I use the fitted values for the
probability of becoming certified to estimate the causal effect of failing on observation scores. I

fit the second stage model as follows:

Obs Scorej;; = m + miTeacherCert;;, + m,Scorej +msFail * Scorejy, + 6 + €t

3)

Where the coefficient of interest is 1, which represents the causal effect of failing a
licensure exam on becoming certified in the aligned content among teachers who scored very
close to the exam cut score. The relationship between the running variable and the outcome is
represented by 1,, and the interaction between the running variable and the indicator for failing
is represented by m5. As above, I include exam-by-year fixed effects (&) and a random error term
clustered at the individual level. I also include school fixed effects.

Using this two-stage least-squares estimation strategy means that I estimate the impact of
just failing on compliers, those who initially failed the exam and did not get the aligned

endorsement, compared to those who initially passed and did get the aligned endorsement. This
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approach does not capture the impact of failing on non-compliers. To ensure policy relevance by
using the full sample and to contextualize my estimates, I also use the sharp RD approach to
model the reduced-form relationship between failing the exam and the observation score, as in

model (1).

Validity of the RDD and RKD

The validity of the RDD and RKD rest on the assumption that individuals with very
similar test scores, but who are on opposite sides of the failure score cutoff, are comparable. If
this is true, we can use the outcomes of untreated individuals (those who just passed) to predict
the outcomes that treated individuals who just failed would have had, if they had been untreated
(passed). To ensure that the inferences from my application of the regression discontinuity and
kink designs are internally valid requires that two assumptions are true: 1) that individuals on
either side of the test failure cutoff are equal on observable characteristics, and 2) that the
distribution of the forcing variable is smooth around the cutoff (e.g., no evidence of manipulation
of individuals to one side or the other).

To test that the first assumption holds, I demonstrate balance on observable
characteristics (Table 1.1). [ also fit a series of models for test-takers close to the cut score that
regress the binary indicators for each of the observable characteristics on the indicator for
passing the exam, controlling for exam-by-year fixed effects, across six different bandwidths
(Table 1.2). I do not find a discontinuity at the cutoff in average age or proportion white,
Hispanic, Asian, other race/ethnicity, out of state address, or female, but I do find a statistically
significant relationship with the proportion Black test-takers at the cutoff for three of the six

bandwidths. However, these point estimates are not statistically significant using the widest
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bandwidths and their magnitudes become much smaller as I use data further from the cut point,
reversing sign at the furthest bandwidth that I test. Taken together, these results suggest that this
imbalance is not a significant threat to the validity of my estimates. To further address this
concern, I fit the models both with and without the test-taker covariates and show that it does not
change the overall findings (see Table 1.A2, Column 2). Further, in Figure 1.1, I show the
distribution of these covariates across the cutoff to show that there is no obvious visual
discontinuity in the outcome at the cut score, suggesting any impact suggested in the estimated
coefficients may be transitory.

Similarly, for the RKD, it is necessary that the slope in the relationship between the
demographic variable and the outcome does not change at the cut point. In Figure 1.1, I show
that the slopes appear to be continuous in the figure across the cut point (I don’t see evidence of
a kink). I also model this explicitly for each of the covariates and do not find any statistically
significant estimates (see Table 1.3).

For the second assumption, I argue that cutoff scores are set by states without knowledge
of teacher candidate performance, and performance and scores are determined by an independent
third-party testing company whose tests are used in many states. Thus, state officials have no
way to manipulate scores relative to the cutoff, and the test company does not have an incentive
or means to manipulate performance of specific test takers relative to their state-specific cutoff,
since the company itself has no knowledge of in what state a teacher candidate is pursuing
licensure. In the absence of manipulation, the distribution of exam scores should be smooth
across the cut score for passing the exam. I provide a histogram that shows the distribution of
exam scores on the recentered test score variable and I do not find visual evidence of

manipulation. I see evidence of several mass points in the distribution, but I observe that exam

26



scores are continuous across the threshold for passing (Figure 1.2). I use a McCrary test to test
for evidence of manipulation (See Figure 1.3) and the test suggests that there may be evidence of
bunching just around the bandwidth for passing for shortage exams (p<0.10) , but not for exams
overall (p=0.64) or non-shortage exams alone (p=0.19). When I apply the McCrary test to each
exam individually, results suggest that these estimates are mostly driven by the middle school
math exam (where p-value<.05) or perhaps the secondary math exam (where p-value<.10).

Though it seems impossible for test-takers or state officials to manipulate the scores, the
statistically significant coefficient on shortage area exams suggests a potential threat to the
validity of my RDD estimates. To establish that my design meets RDD assumptions and that
potential violations do not undermine my inference, I implement a donut hole RDD where I drop
observations where the centered score is equal to -1, 0, or 1. After dropping these observations,
the McCrary test does not suggest evidence of bunching for shortage exams (p=.24), for non-
shortage areas (p=.20), or for the full sample (p=0.95).

Given these results, I am not concerned that manipulation threatens the validity of my
approach or inference, but I do fit some models for the shortage areas overall where I use the
donut hole approach to confirm that the change in sample does not change my results
significantly (Table 1.A2, Column 3). I also fit models for the shortage areas where I drop
middle school math (Table 1.A2, Column 4), and models where I use the donut hole approach
for math exams (Table 1.A2, Column 5). When I remove middle school math exams, the
estimates are almost exactly the same. Relative to the non-donut hole approach (Table 1.A3,
Column 2), the estimates for math only are very similar but less precise, which would be
expected given less power. These results make me more confident that my approach is valid and

the results are not driven by manipulation.
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Results

Below, I describe the relationships between initial exam score, probability of retaking,
time to retaking, number of retakes, and eventual passing. I show that test-takers with higher
initial scores are more likely to retake, and conditional on retaking, they retake the exams more
quickly, retake the exams fewer times, and are more likely to eventually pass than those with
lower initial scores. Then, I show how failing impacts subsequent test-taking behavior and
licensure/employment outcomes, in that the relationships between exam score and probability of
attempting a different exam vary on either side of the cut score, and that failing impacts
subsequent licensure and employment outcomes in significant ways. Finally, I describe the
strength of the instrument and how I use it to measure whether failing affects teacher

performance.

To what extent does initial exam score predict probability of retaking a failed exam, time to
retaking, number of exam attempts, and probability of eventually passing the exam?

Average differences in Table 1.1 suggest that test-takers who fail, but score closer to the
passing score, are more likely to retake than test-takers who scored further from the cut score.
This bears out in the descriptive analyses in Table 1.4, where a one-unit increase in centered
score is associated with a roughly one percentage-point increase in the probability of retaking. In
Figure 1.4, I plot the centered exam score on the x-axis and the proportion of test-takers who

retake the exam on the y-axis. The figure shows a positive relationship among those who fail,
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where the probability of continuing to take exams increases as they get closer to the passing
score and there is a sharp jump in the probability of retaking at the passing score.?

This also bears out in the RDD model (Table 1.5), where test-takers who fail are much
more likely to retake the exam than their counterparts who just pass, in ways that are statistically
significant. Just failing the exam results in a 60 percentage-point increase in the probability of
retaking the exam, relative to test-takers who just pass.

Descriptive differences between test-takers who score close to the cutoff, relative to the
full sample of those who choose retake, suggest that those who score closer retake the exam
more quickly, and that they retake fewer times (Table 1.1). As I demonstrate in Figure 1.5 and in
Table 1.4, a higher score is associated with less time until the first retake and a 1-unit increase in
the centered score is associated with a roughly one-week decrease in time to retake. Descriptive
differences in Table 1.1 suggest that on average, retakers attempt the exam three times, but that
the average number is smaller among those who score closer to the cut score. Figure 1.5 suggests
that as scores increase, the number of exam attempts decreases. This bears out in the output in
Table 1.4, where a 1-unit increase in initial score is associated with a statistically significant
decrease in the number of retakes.

Average differences in Table 1.1 suggest that retaking often leads to passing; of the test-
takers who retake at least once, 63% eventually pass and the proportion who eventually pass is
higher among those who score close to the passing score on their first attempt. Figure 1.5
highlights this positive relationship and shows that the test-takers who score very close to the cut

point and retake are very likely to eventually pass; 89% of those who just fail on the first attempt

2 Note that a small number of test-takers whose scores exceed the state passing score choose to retake. Further
analyses suggest that these are mostly test-takers with out-of-state addresses, who may be attempting to reach a
higher cut score in the state in which they intend to teach.
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eventually pass. I document this strong and positive relationship in Table 1.4, where a 1-unit
increase in initial score is associated with a 2.6 percentage-point increase in the probability of

passing on the best attempt.

Does just failing a content exam change the probability of subsequently taking a different
exam with higher passing rates?

Descriptive statistics in Table 1.1 suggest that those who fail exams in shortage areas are
more likely to subsequently take an exam with higher passing rates than their counterparts who
just pass. I document these relationships in Table 1.A4, where I show that failing is a statistically
significant predictor for subsequently taking an exam in a different content area, including one
with higher passing rates, and that overall, higher scores are associated with lower probabilities
of taking a different exam or one with higher passing rates. However, these descriptive
differences mask the ways that test-takers on either side of the cutoff respond differently to their
initial score. In Figure 1.6, I present graphical evidence that suggests a change in the slope of the
relationship between the running variable and the probability of taking a different (and higher-
passing rate) exam at the cut point, but not a discontinuity.

This bears out in the RDD and RKD models, where the estimates on the discontinuity are
null (Table 1.5, Columns 2 and 3), but the estimates on the change in slope are negative and

statistically significant, or at least suggestive (Table 1.6, Columns 2 and 3).

Does just failing a content exam change the probability of becoming certified and employed?
On average, teachers who fail on the first attempt are less likely to become licensed as a

teacher in any area, to become licensed in the aligned area, or to become employed. As shown in
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Figure 1.7 in the panel on the left, where the x-axis is the centered exam score and the y-axis is
the proportion of test-takers who become licensed as a teacher, there is a clear jump at the cutoff
in the probability of getting licensed. The discontinuity is even more pronounced in the figure on
the right, where the outcome is the probability of getting licensed in the endorsement area
aligned to the given test. Similarly, in Figure 1.8, in the panel on the left, there is evidence of a
discontinuity in the probability of becoming employed as a teacher in the state at the cut score.
These relationships bear out in Table 1.5, where I show the estimates from the RDD
model. In Columns 4, 5, and 6, my estimates of the sharp discontinuity suggest a clear jump in
the probability of becoming licensed, becoming endorsed in the aligned area, or becoming
employed as a teacher as a function of the first-attempt exam score. They suggest that test-takers
who just fail are 6 percentage-points less likely to become licensed as a teacher in any area or to
become employed as a teacher in the state, and 10 percentage-points less likely to become

licensed in the aligned area, than those who just pass.

What is the impact of failing the exam on teacher performance?

I do not find evidence that test-takers who just pass the exam on the first attempt have
higher observation scores than test-takers who just fail the exam on their first attempt. Though
Figure 1.8 suggests a positive relationship between exam score and observation score overall, it
does not reveal graphical evidence of a discontinuity in the observation scores of test-takers just
above and below the cut score for passing. The reduced-form estimates in Table 1.5, Column 7,
are null and do not suggest that teachers who score higher on their first attempt receive higher

observation scores than their counterparts who score just below.
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Strength of the instrument

To capture the relationship between failing and teacher performance, I implement a fuzzy
RD to account for that fact that becoming a teacher requires passing a certification exam. Thus, |
use the exogenous variation in just failing as an instrumental variable to predict the probability of
becoming a teacher in that aligned subject area. For the fuzzy RD to be credible, the instrument
(failing the exam) must have a strong relationship with the probability of becoming certified as a
teacher in the aligned area. As described above, my estimates of the first-stage discontinuity
suggest a clear jump in the probability of becoming endorsed in the aligned area as a function of
the first-attempt exam score. I also conduct formal tests for the strength of the association
between failing the exam and the endogenous explanatory variable using an F-test for weak
instruments from the first stage (Andrews, Stock, & Sun, 2019; Stock, Wright & Yogo, 2002;
Stock and Yogo, 2005). The F-stat is 17.62, which exceeds the recommended threshold of 10.

The estimates from the fuzzy RD presented in Table 1.5 (Column 8) also do not reveal
evidence of teachers who score just above the cutoff receiving higher or lower observation

SCOres.

Robustness Checks
I fit the models in several different ways to understand the extent to which my results are
robust to changes in the sample and to confirm the validity of my approach. I describe these

models below.

Changes to the sample
In the main results, I limit the sample in several ways: 1) to shortage areas; 2) to test-

takers who took their first exam before school year 2018-19; and 3) to instances where the test-
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taker attempted the exam before receiving the initial license. To check robustness of my findings
and to check that my findings are not simply explained by sampling decisions as well as to
understand potential heterogeneity by subject area, | expand the sample in several ways below.

First, I fit models for exams in non-shortage areas and find that the results are
substantively similar overall, but note that the magnitude of the estimate for the retake outcome
is larger for non-shortage area exams (Table 1.A3, Column 9), suggesting that test-takers in non-
shortage areas are more likely to retake after failing than test-takers in shortage areas. I also note
that the magnitude of the estimate for becoming hired as a teacher is smaller for test-takers in
non-shortage areas than shortage areas, perhaps suggesting that the exams are less of a barrier for
them in becoming a teacher (Table 1.A3, Column 9).

I also fit the models for each shortage area separately (Table 1.A3) and find that the
magnitudes and directions of the estimates are substantively similar to my main estimates,
though in some cases are no longer statistically significant and differ in ways that may suggest
some heterogeneity by exam area. Across exam areas, just failing still leads to a large and
statistically significant increase in the probability of retaking, but there are differences in the
magnitudes of the relationships, ranging from a 46 percentage point-increase in world languages
to a 73 percentage-point increase in English as a Second Language. The relationship between
failing and the probability of becoming licensed as a teacher are less precisely estimated in some
subject areas with smaller counts of teachers, but are all negative and range from a roughly two
percentage-point decrease in special education to a nine percentage-point decrease in social
studies. Similarly, for getting licensed in the aligned endorsement, all estimates are negative and

range from a five percentage-point decrease in science to an almost 19-percentage point decrease
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in social studies. The point estimates for the impact of failing on becoming employed as a
teacher in the state range from 0.029 in ELA to 0.087 in social studies.

The negative effects of failing on becoming licensed, becoming licensed in an aligned
area, and becoming a teacher are most clear for social studies test-takers, who are one of the
largest groups and where I have more statistical power to detect an effect. Though the
Department of Education does identify secondary social studies as a shortage area in the state,
some evidence based on survey responses from administrators suggest that it is a less pressing
shortage area in the state (Edwards et al., 2022). To check that social studies is not driving the
main results, I fit the models with and without social studies and confirm that the results are
robust to the inclusion or exclusion of social studies test-takers (Table 1.A3, Column 10).

Across most models that consider shortage areas in the aggregate (Table 1.A2, Columns
1-9) the point estimates for subsequently taking a different exam are null and very small, but the
models that separately consider English as a Second Language and Special Education test-takers
(Table 1.A3, Columns 3 and 8), suggest that those who fail may be more likely to subsequently
attempt an exam in a different endorsement area (p<0.10). Further, when I fit the models for
shortage areas but exclude ESL or special education test attempts, the point estimate for taking a
different exam is larger in magnitude than the models that include all shortage areas, are
suggestively significant (p<.10), and opposite in direction (negative), suggesting that there may
be differences in how Special Education test-takers and ESL test-takers respond to exam failure,
in comparison to their counterparts in other shortage areas.

To check robustness of my findings and sensitivity to sampling decisions I also fit models
that include different years. In 2015, state licensure policy changed and record-keeping became

more systematic. The state also transitioned from having more than ten different license types for
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novice teachers to having only one. To check that the estimates hold and are not due to potential
noisiness from these administrative changes, I fit the models using only licenses issued after the
policy change. Across outcomes, the results are very similar to the main results (Table 1.A2,
Column 6).

I assume that most test-takers become employed within four years of taking their first
content exam, since most undergraduate preparation candidates take the exams between their
sophomore and senior year, which is why I limit the sample to those who first attempt an exam
before school year 2018-2019. To give test-takers more time to appear in the files, I restrict the
sample to those who take their first exam before school year 2015-16 (Table 1.A2, Column 7).
The results are very similar.

Next, I restrict the sample to only observations where the test-taker has not yet received
their initial license at the time that they attempt the exam. I impose this restriction to address the
fact that some test-takers may be taking an exam to add an endorsement to their existing license,
rather than toward their initial license. However, this restriction may remove some test-takers
taking exams toward their initial license because some alternatively licensed and out of state
candidates can be issued an initial license before passing the required exams. Thus, my findings
might be less generalizable and have less external validity. To ensure that the results are valid
and robust, I also fit models where I include exams taken up to three years after the initial exam
date (because that’s the period in which candidates need to pass), and I develop a strategy to
remove test-takers who had another endorsement in a different area at the time that they attempt
the given test. Though not perfect, this should remove most test-takers attempting to add an
endorsement without removing alternatively certified candidates taking tests toward the initial

license. The results are very similar with this sample (Table 1.A2, Column 8). The primary
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concern with this group of potential alternatively certified or out-of-state test-takers is that they
can get the initial license before passing exams. However, the professional license (the
permanent teaching license in the state, issued three years after the initial license) requires that
test-takers pass all Praxis II exams, regardless of license type or pathway. To check robustness of
findings, I also fit models where I use a measure of whether the individual earned the
professional license or got the aligned endorsement on their professional license as the outcomes
(Table 1.A6). The magnitudes of these estimates are smaller, which would be expected given the
time lag and the fact that not all teachers persist through to the professional license, but they are
similar in direction and significance. This reduces concern about order of exam-taking and
receiving the license.

One additional concern about my approach might be that some test-takers are hedging by
taking multiple Praxis II exams. Indeed, about one-quarter of the sample take more than one
distinct Praxis II exam. As I show in Table 1.A7, some test-takers (white, female, and in-state)
are more likely to attempt more than one distinct exam than their counterparts, and test-takers
who take a greater number of exams are also more likely to become licensed or become
employed as a teacher. To check that these test-takers are not driving the results, I restrict the
analyses to include only each test-taker’s very first attempt at any exam (so that each test-taker is
only included once in the analyses). These results (Table 1.A2, Column 9) are very similar to my

main results.
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Changes to the bandwidth, Functional form, and Placebo checks for treatment effects at other
points

Point estimates from regression discontinuity designs can be sensitive to choices about
bandwidth, and inferences may not hold further away from the cut point. To address this concern
and check the robustness of my findings, I fit models that use six different bandwidths (Table
1.A8) and find that my estimates are not sensitive to changes in bandwidth, even using
bandwidths that use data twenty points away from the cut score. The fact that wider bandwidths
improve precision but do not change magnitudes of the point estimates suggest that I can justify
strong interpretations at the cutoff, and give me more confidence in the validity of my estimates.

Point estimates from regression discontinuity designs can also be sensitive to choices
about functional form. Gelman and Imbens (2015) suggest that researchers use local linear or
quadratic functions, rather than any higher-degree polynomials, because higher-order
polynomials give too much weight to data far from the passing score. My preferred estimates use
a linear function of the running variable, but to check for sensitivity to changes in functional
form, in Table 1.A9, I present estimates that include a quadratic function of the running variable
across bandwidths. My results remain stable across bandwidths and this change in the functional
form of the forcing variable.

An additional requirement for the RDD to be valid is that there is not evidence of another
discontinuity. To further confirm the robustness of my findings, I check for treatment effects
elsewhere in the test score distribution. In the absence of another treatment, I would not expect to
find discontinuities in the outcomes at other points in the distribution. To check for treatment
effects at other points, I fit models that set the cut score for passing to fifteen, twenty, and

twenty-five points above and below the true passing score and then re-fit the models using a
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bandwidth of fourteen to ensure that the bandwidth is consistent across models but does not
include the true discontinuity (Table 1.A10). Across the thirty models that I fit, I find only one
statistically significant estimate on the retake outcome when I use a cut score at fifteen points
above the real passing score. I do not consider this to be a significant threat to the validity of my
estimates for several reasons. First, the sign on the estimate is negative, suggesting that test-
takers who fail are less likely to retake, which is the opposite direction from my main estimates
and all other robustness checks. Second, very few test-takers those who score above the state cut
point choose to retake, and it appears that those who do so are attempting to meet cut scores in
other states that are typically only two to five points above the state’s cut score, much smaller
than this fake cut point (Educational Testing Service, n.d.). Figure 1.A6, which displays the
fifteen-above centered cut score on the x-axis and the proportion who retake on the y-axis,
emphasizes that the effect size is very small (about 0.01) and an artifact of using a strange point

in the distribution where there is not an obvious visual discontinuity.

Discussion

The results from my analyses suggest that test-takers respond to exam scores in various
ways, and that the exams may be a barrier to entry without being predictive of future
effectiveness. In the following section, I address the limitations to my approach, including the
extent to which they are generalizable, situate my results within the related literatures on teacher
licensure exams and teacher supply, and then describe potential mechanisms to explain my

results.
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Threats to internal validity in the RDD approach

There are two potential threats to the internal validity of the RDD approach: 1) The
potential imbalance of Black test-takers at the cut score; and 2) Bunching of scores right around
the cut score in the middle school math exam, which may indicate manipulation. I address the
first potential threat by fitting the models with and without covariates to show that the estimates
are very similar and by showing that this potential discontinuity is not stable across changes in
bandwidth. These results suggest that imbalances in the proportion of Black test-takers right
around the cutoff are not driving my estimates of the discontinuities in the outcomes. As I
describe above, I address the concern about bunching around the cut score by first describing
why manipulation seems impossible and then by fitting models with and without middle school
math exams and with and without the donut hole approach. Stability of the estimates across these
models suggests that manipulation is not a significant threat to the validity of my approach or

results.

Generalizability

One limitation of the RDD model is that it produces a local average treatment effect,
which means that the estimates only apply to the units within the bandwidth. In my context, this
means that I can only speak to the effect of failing on test-takers who score close to the passing
score, and not for test-takers who score further away from passing. In this context, this
interpretation is still policy-relevant because a large proportion of test-takers score within the
optimal bandwidth, and are a potential source of supply that policymakers would like to

capitalize on. Additionally, the stability of my estimates to bandwidths further from the cut score
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make me more confident that the results may be generalizable to test-takers scoring further away
from the cut score.

A limitation of the fuzzy RDD is that this estimate applies only to compliers, meaning
test-takers who pass on the first attempt and earn the aligned endorsement or test-takers who fail
on the first attempt and do not earn the aligned endorsement. I can only observe the observation
scores for test-takers who become teachers. Descriptive differences between test-takers who do
or do not become teachers (Table 1.A11, Columns 1 and 2) and get the aligned endorsement
(Table 1.A11, Columns 3 and 4) highlight the ways that those who opt out are more likely to be
test-takers of color. Other related work (e.g., Rucinski & Goodman, 2019) also documents the
ways that teachers of color are lost along the way through the teacher pipeline and find similar
differences. This context is important in the interpretation of my results. To capture the
potentially more policy-relevant estimate, I also fit the reduced-form models for the effects of
failing on observation scores, which include non-compliers.

My sample excludes tests taken after the initial license is issued, in an effort to improve
precision and to be more sure about the causal direction of failing on licensure. However, this
sample restriction means that I exclude at least some test-takers who are pursuing alternative
licensure (either job-embedded or transfers from out-of-state) and so my estimates are most
generalizable to test-takers in traditional teacher preparation programs. However, I argue that my
estimates are also generalizable to test-takers in alternative pathways because analyses that use
test-takers who take exams after the initial license issue date reveal similar patterns, as do

analyses that use the professional license as the outcome.
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Findings in relation to other work

My findings largely confirm and expand on prior work on the ways that licensure exams
influence teachers’ progression along the pipeline. First, my finding that test-takers who score
further from the passing score are less likely to retake exams reinforces findings from Cowan, et
al. (2020) and Rucinski and Goodman (2019), who uncover similar trends using test score
(MTEL) data from Massachusetts. My descriptive findings around retake behavior build on this
work and fill a gap in the quantitative literature. They also speak to the qualitative work
suggesting that institutional barriers and costs may be prohibitive to retaking for prospective
teachers.

My findings around the impact of failing an exam on employment and licensure
outcomes largely conform to the prior literature. My finding that failing a Praxis II exam results
in a lower probability of being employed as a teacher in the state aligns with the Goldhaber et al.
(2017) finding that those who pass the edTPA in Washington state were 15 percentage-points
more likely to become employed in the state teacher workforce. Though the magnitudes of my
estimates are smaller than in the Washington paper, they are larger than the results from
[REDACTED] (In press), who also use Praxis II data from a single state to predict the effect of
failing on employment in the in-state teacher work force. These authors use a sharp RDD, while
the Goldhaber paper uses the full sample of test-takers and uses a different licensure exam. My
paper mirrors several other findings in the [REDACTED] paper around licensure outcomes.
They find that just failing a Praxis II exam results in a 6 percentage-point decrease in the
probability of getting licensed in any area, and a 7 percentage-point decrease in STEM subjects

in the probability of getting licensed in an aligned area.
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Past literature is equivocal around whether licensure exams predict teachers’
performance, with some work suggesting that they predict performance for at least some
teachers. Unlike most of the prior literature, the current study uses content exam scores, uses a
regression discontinuity design that only captures the effects among those close to the cut score;
and uses observation scores to measure teacher performance, rather than students’ standardized
exam scores. These differences point to the importance of expanding further on this literature to
understand the extent to which my findings differ because of methods, context, or the teacher

performance measure.

Mechanisms/alternative explanations

I provide descriptive evidence suggesting that test-takers who initially fail but score
closer to the cut score are more likely to retake than their counterparts who score further away,
that they do so more quickly, attempt the exam fewer times in total, and that they are more likely
to eventually pass. These descriptive trends provide some insights into test-takers’ behavior and
the ways that initial scores may shape test-takers’ trajectories or future choices. They may also
point to measurement error in the exams, because test-takers who fail on their first attempt by
just a couple points and choose to retake do so quickly (suggesting they may not spend much
time studying), and are very likely to pass. However, it is important to note that these average
differences are constructed using the behavior of test-takers who choose to retake, and who are
different in terms of observable characteristics from their counterparts who do not choose to
retake, in that they are more likely to be white and to have an in-state address, for example. We
cannot know the outcomes of test-takers who do not persist in test-taking or the reasons why they

chose not to retake, and so these trends are purely descriptive and do not enable causal claims.
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My analyses also suggest there may be differences in the probability of retaking across
exam area. In comparing the impact of failing on retake across exam areas, I observe that test-
takers who just fail exams in non-shortage areas are more likely to retake than those who just fail
in shortage areas. Because shortage exams generally have lower first-attempt passing rates than
non-shortage exams, I anticipate that these differences may be driven at least in part by
differences in passing rates across exams. Test-takers may be more likely to retake an exam
where passing rates are higher and where they think they have a better chance of passing. This
bears out in Table 1.A12, where I include an interaction of the failed term with the first-attempt
passing rates of a given exam. | find a statistically significant relationship between the
discontinuity and the passing rates (Column 2), suggesting that an increase in passing rates on
the exam may be associated with a greater probability of retaking among those near the cut
score. This relationship is statistically significant when I include all exams (shortage and non-
shortage), but is less precisely estimated when I consider differences only among shortage area
exams, perhaps due to less statistical power coming from having fewer observations.

I do not find evidence to suggest that for most test-takers, failing an exam causes them to
take a different exam. However, I do find evidence of a kink in the slope between the exam score
and the probability of subsequently taking a different exam at the cut point, suggesting that test-
takers may be considering their initial score when deciding whether to subsequently attempt a
different exam. Though there is not a clear impact of failing on taking a different exam for test-
takers overall within the RDD framework, I do uncover suggestive evidence that that Special
Education and English as a Second Language test-takers are more likely to subsequently take a
different exam after failing the exam of interest. This finding may be explained in part by teacher

preparation candidates who enroll in dual licensure programs. A majority of test-takers (70%)
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only get one endorsement on their initial license, but some test-takers do get multiple
endorsements on their initial license. Two of the most common pairings of endorsements in the
data are special education with an elementary endorsement and English as a Second Language
with an elementary endorsement. Though not very common, it appears that at least some teacher
preparation programs (Lee University, n.d.; Johnson University, n.d.) offer dual licensure
programs in these areas. More work should be done to understand dual licensure policies and to
tease apart differences in behavior for test-takers in these programs.

I also do not find evidence that failing an exam causes test-takers to take an exam with
higher passing rates, but I find some descriptive evidence to suggest that test takers may be
making strategic choices about the order in which they take exams. I find that, conditional on
taking another exam, all test-takers (not just those who fail) take an exam with higher passing
rates on their next attempt (Table 1.A13). Figure 1.A3 shows the passing rate of the given test on
the x-axis and the passing rate of the next distinct exam the test-taker attempts on the y-axis and
highlights the positive relationship for both failers and passers on the first attempt. It may be that
test-takers are purposely attempting more difficult exams first because they anticipate they will
need more time to pass them. To the extent that cost is prohibitive or failure causes test-takers to
self-select out of test-taking, this strategy may result in fewer test-takers persisting through the
teacher pipeline.

One potential limitation to my analyses around the impact of failing on taking an easier
exam is that my approach makes the assumption that exams with higher passing scores are
easier, which may not correspond to test-takers’ understandings, and which are also very
individual to each test-taker. Some test-takers may be stronger in physics, for example, than

biology, even though biology has higher passing rates. In many, but not all, cases, lower passing
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rates do appear to be related to the extent to which an exam represents a shortage area, but there
are some exams such as Physical Education that represent non-shortage areas but that have low
passing rates. I acknowledge that passing rates are an imperfect proxy for difficulty of the exam,
but still believe that differences in passing rates across exams capture something important that is
related to test-takers’ behavior. I also consider whether the way that I measure difficulty changes
the results, and in the appendices (Figure 1.A1), I consider whether test-takers are more likely to
take different exams in related areas (i.e., biology test-takers to take a science exam). I also
create a measure where create quartiles of passing rates (Figure 1.A2). The patterns are similar to
my other results, where there is a clear kink in the relationship at the cut point, but not a
discontinuity.

I do find evidence to suggest that test-takers who just fail are less likely to become
licensed as a teacher, to become licensed as a teacher in the area aligned to the exam, or to
become employed as a teacher in the state than those who just pass. I note that the point
estimates for aligned endorsement are different and almost twice as large in magnitude than the
point estimates for becoming licensed as a teacher in any endorsement area, suggesting that at
least some test-takers find become licensed without becoming licensed in all of the areas they
may have intended.

Two policies in the state that allow test-takers to become employed or licensed as
teachers without first passing the Praxis II exams may attenuate my estimates toward zero. First,
teachers who teach courses without an end-of-course exam can be issued a permit to teach
without having first passed the required exam. Second, those seeking the secondary math
endorsement can take either the Praxis Il exam or the National Evaluation Series exam in

mathematics. We do not have data on the National Evaluation Series (NES) exam, but anecdotal
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evidence suggests that at least some educator preparation programs perceive the NES exam to be
easier than the Praxis Il exam and may encourage their test-takers to attempt the NES exam
rather than the Praxis II, or to take the NES exam after failing the Praxis II exam. There is a
similar policy for world language teachers, who can submit either Praxis II scores or scores on
the Alta Language Assessment. This may explain why I have less precision in some of the
models for math exams or world language exams on their own. I attempt to address some of
these limitations by considering differences by content area and considering outcomes around
both employment and licensure, which would respond differently to these policies.

I do not find evidence to suggest an impact of failing on teachers’ observation scores
among those who become employed as teachers. As I describe above, the RDD approach limits
the extent to which I can generalize to other potential teachers. I also note that the analyses do
not take into account the test-taker’s eventual area of teaching, so to the extent that it’s important
to understand performance in the content area aligned to the specific exam the test-taker
attempted, this is a limitation. Also, the current study uses teacher observation scores as an
outcome rather than students’ exam scores, which seems reasonable based on the evidence
suggesting that teacher observations capture important components of teacher quality (e.g., Goe,
2017) and because it allows me to include more teachers in my analyses. However, to the extent
that student test scores offer different information, this outcome would be worth exploring in

future work.

Conclusion
This study seeks to contribute to the literature by studying teachers’ responses to initial

failure of required licensing exams and measuring the extent to which exam scores predict
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available measures of future teacher performance. Quantifying how often, and at what cost,
candidates pivot to another subject area for certification after exam failure could help to address
pressing questions about where in the pipeline teachers attrit and opt not to teach in higher-
demand subjects, or out of teaching altogether. The results are policy-relevant because they have
the potential to provide guidance for teacher preparation programs about how to support their
candidates who initially fail the exams. Teacher preparation programs may be able to use this
information to reduce the number of people who don’t go on to teach, or who persist into
teaching on a path that might be suboptimal. Additionally, understanding the extent to which
these content exams are in fact predictive of teacher performance is crucial because exam
failures that give teacher candidates inaccurate information about their teaching potential may
have negative consequences, both for the individual and for teacher supply overall. These
findings may also be relevant to policy makers who are in a position to understand and modify
existing requirements for the certification of teachers.

Exams that reduce supply without ensuring quality have real consequences for test-takers,
and this measurement error amounts to over $250 in additional exam costs. For the roughly one-
third of test-takers who just fail and choose not to retake, though would have been likely to
eventually pass, the exam leads to lost labor supply. In the current study, this amounts to 1,379
test-takers who score within the RDD bandwidth and choose not to retake. 134 of these test-
takers score only one point away from passing.

Descriptive differences in the characteristics of test-takers who choose not to retake
exams, or who choose to stop taking exams entirely after exiting, suggest that more work should
be done to attend to the impacts of teacher licensure exams on test-takers of color. They also

suggest that policies that provide funding for test-takers to retake exams or that support them in
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studying to retake may help test-takers to pass exams and become teachers. Research that
addresses these types of questions and builds on the work in the current study will make a

significant and policy-relevant contribution.
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CHAPTER 2

Do Principal Attributes Influence Teachers’ Returns to Experience?

A large literature finds that novice teachers (those with less than three years of
experience) are less effective on average than their more experienced peers (e.g., Boyd et al.,
2006; Clotfelter, Ladd & Vigdor, 2007). As in many occupations, teachers “learn-while-doing”
and accrue returns to experience (RTE) as they improve on the job (Harris & Sass, 2011; Kraft &
Papay, 2014; Rockoff, 2004). For example, Kraft and Papay (2014) find that a novice teacher in
the 27th percentile of the effectiveness distribution will later score at approximately the 50th
percentile after accruing ten years of experience. They also suggest that these returns to
experience can be moderated by school context, in that teachers improve more rapidly in more
supportive environments (Kraft & Papay, 2014). A related literature finds that principals play an
important role in shaping teachers’ work environments and identifies principal effectiveness as
among the most important factors driving teacher satisfaction and turnover (Grissom, 2011;
Grissom & Bartanen, 2019). Principals who have developed skills during or prior to their
principalship may be better equipped to accelerate teachers’ development and be more likely to
engage in behaviors associated with improved school outcomes such as teacher coaching and
strategic assignment of students to teachers (Bartanen, 2019; Bastian & Henry, 2015; Bowers &
White, 2014; Goldhaber, Holden & Chen, 2019; Grissom, Egalite & Lindsay, 2021). However,
the literature connecting teacher growth to principal behaviors and skills is thin and leaves

unanswered questions about the principal’s role in the relationship.
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This study seeks to bring together two separate literatures, one on teacher RTE, and a
second on the role of principals in influencing school outcomes. It also builds on two recent
studies suggesting that principals who have higher observation scores work in schools where
teachers improve more rapidly (Papay & Laski, 2021) and that principals vary in their ability to
help teachers grow, as measured by their observation scores (Husain, 2022). I complement these
studies and investigate these findings more deeply by using a state-level dataset that incorporates
multiple measures of principal attributes and by directly modeling the relationship between these
inputs and individual teachers’ trajectories as measured by their students’ test scores. To isolate
the contribution of experience and principal attributes, I use repeated observations of teachers
over time and include teacher fixed effects in the model. The research design enables me to
separate within-teacher improvement over time from unobserved factors associated with teacher
experience that could lead to bias.

I find that teachers whose principals have longer tenures in their school and higher
average survey ratings improve more rapidly than teachers whose principals have shorter tenures
and receive lower survey ratings. I do not find evidence to suggest that teachers whose principals
receive higher observation ratings from their supervisors as part of their formal evaluation
improve more rapidly. Answers to the questions posed in this study constitute an important
contribution because a large literature documents that high-quality and experienced teachers and
principals are not distributed equitably across schools and classrooms (Goldhaber, Lavery &
Theobald, 2015; Grissom, Bartanen & Mitani, 2019). Given the large impacts of teachers and
principals on student learning, improving human capital provides opportunity for districts to
address inequities in their schools (Chetty, Friedman & Rockoff, 2014; Leithwood et al., 2004).

The results of this study are of particular interest to districts seeking to improve human capital
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through purposefully targeting teachers for recruitment into the principalship, strategically
retaining strong principals, selecting principals to serve as peer mentors, and reforming principal
professional development.

In the following sections, I review the literature on teacher RTE, known ways school
context may influence RTE, and the types of principal characteristics and behaviors that are
associated with positive student and teacher outcomes. I then describe the dataset and methods
that I use to address my research questions. Next, I present the findings and their robustness to
different model specifications and samples. I conclude with a discussion of the significance and

contribution of this study to the field.

Teacher Growth and Principals’ Influence

Human Capital Theory, Teacher Growth, and School Context

Human capital theory suggests that as individuals gain work experience, their
productivity increases, and this growth may be particularly rapid at lower levels of experience
(Becker, 2009). One commonly-used measure of productivity in education—though not the only
one—is teachers’ impact on student performance in core subjects. As theory would predict, the
quantitative evidence characterizes teacher career trajectories by a steep learning curve at the
beginning of the teaching career that becomes flatter after about five to ten years of experience.
These findings have been replicated in different contexts using statewide and district-level
longitudinal data (Harris & Sass, 2011; Kraft & Papay, 2014; Rockoft, 2004). These studies are
an improvement over older research on the relationship between teaching experience and student
achievement, which suffered from bias due to teachers self-selecting out of the profession (Papay

& Kraft, 2015; Wiswall, 2013). Studies using panel data capitalize on within-teacher variation to
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measure changes over time in teachers’ impact on student performance (Rockoff, 2004; Wiswall,
2013). Research using teacher observation scores and non-test score student outcomes (such as
absenteeism) similarly find steep and significant initial RTE (Gershenson, 2016; Kraft, Papay &
Chi, 2020; Ladd & Sorenson, 2017).

Research suggests that teacher growth can be moderated by school context. Studies using
panel data find heterogeneity in teacher RTE by school poverty level, peer quality, and school-
level value-added (Jackson & Bruegmann, 2009; Loeb, Kalogrides & Béteille, 2012; Sass et al.,
2012). Extending on this work, Kraft and Papay (2014) use data from North Carolina to model
students’ test scores as a function of teachers’ years of experience and a composite measure of
professional environment in the school constructed using teachers’ survey responses.
Importantly, they include teacher fixed effects to measure growth over time for the same
teachers, which controls for any attributes inherent to the teacher such as their motivation or
aptitude. They find that teacher RTE are greatest when teachers work in supportive

environments, a finding upon which the current study seeks to expand.

Principal Effects on Students and Schools

The literature suggests that principals, who are a component of the professional
environment, are successful at improving student and teacher outcomes to varying extents and
that this variation can be explained by principals’ skills and behaviors (Coelli & Green, 2012;
Grissom, Kalogrides & Loeb, 2015). Principals who focus on activities centered around teaching
and learning, known as “instructional leadership,” are associated with stronger teacher practice
and, subsequently, higher student achievement (Hallinger and Heck, 1998; Leithwood et

al.,1994; Robinson, Lloyd & Rowe, 2008). Grissom, Egalite and Lindsay (2021) draw on this
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literature to construct a framework describing how principals’ skills and the extent to which
principals engage with teachers around instruction, build a positive school climate, facilitate
collaboration, and manage personnel and resources can influence student and school outcomes. I
draw on this framework and the broader literatures on instructional leadership and human capital
development to theorize how principal characteristics and behaviors are associated with

improved returns to teaching experience.

Principal Experience, Behaviors, and Teacher Growth

Over time, principals acquire skills that may make them better equipped to accelerate
teacher growth. Studies across contexts find evidence of a positive association between principal
years of experience and student performance (Bastian & Henry, 2015; Clark, Martorell &
Rockoff, 2009). Bartanen (2019) documents principals’ RTE as a mechanism to explain this
relationship and finds particularly strong effects for principals’ tenure in the same school.
Principals who have accrued skills over time in delivering feedback or facilitating professional
learning communities, for example, might be better equipped to facilitate growth among their
teachers.

Principal skills acquired prior to or during the principalship may translate to behaviors
that accelerate their teachers’ returns to experience, such as engaging directly with their teachers
around instruction. For example, Grissom, Loeb and Master (2013) find that principal time spent
coaching and giving feedback to teachers is associated with student growth. Qualitative evidence
also supports these findings, as teachers reported in an open-ended questionnaire that principal
feedback, modeling of instruction, and participation in staff development sessions helped them to

improve their practice (Blase & Blase, 1999). Novice teachers struggling with behavior
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management, for example, might refine their practice using feedback from their principals in
ways that could improve their instructional delivery and maximize instructional time, leading to
improved student outcomes. Principals who interact directly with teachers around their
instruction may also have a better sense of their needs and areas for growth, which could lead to
more targeted support to help improve their practice.

Skilled principals also encourage collaboration among their teachers in ways that likely
increase teachers’ RTE. Researchers have uncovered positive relationships between professional
learning communities (PLCs) and teacher practice and student outcomes, and identify principal
support as an important factor in their implementation (Park, Lee & Cooc, 2019; Supovitz,
Sirinides & May, 2010). Principals may structure the school day in ways that allow for grade
level teams to meet, appoint teacher leaders, or participate in the PLC directly (Brown, Horn &
King, 2018; Grissom, Egalite & Lindsay, 2021). Teachers who learn from their peers through
modeling, sharing resources, or problem-solving may refine their practice in ways that lead to
student learning gains.

The principal also influences school climate in ways that may accelerate teacher growth.
Research uncovers positive relationships between school outcomes and the extent to which
teachers trust each other and all staff are committed to high academic rigor (Goddard, Sweetland
& Hoy, 2000; Leana & Pil, 2006). Principals can contribute to a positive climate by building
strong relationships with and among their staff, engaging families, being visible in ways that
communicate consistency and reliability, and granting teachers autonomy (Grissom, Egalite &
Lindsay, 2021; Handford & Leithwood, 2013; Hollingworth et al., 2018; Khalifa, 2012; Klar &

Brewer, 2013). In environments characterized by trust, teachers might be more likely to seek
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advice when they are struggling or to raise issues with school leaders, which would lead them to
refine their practice and to improve their productivity over time.

Principals and teachers work across varied school contexts, which may differ in how
conducive they are to teacher growth. For example, some qualitative work suggests that
principals in elementary schools and in smaller schools are more successful at cultivating teacher
growth because they have more time to spend with each teacher and because subject expertise
alignment is less of a barrier (Donaldson, 2013). Research also suggests that schools where
teacher turnover is high, resulting in school staff that are mostly novice, are particularly
challenging environments for teaching and learning (e.g., Ronfeldt, Loeb & Wyckoff, 2013), and
may create more challenging conditions for principals to support teacher growth. In contrast,
settings with a more stable teaching staff with more opportunities for principals and teachers to
build relationships over time may help to create an environment more conducive to teacher
growth. Finally, schools in rural and urban communities often are under-resourced and isolated,
relative to schools in suburban communities, and may be less conducive settings for principals to
facilitate teacher growth (e.g., Jacob, 2007; Preston, Jakubiec & Kooymans, 2013).

The body of literature that explores principals’ contributions to teachers’ RTE, including
how the relationships vary by context, is thin, which provides space for this paper to make a
significant contribution. One prior working paper exists on the relationship between teachers’
RTE and principals’ own evaluation scores and suggests that principals who have higher scores
work in schools where teachers improve more rapidly (Papay & Laski, 2021). A recent study
using data from Washington, DC finds that principals vary in their ability to help teachers
improve, as measured by teachers’ observation scores, and that some of this variation is

positively correlated with principals’ formal evaluation scores (Husain, 2022). I complement the
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findings from this 2022 study by using a state-level dataset that includes measures analogous to
the study, but adds other principal measures as well as students’ achievement scores. A recent
paper by Bell, James, Taylor and Wyckoftf (2023) suggests that using student achievement scores
rather than teachers’ observation scores to measure teachers’ returns to experience may be more
appropriate and less biased. I capitalize on these additional measures, as well as the ability to
capture teachers working across multiple schools and districts within the geographically diverse
state, to capture variation in teachers’ RTE, and by directly modeling the relationship between

these inputs and individual teachers’ trajectories.

Research Questions

I answer the following research questions:

1) To what extent do teachers whose principals have more experience and longer tenure in
the school improve more over time than their peers whose principals have less
experience?

2) To what extent do teachers whose principals have higher observation and survey ratings
improve more over time than their peers whose principals have lower ratings?

3) To what extent do the relationships between teacher returns to experience and the

principal measures vary by school context?

Methodology and Data
I use a rich longitudinal state dataset that includes information on all teachers, principals,
and students in the state from 2011-12 to 2021-22. I merge data across several files to construct

a dataset that includes 1) Students’ end-of-year standardized achievement test scores in math; 2)
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Principal observation scores, which are ratings from their supervisors that aim to capture
performance in various areas such as instructional leadership and resource management; 3)
Teacher responses to the educator survey, which is administered electronically to all educators in
the state at the end of the year and captures individuals’ experiences across a variety of
dimensions, including teacher evaluation, curriculum, and working conditions; 4) Staffing files,
which track school assignments and roles over time; and 5) Student demographic and enrollment
information. The dataset is well-suited to the current study because the panel structure enables
me to control for fixed unobservable teacher characteristics and the comprehensiveness supports

capturing multiple principal characteristics and behaviors.

Sample

I study teachers, principals, and students in a large and geographically diverse state. About
64,000 teachers per year work across the state’s 1,843 public schools, serving over 1,000,000
students. The state educator workforce is reflective of the nationwide teacher and principal
workforces, in that the teacher workforce is majority white (84%), and a larger share of principals
(35%) than teachers (15%) are male.

The sample includes all grade 3-8 students in school years 2011-12 through 2021-22 who
take the standardized math exam, the teachers who can be linked to these students, and the
principals working in these schools. I narrow the sample using guidance from Kraft and Papay
(2014), where I exclude teachers with non-standard experience patterns and who leave the teacher
workforce and then return (20% of teacher/year observations); survey responses from schools that
did not have at least 10 respondents in any year (15% of schools); teachers with more than 40 years

of experience (<1% of teachers); students assigned to multiple teachers (10% of students); teacher-

57



year-grade cells where there are fewer than five students with current and prior scores (36% of
teacher-student-year rows, largely due to missingness in 2020 and 2016); and teacher-year-grade
cells where more than 90% of students receive special education services (<1% of teacher-student-
year rows). The analytic sample includes 861,752 unique students across 1,530 schools, who are
linked to 11,476 teachers and 2,280 principals.?

As I show in Table 2.A1, the demographics of included and excluded teachers are similar,
although teachers of color and female teachers make up larger proportions of the teachers who are
dropped from the analytic sample. These patterns are consistent with the finding that women are
more likely to return to teaching after leaving than men (Grissom & Reininger, 2012) and also
point to the fact that teachers of color in this dataset are more likely to teach students who may be
more transient and are less likely to have prior year test scores. To check generalizability and
sensitivity to these sampling decisions, I fit additional models where I keep these observations in

the sample.

Measures
The primary dependent variable in this study is grade 4-8 students’ state test scores in
math, which represent a proxy measure of teachers’ impact on learning in grades and subjects

where this information is systematically available. I use math scores in an effort to align to prior

3 Though the panel spans years 2012 to 2022, there are gaps in the test score data due to a
test administration issue in 2016 and then due to the COVID-19 pandemic in 2020. Even with
these limitations, the data still provides opportunity to understand teacher improvement over time
because of the large number of years of available data and teachers. To check robustness of the
results, I also fit models where I exclude years post-2019, given the ways that the COVID-19
pandemic altered teaching and learning in schools and may lead to different improvement and
learning patterns.
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work in the teacher RTE literature (Kraft & Papay, 2014; Papay & Laski, 2022) and based on
work suggesting that teacher effects on test scores and teachers’ RTE are larger in math than in
reading (Boyd, Lankford, Loef, Rockoft & Wyckoff, 2008; Harris & Sass, 2011). I standardize
scores to mean (0) and variance (1) within grade, subject, and year. As shown in Figure 2.1,
students’ math scores are normally distributed and there is significant variation in students’
scores.

To improve precision and reduce bias in my key estimates of interest, I include student,
peer, and school-level covariates. Covariates include student, classroom, and school measures of
gender, race, ELL and disability status, economic disadvantage, and prior-year achievement.

Teacher years of experience is one of the primary explanatory variables in this study.
Following guidance from Kraft and Papay (2014) as well as Bartanen (2019) and Rockoff
(2004), I use a censored growth model where I treat the years of experience variable as
continuous for up to 10 years and then create an indicator variable for any teacher with more
than 10 years of experience. This approach addresses perfect collinearity between experience and
year and exploits the well-documented finding in the literature that teachers do not accrue
significant returns to experience after ten years in the classroom.

The other key explanatory variables are principal characteristics and behaviors that are
theorized to be associated with steeper returns to teaching experience. I use principals’ years of
experience and tenure in their current school as measures of principal characteristics that the
literature suggests are associated with improved school outcomes. Like for teacher years of
experience, | treat these variables as continuous for up to 10 years and then create an indicator

variable for any principal with more than 10 years of experience.
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I use survey and principal observation data to measure principals’ behaviors that the
literature suggests would lead to teacher improvement. See Table 1.1 for the survey items I use
to capture principals’ behaviors, as rated by their teachers. I selected survey items from the
Educator Survey (described above) that explicitly mentioned school leaders or principals, that
were available in the survey data for at least three years, and that appeared to align to the
constructs that the literature I review above suggest are important. Items Q3 and Q6-Q9 seem
most aligned to principals’ behaviors around instruction, while the other items seem most aligned
to the principals’ role in creating a collaborative and trusting environment. Though not perfect
measures of the theorized principal constructs that the literature suggests would lead to teacher
improvement, they are the best available proxies. I average teacher survey responses within
school and year so that each survey item is unique at the principal-year level, and I standardize
each item within year to have a mean (0) and variance (1). I average these values within year to
capture an overall average of principal’s behavior on all available items within the year, and I
also average the values on each item across time to create principal-level measures of principals’
behaviors.

Survey items are not consistent across years and may capture different elements of
principal behavior. In an attempt to capture potential underlying latent variables that the
individual survey items may not directly measure and to check whether the survey items all
capture the same underlying principal construct, I conducted exploratory factor analyses on each
set of items, by year. Items from 2015, 2016, and 2017 load onto one factor with eigenvalues
greater than one and factor loadings greater than 0.7. Items from 2017 and 2018 load onto two
factors where Q1 and Q2 constitute one factor (which I call communication) and Q4 and Q5

constitute a second factor (which I call teacher needs). Oblique rotations confirm the existence of
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two potential factors with factor loadings greater than 0.6. Similarly, items from 2019 through
2022 load onto two separate factors, with factor loadings greater than 0.4 after oblique rotation.
Again, items Q1 and Q2 load onto one factor and then items Q6-Q9 (which I call instruction)
load onto a second factor. I construct factor analysis scores for needs, communication, and
instruction using the two-factor solution for the later two sets of years. I also construct a single
factor analysis score that forces all items onto one factor, which is very similar to the unweighted
within-year averages I describe above.

As shown in Figure 2.2, average survey ratings from teachers about their principals are
generally high, but the distribution is negatively skewed, suggesting that some principals receive
much lower scores than the average. As shown in Figure 2.3, when I disaggregate by survey
item, the distributions are different across survey items and suggest that they do measure
different components of principal behaviors.

To try to address potential non-response bias, I fit models where I exclude schools with
less than 50% response rates and with fewer than ten respondents in any given year, similar to
Kraft and Papay (2014). On average, about 50% of teachers respond to the annual educator
survey, though response rates improved over time.

I also use principals’ observation scores from their supervisor as a measure of principal
behavior. Principals are observed onsite at least twice per year and evaluated on a rubric that
considers components of their behavior such as their instructional leadership and the ways they
establish a culture for learning and teaching. The observation rubric changed several times over
the course of the study period. I standardize annual average observation scores within year to

have a mean (0) and variance (1). I then average principals’ observation scores across time to
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construct a time-invariant measure of principals’ observation scores. Figure 2.4 shows the
distribution of principals’ observation scores.

I also include school-year level measures of characteristics that may moderate the
relationship between teachers’ RTE and the principal measures. For instance, some environments
may be more conducive for teacher growth. Variables that capture these environmental
differences include binary variables for school tier (K-5, 5-8, K-8, and K-12) and school locale
(city, suburban, or town/rural), and continuous measures of the number of students enrolled in
the given school and year, and the proportion of teachers in the school who have fewer than three
years of teaching experience. In most cases, these measures are proxies for potential underlying

differences, rather than clear direct measures of defined constructs.

Analytic Approach

Conceptually, the aims in this study are to describe teachers’ growth over time, to
understand the extent to which their growth trajectories vary as a function of their principals’
experience and behaviors, and to understand the role of the school context in this relationship.
Prior research summarized above suggests that teachers’ growth is dynamic, and that principals
who are more skilled or experienced may facilitate accelerated growth for their teachers.
Mechanically, to describe these relationships, I replicate and extend the approach from Kraft and
Papay (2014) and Papay and Laski (2021). I capitalize on longitudinal data that includes repeated
observations of the same students, teachers, and schools across time. The analysis proceeds in
two steps.

First, I estimate overall returns to teaching experience in my sample:

Aiejgs = Ng(Aiemr) + @ (F(EXPER"}.)) + v X + Mye + aZgq + 8 + Eiejgs
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I describe students i’s test scores (4) in year ¢ taught by teacher j in grade g at school s as
a function of student i ’s prior achievement, teacher j’s years of experience at time ¢, a series of
student, peer, and school-level covariates X described above for student i at time #, school
context variables Z for school s at time ¢, a grade-by-year fixed effect to capture any policy or
contextual changes that would affect a particular grade-year combination, a teacher fixed effect
to provide estimates of the return to experience using within-teacher changes over time in
effectiveness, and a random error term clustered at the year-school-grade level to account for the
correlation of student experiences. In about 5% of cases, multiple principals are assigned to the
same school, resulting in multiple observations per student-year-school-teacher combination. To
address this, I weight the regression by the inverse number of principals within the school and
year. Following guidance from Kraft and Papay (2014), I use a quartic function, represented by
@, to represent the nonlinear returns to teaching experience and to ensure flexibility in the
functional form.

Next, I add to the initial fixed effects model the principal measures as well as the

interaction of each of these measures with the teachers’ years of experience:
Aitjgps =Mg(Air—1) + @ (f(EXPER* jt)) + B1PRIN_MEAUSRE, + B,(EXPER,;
* PRIN_MEASUREP) + )/Xit + T[gt + a'ZSt + 5] + gitjgps
The coefficient of interest is f8,, which represents the extent to which teachers’ returns to

experience vary by the principal measures. In the models where I include principal years of

experience and tenure, the PRIN MEASURE varies over time, and is indexed by principal-year

(Y.
To describe the extent to which the relationship between teachers’ RTE and the principal

measures vary by school context, I also fit a series of models where I add an interaction of the
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teachers’ years of experience and the principal measures with each of the school context
measures I describe above (school tier, proportion novice teachers, school locale type, and total
student enrollment), the main effects of these measures, and all of the main effects of these
variables and two-way interactions. The coefficient of interest for the third research question is
the three-way interaction, which describes the extent to which the relationships between the

principal measure and within-teacher improvement by year vary by the school context measure.

Results

I first present estimates of the returns to teaching experience without the principal
measures (Table 2.3, Column 1), which are very similar to the findings from Kraft and Papay
(2014). In Figure 2.5, I present predicted values from the model to illustrate the ways that
teachers improve in their effectiveness over time. Having established this baseline model, I then
explore the extent to which within-teacher improvement varies by principal characteristic or
behavior and check for sensitivity of the estimates to changes in sample or method of

measurement.

Descriptive findings on relationships between principal characteristics and school context

As I illustrate in Table 2.2, principals work across many different school contexts, and
there are clear relationships between principal performance and school context. For example,
principals who score in the first quartile on their teachers’ survey responses work in schools with
the lowest average math scores. In these schools where principals score in the first quartile,
almost half of students are economically disadvantaged, and one-quarter of students are Black.

These school-level characteristics are related to principal survey scores across the distribution, in
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that principals who score in the top quartile on the survey work in the highest-performing
schools, where on average a smaller proportion of their students are Black (14%) or
economically disadvantaged (42%). Principals who rank in the lowest quartile on the survey
work in schools that have the greatest proportion of novice teachers (22%), relative to schools
where the principal ranks in the top quartile on the survey (15%). Principals scoring in the first
quartile are also more likely to work in schools located in cities (34%) and in middle schools
(42%) than principals scoring in the fourth quartile, who are more likely to work in suburban
schools (15%) or those located in rural/town contexts (69%), and in elementary schools (57%).

Principals’ observation scores from their supervisors appear to be related to ratings from
their teachers, with principals in the lowest quartile of teacher survey ratings also having the
lowest observation scores on average (-0.35 SD, in contrast to principals in the top quartile who
score at 0.32 SD).

These descriptive differences point to the importance of including controls in the models
and to the challenges of fitting these models or to attributing causality. I acknowledge that my
approach may not perfectly address these limitations but follows an accepted standard in similar

research, and is the best available method for answering my research questions.

Do teachers who have more experienced principals improve more over time?

I find small but statistically significant relationships between principal tenure in their
school and teachers’ RTE. A one-year increase in principals’ tenure in the school is associated
with an additional 0.0005 SD (p<.01) increase in annual returns to teaching experience (Table

2.3, Column 4).
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The relationship between principal experience and teachers’ RTE is less precisely
estimated than for tenure. The point estimate for principals’ overall experience is smaller (0.0003

SD) and only suggestive in significance in Table 2.3, Column 5 (p<.10).

Do teachers whose principals have higher average observation scores and survey ratings

improve more over time?

I find evidence to suggest that average principal survey ratings are associated with a
0.0036 SD (p<.05) increase in annual returns to teaching experience (Table 2.3 Column 2). In
Figure 2.6, I plot the predicted values from the model to show the way that RTE are compounded
over time for a teacher whose principal survey rating is 1 SD above or 1 SD below the mean.

I do not detect evidence of a relationship between teachers’ RTE and principals’

observation scores (Table 2.3, Column 3).

To what extent do relationships between teacher returns to experience and principal attributes
vary by school context?

I find limited evidence to suggest that the relationships between teachers’ RTE and the
principal measures vary by school context (school, tier, locale, enrollment, and proportion of
novice teachers). After I add school characteristics in Table 2.4, as in the main results above, the
relationships between teacher RTE and principals’ observation scores are not statistically
significant. In Table 2.5, my estimates suggest that adding school characteristics reduces the
precision of my estimates on the relationship between teacher RTE and principal survey ratings.

This addition also makes the three-way interactions with school characteristics difficult to
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interpret. In contrast, the estimates on the relationships between teacher RTE and principal
tenure (Table 2.6) and years of experience (Table 2.7) are more stable across models that add
school characteristics. Across most models except the one that includes interactions with school
locale, the estimates on the interaction between teacher RTE and principal tenure in school and
between teacher RTE and principal total years of experience retain the positive sign and are at
least suggestive in statistical significance, ranging in magnitude from about 0.0004 to 0.0009 SD.
The tables provide some evidence that the positive relationship between teachers’ RTE and
principals’ years of experience is less strong in schools with greater proportions of novice
teachers, as the estimate on the three-way interaction is negatively signed (-0.0028 SD) (Table
2.7, Column 1).
Robustness checks

I fit models that change the principal measures of interest and limit the analytic sample to
try to better understand the relationships and to check the robustness of my findings. I describe

these analyses below.

Relationships between Teacher RTE and Individual Survey Items

I find that teachers’ RTE are positively associated with principal survey ratings. To try to
understand this mechanism, it is helpful to think about which survey items drive this relationship.
The cross-item average is the preferred measure in this paper, but I also present models that
consider the relationship with each survey item separately. [ show in Panel A of Table 2.A2
(Columns 3 and 6) that Questions 2 and 5, which are about the extent to which the staff feels
comfortable raising issues and concerns with school leaders and about whether school leadership
works proactively to understand the needs of teachers and staff, are positively related to RTE and

these relationships are very precisely estimated (p<.05 and p<.01). Though the relationships with
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the other six survey items are not as precisely estimated, all point estimates are positive and
range in magnitude from roughly 0.001 SD to 0.005 SD.

The approach that uses a single factor measure of principals’ survey ratings yields an
almost identical point estimate to the preferred approach that uses the simple average across
items. The individual factors on communication, teacher needs, and instruction yield positive,
but not statistically significant, estimates that range from roughly 0.002 to 0.003 SD (Table 2.A3,
Columns 1-4).

Changes to the Sample

Missing data due to non-response bias may threaten internal validity of the estimates. To
check that the estimates are not driven by sampling decisions or limitations, I conduct several
robustness checks. First, I test for sensitivity to potential threats from missing survey data. When
I exclude school-year combinations with fewer than ten respondents or school-year combinations
with response rates below 50%, the results remain fairly consistent. As shown in Table 2.A2, the
point estimates on the relationship between teachers’ RTE and the average overall survey
measure (Column 1) are similar in magnitude across samples, but are less precisely estimated
when I exclude school-year combinations with fewer than ten respondents (Panel C). Across the
three samples, survey items Q2 and Q5 emerge as the most consistently related to teachers’ RTE,
retaining statistical significance and direction across models and being very similar in
magnitude, ranging from about 0.004 to 0.005 SD.

If principals improve year-to-year in ways that facilitate greater RTE for their teachers,
then averaging their observation scores or survey ratings across time may mask these dynamic
effects. I attempt to disentangle principals’ growth over time from teachers’ growth over time in

three ways. First, I fit models that use the by-year measures of survey responses (Table 2.A5,
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Column 1) and administrator observations (Table 2.A6, Column 1). I find that the estimates are
not statistically significant and are very small, perhaps because this level of specificity induces
too much noise into the regression. Then, I add to this model a pre-arrival measure of principal
survey ratings in the year before a given teacher enters the school in an attempt to capture the
ways the principal might grow along with the teacher over time. As I show in Table 2.A4
(Column 2), this relationship is not statistically significant. Last, I fit the model using the pre-
arrival measure of principal survey ratings as the principal measure of interest (Table 2.A4,
Column 1), to try to gauge whether the pre-arrival measure captures similar components of
principal behavior as the preferred average measure. This relationship is also not statistically
significant. In these last two instances, lack of statistical significance may reflect the reduced
power in this much smaller sample, since I can only use teachers new to the school who continue
to work under the same principal over time and whose principals have a prior year measure. The
extent to which principals’ ability to help teachers improve changes over time is not clear from
these analyses.

Also, survey measures on the principals are not available until 2015. By using averages
from later years to understand teacher improvement from 2012, 2013, and 2014, [ may be
extrapolating to another year in the dataset inappropriately. To address this potential threat, I also
fit a model where I only use student achievement data in 2015-2022, when the survey data is also
available. I find that the estimate for the overall average survey score is still positive and similar
in magnitude to the one in the initial model, but is no longer statistically significant (Table 2.AS,
Column 2). The stability of this estimate suggests loss of precision is likely related to the reduced
power in this smaller sample. Because the observation rubric changed in 2015, I also exclude the

years prior to 2015 and re-fit the model that uses principal observation scores as a predictor but,
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consistent with the other models, still do not find a statistically significant relationship between
principals’ observation scores and teachers’ RTE (Table 2.A6, Column 2).

I also test for sensitivity to the sample by excluding school years affected by the COVID-
19 pandemic (2020-2022), dropping observations where there is more than one principal in the
school within the year, and to dropping observations that limit the sample. Results are similar in
terms of sign and significance across these models for the relationships between RTE and the
principal survey ratings measure (Table 2.A5, Columns 3-5), the principal tenure measure (Table
2.A7, Columns 1-3), and the principal total years of experience measure (Table 2.A8, Columns
1-3). The estimate on the interaction between principal average observation scores and teachers’
RTE is not statistically significant in any of the approaches (Table 2.A6, Columns 3-5).

Following guidance from Kraft and Papay (2014), my preferred model includes controls
for school and student characteristics, but does not include a school fixed effect. To test whether
relationships between the principal measures and teacher RTE are attributable to time-invariant
school characteristics, I also fit models for each of the principal measures where I include a
school fixed effect. Like in other models, the relationship between teachers’ RTE and the
principal observation score is not statistically significant (Table 2.A6, Column 6). Adding the
school fixed effect does not change the point estimate for the relationship between teachers’ RTE
and the principal survey ratings (Table 2.A5, Column 6). However, the addition of the school
fixed effect results in a reduction in magnitude for the relationships with principal tenure and
years of experience outcomes and the point estimates are no longer statistically significant (Table

2.A7, Column 4; Table 2.A8, Column 4).
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Discussion

The results from my analyses suggest that teachers’ RTE are associated with higher
principal survey ratings and principal tenure, but not principals’ observation ratings from their
supervisors, and that these relationships are fairly consistent across the measures of school
contexts that I use. In the following section, I address the limitations to my approach and situate
my results within the related literatures on teacher improvement and principal effectiveness.

One limitation to my current approach is that the dataset includes variables at several
different levels (school, student, teacher, and principal), and I have not explicitly accounted for
the relationships between these levels or the nested nature of the data. In future iterations of this
study, I intend to use multi-level modeling to attend to this feature of the data, but recognize that
these analyses will be complex because of the ways that teachers can be cross-classified and may
work in several different schools under several different principals over time. In the meantime, I
argue that my current approach is appropriate based on results from Papay and Laski (2022) that
are substantively very similar across models that do and do not account for the nesting of
students and teachers within schools.

A second limitation to my analyses is that I cannot claim that the relationships I estimate
are causal given the potential for omitted variables to affect the relationships between teachers’
returns to experience and principal characteristics. For example, principals who are more
effective may sort to schools where conditions are more conducive to teaching and learning and
where teachers are more likely to give higher ratings on the survey overall, which could explain
the relationships between survey ratings and teachers’ returns to experience. I cannot be sure
whether principals who receive high ratings in their current school and whose teachers realize

steep returns to experience would also facilitate teacher improvement in other contexts. These
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variables may be correlated in unobservable ways, or the skills that principals acquire in one
school setting may not translate to a different setting. Non-response bias may also threaten the
validity of the estimates related to the survey. Like other similar studies, though I attempt to
address some of these potential threats by including controls for student and school
characteristics in the model and by fitting models where I exclude schools with low response
rates, | acknowledge that this approach is imperfect. More broadly, even if these relationships are
not causal, I still believe that they are useful for understanding the conditions that promote
within-teacher teacher growth and make a significant contribution to a very thin literature.

My ability to capture principal behaviors is also limited by the fact that the survey
measures are imperfect proxies of principal behavior. Ideally, I would like to capture the extent
to which principals engage in the four behaviors identified by Grissom et al. (2022). However,
the wording of the questions (in many cases, teachers are asked about “school leadership” rather
than the principal specifically), inconsistency in survey items across years, ambiguous phrasing
in survey questions (teachers could interpret principals’ understanding of their “needs” in several
different ways), and a lack of explicit focus on principals’ input around collaboration mean that
my analyses focus primarily on school leadership’s direct instructional interactions with teachers
and more general measures of the principal’s relationship with teachers, which are only small
parts of their role. I attempt to understand relationships by fitting models that consider each
survey item separately and by including other measures of principal characteristics beyond the
survey, but acknowledge that I am limited in my ability to identify specific principal behaviors
that lead to teacher growth.

Finally, it is likely that, like teachers, principals are improving as they accrue experience

in ways that my models cannot fully capture and that may be lost because of the ways that data
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limitations require that I aggregate measures across time. Though I attempt to address this
potential mechanism by fitting models that use by-year measures and that use a measure of
principals’ behavior before the teacher arrives in the school for a sub-sample of teachers, I
acknowledge that I am not able to fully capture this within-principal growth and am instead
attempting to capture principal-specific attributes that are fixed over time.

Even given these limitations, my findings provide valuable insights around the
relationships between teachers’ RTE, principal attributes, and school contexts and they align to
the prior literature on teacher improvement and principal characteristics in several ways. The
literature suggests that more experienced principals are more effective, and that in particular
principals’ own returns to experience may be school-specific (Bartanen, 2019). This bears out in
my models, where I find that principal experience is associated with steeper positive teacher
returns to experience, but that the relationships are clearer among principals who have accrued
more experience in the same school. To the extent that principals build relationships with
teachers in a school over time and learn the school-specific context and community, these
findings reinforce prior literature about how principals improve their own practice and support
teachers.

Similarly, prior research suggests that teachers’ survey ratings capture aspects of the
school environment that are related to teachers’ RTE (Kraft and Papay, 2014). In particular, I
find that teachers’ survey ratings about their principals are related to within-teacher
improvement, and that items about being responsive to teachers’ needs are particularly salient,
while items related to direct interactions with teachers around instruction and feedback are less
strongly related. To the extent that other school leaders (rather than the principal) are working

with teachers around instruction, this finding may be less surprising. The work they do to set the
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culture and climate may be more salient for creating conditions in which teachers can grow.
These results that suggest that there are differences across survey items should also be
interpreted with caution, however, because survey items are inconsistent across years.
Importantly, the items that ask most directly about principals’ interactions with teachers about
instruction span the years affected by COVID-19.

My finding that principals’ observation score is not related to teachers’ RTE represents
more of a departure from prior literature around teacher growth and principal effectiveness,
which finds that observation ratings from supervisors are predictive of principal effectiveness
and of teachers’ survey ratings of their principals (e.g., Grissom, Blissett & Mitani, 2018). I find
a modest correlation (r=0.3) between principals’ observation scores from their evaluators and
their survey ratings from their teachers. My findings contrast Papay and Laski’s (2022) study,
where they uncover positive relationships between principal observation scores and school-level
slopes on improvement, and the Husain (2022) study, which finds correlations between principal
effects and principals’ observation ratings. The way that I construct the principal observation
measure may help to explain this difference; while I average principals’ scores across schools,
the other two studies use the principal-year score, which is specific to the school and may reflect
the conditions of the schools rather than a characteristic of the principal. It is also possible that
the teacher survey items are picking up something that observers are not about the ways that
principals encourage growth. This discrepancy, where other studies find associations between
principal observation scores and within-teacher growth while I do not, point to the “black-box”
element of these relationships that requires more unpacking in future work.

My findings also provide suggestive evidence that the relationships between teacher RTE

and principal attributes may be fairly consistent across contexts, but a few differences emerge.
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Most notably, higher proportions of new teachers in a school are associated with a less strong
relationship between teachers’ RTE and principals’ years of experience. Given the ways that this
measure is likely correlated to other attributes of the school that may make teaching and learning
more difficult, such as fewer resources and students with more significant needs, this finding
may be unsurprising. It also may suggest that principals have less time to spend with each
teacher when there are many that are new and need support, and they aren’t able to draw on the
skills they’ve built in the principalship in the same way as their peers who have fewer new

teachers in their school.

Conclusion

Using a rich longitudinal state dataset, [ present evidence suggesting that teachers’
returns to experience are related to their principals’ behaviors and prior experiences. This study
contributes to the literature by bringing together two separate bodies of work on teachers’ returns
to experience and on principals’ influence on teaching and learning.

Prior work on returns to experience confirmed that teachers are on different growth
trajectories depending on their school context, but left unanswered questions about the
principal’s role in this relationship. My results are largely consistent with this body of work, in
that I find significant positive returns to teaching experience, and I add to the literature by
capturing variation by a particular component of the school: the principal. I find that after
accruing ten years of experience, an average teacher with a highly rated principal (1 SD above
the mean on the survey) will score almost one-quarter of a standard deviation higher than they
did in their first year in the classroom, while an average teacher whose principal is lower-rated (1

SD below the mean on the survey) will score about .15 SD higher than they did as a novice.
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Policies that focus on helping individual principals to improve or that enable principals to
remain in their schools longer to build school-specific context and relationships might be more
efficient than teacher-level policies because of the scope of their impact. A better understanding
of the principal behaviors that accelerate teachers’ growth could help districts to target their
principal recruitment efforts, and could also provide guidance to principal professional
development providers about how to advise their principals to spend their time. Though the
current study does not enable causal claims, it does provide an important first step in building a
body of evidence to address these questions.

The questions raised in this study are important because a large literature documents that
higher quality teachers and principals systematically sort to schools and classrooms with larger
proportions of high-income students and smaller proportions of students of color, leaving
students who have been historically marginalized with lower-quality schooling experiences
(Goldhaber, Lavery & Theobald, 2015; Grissom, Bartanen & Mitani, 2019). Redistributing high-
quality principals into schools where they are needed most and training principals to encourage
growth in their teachers across the full spectrum of their careers offer opportunities to address
issues of equity. Research that addresses principals’ characteristics and behaviors and their role
in teacher growth can help to inform best practices for schools and districts moving forward.
Future work should attend to capturing the specific principal behaviors that are associated with

greater teacher returns to experience.

76



CHAPTER 3

Teacher Exit and Educational Opportunity: Lessons from Career and Technical Education

Ensuring a steady and stable pool of high-quality teachers is critical to building a pipeline
of future workers and professionals to support economic stability, especially in growing and
high-wage fields. This is particularly true in career and technical education (CTE) where
programming in high school can lead to immediate post-school employment or enrollment in
aligned postsecondary programs. Increased policy focus on CTE has expanded program offerings
over the last 15 years, and new federal requirements that programs align with in-demand
occupations and industries have heightened potential tensions between the private and public
employment opportunities for current or potential CTE teachers (Perkins V, 2018). Even before
the new federal mandate, CTE teachers were a hard-to-staff group, with school administrators
citing higher turnover and difficulty hiring (Hensley, Ottem and Levesque, 2017). Though the
quantitative research on CTE teachers is limited, evidence does suggest that teachers who score
higher on content-specific certification exams produce graduates who earn more money in their
early years of post-high school employment, bolstering the claim that these teachers are
important (Chen et al., 2022).

In this paper, we use longitudinal state data, in conjunction with unemployment insurance
(UI) records from the state to trace out workforce dynamics among CTE teachers who either
remain in or leave teaching. To our knowledge, this is the first paper to be able to identify post-
teaching employment of CTE teachers who have left the profession. We highlight substantial and
policy-relevant differences in the likelihood that CTE teachers leave the profession. Specifically,

teachers in areas that do not require a traditional teaching license but who have alternative
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occupational teaching licenses that privilege their non-teaching industry experience, are more
likely to leave teaching and are harder to replace. This creates net reductions in the number of
students who can be served. We demonstrate this phenomenon using health science teachers,
whose exit from teaching appears to create shortages in the supply of available courses for high
school students. Importantly, our linkages to Ul records allow us to follow many exiting teachers
into the private workforce where we can observe their earnings. We demonstrate that teachers
with the greatest likelihood of leaving the profession are also those who earn the most money in
their post-teaching employment, suggesting that there are identifiable and potentially actionable
dimensions along which policies to help retain or recruit teachers in these areas could be
designed. Further, we show that health science CTE teacher exit appears to diminish the capacity
of schools to offer aligned CTE courses in the following year, reducing the number of students
who can be taught and the short-term supply or qualifications of workers in aligned areas.
Though not causal estimates, our findings have immediate and actionable implications for policy,
research, and practice, especially when considering that CTE teachers constitute about 18% of

the state high school teacher workforce.

Policy Context: CTE Teacher Pathways to Licensure

As in most states, CTE teachers in the state can enter the teaching profession through two
different pathways. Typically, non-CTE teachers obtain licensure to teach in a particular
endorsement area such as physics or Spanish through traditional, professional-licensure
pathways, which requires passing relevant licensure exams, having a Bachelor’s degree, and
completing a teacher preparation program. CTE teachers can enter either through this

professional pathway or through occupational pathways where industry employment experience
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and non-teaching certification (e.g. welding or cosmetology) are substituted for traditional
teacher training. CTE teachers can obtain professional licensure in areas such as agriculture,
business, and Family and Consumer Sciences, while CTE teachers in skilled trades and high-
demand fields such as health sciences and Information Technology (IT) typically enter teaching
through occupational pathways. These differences in licensure pathways mean that even among
CTE teachers there is variation in prior industry experience, and presumably also in the presence
of persistent connections to industry. We emphasize these differences in the current analysis as a
central feature of whether and how we might expect licensure type and substantive field to relate
to the likelihood of leaving teaching, as well as differences in earnings among those who leave

and find other employment in the state.

Background & Related Literature

Evidence suggests that CTE course-taking in high school can improve student’s chances
for high school graduation as well as higher earnings and employment (Bonilla 2020; Brunner et
al. 2021; Dougherty 2018; Gottfried & Plasman, 2020; Hemelt et al. 2019). It is also clear that
not all students have access to the same programmatic choices depending on where they enroll
(Carruthers et al. 2021; Dougherty & Macdonald 2020). Some differences in program offerings
and participation are to be expected if curricula are intended to meet local workforce needs and
generally promote college-going. However, variation in program offerings can also be driven by
the ability of schools to attract and retain teachers certified to teach relevant coursework, which
may create inequities in students’ experiences.

Schools’ abilities to offer CTE courses may be constrained because CTE has been

identified as an area that is hard-to-staff and high-need (Hensley et al., 2017). The most recent
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national data reports that the rate of difficulty in filling positions was higher in CTE subjects
(57%) than in academic subjects (39%), and that administrators report difficulty retaining CTE
teachers in ways that are similar to how they report shortages in other hard-to-staff positions like
special education (Hensley et al., 2017). Shortages appear to be particularly pressing in high-
demand, high-wage subjects in which teachers may face higher opportunity costs to teaching; a
recent report describes teacher shortages in manufacturing (81%), I'T (73%), health sciences
(71%), and STEM (Student Research Foundation, 2019).

Economic theory suggests that barriers to entry to a profession (higher costs to entry),
and large differentials in compensation likely explain shortages in some areas of teaching. In the
case of CTE teachers in the state we study, flexibility in teacher licensure pathways has
substantially reduced the technical barriers to entry. However, public sector budget constraints
and strong private sector demand for skilled workers in some areas (e.g., IT and healthcare) may
limit the ability of districts to compete for and retain these workers. Thus, all else equal, we
might expect that teachers with professional backgrounds and experience that align with strong
private sector demand, might be more likely to leave teaching for higher wages, and be more
difficult to replace, even under fairly flexible requirements to enter teaching. In this approach,
opportunity costs associated with outside options dominate employment decisions.

Without available teachers, high-quality courses and programs cannot be offered. The
current study seeks to understand trends in CTE teacher turnover, the mechanisms which may
explain heterogeneity in turnover, and the policy implications of health science teacher turnover.

Specifically, we address the following research questions:

1. To what extent do turnover patterns differ by licensure pathway and CTE content area?
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2. Do CTE teachers who exit earn more than non-CTE exiters, and is there variation among
CTE teachers by subject area?

3. Does turnover create scarcity in health science CTE offerings?

In the next section we detail our data, sample, and analytic approach to answering these
questions, followed by a presentation of our results. We then discuss our results in direct

connection to parallel literature on teacher turnover as well as the policy implications.

Methods

Data & Sample

We use a state longitudinal data system (SLDS) to capture data on teachers’ job and
school assignment, background characteristics, and earnings. These data include school-level
staffing files for the years spanning 2010-2018, and contain information on teacher job role,
school assignment, and a host of teacher demographic variables. We also access teacher
certification files for the same years to capture teachers’ license type (occupational/professional),
and their specific license areas. To this dataset, we add data from the National Center for
Educational Statistics (NCES) on the school location, locale (city, suburb, town, or rural), and
schooling level (elementary, middle, or high school). Our data are especially novel insofar as we
also add unemployment insurance (UI) records for individuals working in the state, before,
during, and after their service in public education in years 2010-2018. This allows us to observe
both the level of earnings and the industry of employment for teachers who leave the classroom
and enter private sector work that is reported in the state Ul records.

Our analysis focuses on high school teachers since most CTE coursework is offered in

high school. Our dataset includes 132,252 teacher-year observations, representing 30,500 unique
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high school teachers, of whom 5,998 are CTE teachers. More detailed data on how we define
teachers in the state data can be found just below where we discuss measures. In Columns 1 and
2 of Table 3.1, we present descriptive statistics for both CTE and non-CTE teachers. On average,
CTE teacher constitute about 18% of all high school teachers. CTE teachers have slightly less
experience and are about three years older than their non-CTE colleagues. They are also more
likely to be male and less likely to hold a bachelor’s degree than their non-CTE counterparts.

We note that the process used by the state to match individuals to Ul records used only a
direct matching algorithm. Thus, even among individuals who we know were teachers and
therefore certainly should show up in the Ul records, our overall match rate is only about 50-
60%. Those who match are younger on average, but otherwise resemble the overall teaching
workforce as we highlight in Table 3.A1. Importantly, they do not differ systematically in term
of their geographic location or subject area, and thus appear to still be a representative sample.
Most of the non-matches are due to a coarse matching algorithm, which was improved upon in
later years, but we note that some non-matches are also due to individuals not having wage data
post-exit because they left the state, left the labor market entirely, or became self-employed. We
keep these limitations in mind in our interpretations of our results.

Measures

Key teacher categories & predictors

We identify CTE teachers using endorsement codes that capture the substantive focus of
a teacher’s license. Teachers can hold multiple endorsements (e.g. math and special education),
and so we code as a CTE teacher anyone who holds at least one CTE endorsement on their
license (our results are similar if we limit analysis to only those we observe teaching courses

listed as CTE). We create an indicator for CTE teachers equal to 1 if a teacher ever has a CTE-
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related endorsement in the professional certification files, and 0 otherwise. If a teacher holds
both a Math 9-12 endorsement as well as a Business endorsement, for example, we code them as
a CTE teacher. We make a further distinction among CTE teachers related to their license type,
either professional, obtained through a traditional teacher certification program, or occupational,
obtained based on prior professional experience in the aligned industry and (where applicable)
holding the appropriate private sector license (e.g. welding). The occupational licensure variable
is equal to 1 if a CTE teacher ever holds an occupational license, and 0 otherwise.

We further divide the CTE teachers into six substantive groups we constructed based on
their endorsements in ways that we believe align with their outside opportunities for
employment: 1) Business and Marketing; 2) Agriculture; 3) Other Professional endorsements,
which include Human Services, Hospitality, and Education-related endorsements; 4) Trades,
which includes Manufacturing, Transportation, and Construction-related endorsements; 5) High-
growth , which include Health Services, IT, and STEM-related endorsements; and 6) Other
Occupational licenses, which primarily include Art and Law-related endorsements. Since
teachers can hold multiple endorsements, the CTE subject categories are not mutually exclusive.
If a teacher holds both a construction-related endorsement (Trades) as well as a drafting
endorsement (Other occupational), we allow them to be included in both groups. A very small
percentage of CTE teachers are counted in multiple groups (5%) and our results are similar if we
drop CTE teachers that are cross-categorized. We exclude JROTC teachers (514 teachers), who
may teach within CTE programs but who have a different type of license that is specific to
individuals with military experience and that only allows them to teach courses within the

JROTC program.
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Outcomes

Our outcome of interest for RQ1 is exiting the teaching profession, which we code as
equal to 1 if we observe a teacher exit the teaching ranks in the state and code as 0 otherwise.
This is the most policy relevant form of turnover, and other forms of position change are
relatively rare for CTE teachers (see Table 3.1). Our outcome for RQ2 is earnings in the two
years after a teacher is observed exiting to account for missing values. We aggregate quarterly
earnings from all documented employment in the eight quarters immediately after exiting. For
RQ3, we focus specifically on health science because it is an in-demand group with clear ties to
the private sector, and these teachers are most easily matched to their related coursework in the
state files. We define the total number of health science teachers at the school-year level as a
measure of teacher availability to offer health science coursework. Since health science teacher
exit may not be problematic if it coincides with lower demand among students, or the sunsetting
of programs that are not as relevant to the workforce, we capture whether teacher loss creates
scarcity by measuring the total number of sections of health science courses and enrollment per

section in each school and year as outcome variables.

Controls

We include control variables to address the ways that teachers’ turnover decisions, and
the consequences of their turnover at the school level, may be related to teachers’ individual
characteristics and to school-level characteristics. To address differences in employment
decisions that relate to one’s age and experience, we include continuous variables for teachers’
age and years of experience teaching in the state. To improve precision and reduce bias, we also

add binary indicators for race/ethnicity, whether a teacher holds at least a Bachelor’s Degree, and
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their gender. In models that predict earnings after exit, we include earnings before exit as a
control. We also include the number of quarters with non-zero earnings before and after exit in
an effort to ensure that we capture real differences in compensation, because we note that post-
exit work may require 12-month pay. All models that use counts of CTE teachers, total CTE
sections, or section enrollment as the outcome also include a control for the lagged measure to
account for time-varying differences across schools in these key measures of interest. To address
differences in local labor markets that may be due to isolation or demand and related to the
school’s location, we also include covariates for the locale type of the school (city, suburb, town,

or rural).

Descriptive Differences in Teacher Background Characteristics by Key Predictors

As shown in Table 3.1, CTE teachers differ in terms of their background characteristics
by licensure type and substantive area in ways that reflect their non-teaching work experiences.
For example, occupationally licensed CTE teachers are less likely to hold a BA or higher (45%)
than their non-CTE or professionally certified CTE counterparts, who all have Bachelor’s
degrees. Trades, high-growth, and other occupationally licensed teachers have often worked in
fields that require an Associate’s degree or less. The requirement that occupationally licensed
teachers have non-teaching industry experience is evident insofar as they typically are older on
average than their non-CTE counterparts (48 versus 43), but have fewer years of teaching
experience (10 versus 12).

Across and within CTE clusters, teachers also differ in terms of their background
characteristics. A greater proportion of agriculture teachers, for instance, are white (97%) than

non-CTE teachers (86%) or any other group of CTE teachers. There is also substantial
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heterogeneity by gender across clusters, with 60% of non-CTE teachers being female and on
each extreme, 4% of trades teachers being female and 80% of teachers in high-growth fields
being female. The high proportion of high-growth teachers that are female reflects the fact 80%
of high-growth teachers in the sample are in health science/nursing-related content areas, whose

workforce is predominantly female.

Analytic Approach

Our approach to estimating exit from teaching focuses on detecting differences in the
probability (or likelihood) of leaving teaching, as a function of the type of teaching license, and
the substantive area of focus. We model differences by CTE content area and teacher
characteristics, based on the literature suggesting that teachers may face different opportunity
costs to teaching. Specifically, we fit linear probability models with controls for up to a quadratic
term in both experience and age and interactions of these variables with the indicator of interest,
as well as observable teacher characteristics. Our models account for potential differences in age
and experience at entry (and how this relates to potential differences in retirement eligibility). In
particular, because teachers with different license types and substantive focus areas enter
teaching at different points, our models account for whether and how these differences
(highlighted in Table 3.1) might influence decisions to leave teaching.

We predict the probability of a teacher exiting the system entirely for teacher i in year ¢ in
school s as follows:

(1) Pr(Exit=1)is=fy + B1CTE; + B, Agei + B3 Age? it By Expic + BsExp? it B(CTE*Ages) +

B,(CTE*Age2:) + Bg(CTEAExpi) + Bo(CTEXExpi) +yX;i+0, + s + its
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Where the outcome is a function of the binary variable for whether a teacher has a CTE
endorsement, a series of interactions between the CTE variable and the age and experience
covariates, a vector X;; , which includes teacher characteristics described above, year fixed
effects (6;) to account for any year-specific factors we cannot observe, such as labor market
shocks, a school fixed effect (1) to account for any time-invariant and school-specific factors
we cannot observe, and an error term with standard errors clustered at the school level. We also
fit models with school-by-year fixed effects and district rather than school fixed effects to test
the robustness of our findings. When modeling heterogeneity by CTE subject, we replace the
binary indicator for CTE with an indicator for each CTE subject and fit a series of models
separately for each subject.

To predict earnings among exited teachers, we condition on prior earnings to account for
potential pre-exit differences that might explain some post-exit differences, and also control for
quarters worked in the four quarters before and after exit as well as other observable teacher
characteristics.

We predict the earnings of individual teacher i in year ¢ as follows:

(2) Earningsi=p, + 1 Earnings ;) +,CTE; + [3;Quarters worked before;; + f,Quarters

worked afteri+ BsExpis + BgExp? it B7(CTE*Agei) + Bg(CTE*Age%r) + Bo(CTE*Expir)

+ ﬁlo(CTEj*Eszl’[) +VXit + 51_- + Eit

Where later earnings are a function of earnings in the year before exiting teaching, the binary
variable for whether a teacher has a CTE endorsement, a measure of the total quarters worked
before and after exit, a series of interactions between the CTE binary variable and the age and
experience covariates, a vector yX;; , which includes teacher characteristics described above,

year fixed effects (§;) to account for any year-specific factors we cannot observe, such as labor
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market shocks, and an error term with standard errors clustered at the school district level. As
above, we also fit models separately for each CTE licensure type and CTE area.

To capture whether health science teacher exit changes the capacity of a school to staff
health science courses, we change our unit of analysis from the teacher level to the school-year
level. We fit a series of models where we predict the number of health science teachers, course
sections, and average class size in a school, using an indicator for a school experiencing a
Health science teacher exit as the primary predictor of interest. First, we fit the model that
predicts the number of Health science teachers in school s in district d at time ¢ as follows:

(3) HS teacherssi=f, + f1HS_teacherTurnover, +,HS teacherss:-;) +Localeg; + &, +

Ty + Edst

Where the number of Health science teachers in the school is a function of the count of
Health science teachers that turned over in the school in the prior year, the count of total Health
science teachers in the school in the prior year, a series of binary indicators for the locale type of
the school (city, suburb, town, or rural) to account for the ways that labor markets may differ
across contexts, a year fixed effect, a district fixed effect, and an error term with standard errors
clustered at the school level. The parameter of interest is 5; on the indicator for Turnover,
which represents the net change in total health science teachers when an exit occurs and is a
measure of whether they are seamlessly replaced over the summer.

Then, we estimate whether a teacher loss reduces the total number of sections available to
students, and the average class size for those sections. To do this, we fit Model 3 using the
number of health science courses as the outcome and then the average student-teacher ratio in
health science classes offered as the outcome. This approach tests whether teacher exit might

induce scarcity and inhibit the potential pipeline of high school students trained in health
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science. Using course sections as a proxy for supply of courses assumes constant (or increasing)

demand for course sections in health science. Thus, by adding average section size we can detect
whether potential reductions in section offerings result in larger, and perhaps lower quality class

experiences.

To check the robustness of our findings, we fit variations of Model 3 where we use only a
school fixed effect without a measure of the lagged outcome, and where we exclude the district
fixed effect. We also acknowledge that the count variables (number of health science teachers
and course sections) may not be normally distributed, so we also fit models using a Poisson

distribution.

Results

Our results provide clear evidence that CTE teachers with occupational licenses leave at
noticeably higher rates than non-CTE teachers, especially as novices in the trades and in high-
growth areas of IT, STEM, and health services. Evidence further suggests that exiting teachers
earn substantially more in the non-teaching workforce (even relative to exiting non-CTE
teachers), and that this private-sector premium is highest in high-growth and skilled trades.
Finally, the loss of health science teachers tends to predict, on average, a reduction in health

science teachers and course offerings.

Who leaves?
To answer our first research question, we present descriptive evidence in Table 3.1 that
demonstrates unconditional differences in the probability of exiting teaching among teachers

based on their license type and substantive area of certification. About 8% of non-CTE teachers
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and CTE teachers are observed leaving the system. Among CTE teachers, those with
professional licenses (who carry the same license type) are slightly less likely to leave (7%),
while 10% of occupationally licensed teachers exit teaching, a more than 25% higher rate of exit.
Among occupationally licensed teachers, trades teachers leave at a 10% rate, while 11% of
teachers in high-growth areas (who are mostly health science, but also include IT and STEM)
leave teaching. To contextualize these overall rates of exit, we present trends in total teaching
positions in each substantive CTE area (Figure 3.1). Figure 3.1 reveals long-term increases in
growth-area teachers, stable staffing in agriculture and other occupational areas (primarily arts
and law), and declines in trades, business, and other professional area (which includes primarily
human Services, hospitality, and education) teachers. Despite the aggregate increase in number
of high-growth teachers over time, turnover is high among growth teachers, suggesting that CTE
teacher churn may be especially pronounced in the growth fields and explain the large
proportions of novice educators in the health sciences.

We complement this descriptive evidence with our statistical models which control for
important observable differences among teachers. In Figure 3.2, we present fitted probabilities of
exiting teaching by documented years of experience. Each panel of this figure compares non-
CTE teachers to a set of CTE teachers. The top three panels correspond to our three groups for
occupationally licensed teachers, while the bottom three correspond to the groups of
professionally licensed teachers. The most salient evidence from this figure is the substantially
higher rate of exit among high-growth CTE teachers with fewer than 10 years of experience, and
the generally higher rate of exit among trades teachers at all years of experience. Also clear is
how similar the rate of exit is among professionally licensed CTE teachers and their non-CTE

counterparts. The pattern of turnover for health science teachers on their own is almost identical
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to the pattern for high-growth teachers, which we expect because health science teachers
represent 80% of teachers in the high-growth areas (See Figure 3.A1). Adding district or school-

by-year fixed effects does not change the results (See Table 3.A2 and Table 3.A3).

Those who leave earn more

We present evidence to support our answer to research question two in in Figure 3.3,
where we show the fitted earnings of teachers by license type and content area in the two years
after leaving their teaching position. The first panel of Figure 3.3 shows the average post-exit
earnings in the eight quarters after exit among professionally licensed teachers (both non-CTE
and CTE), contrasted with occupationally licensed CTE teachers in the second panel. On
average, non-CTE teachers who exit are found to earn just over $70,000 in the two years after
exiting, with other professionally licensed CTE teachers who leave earning similar amounts.
Occupationally licensed CTE teachers earn considerably more than professionally licensed
teachers, especially those in high-growth areas who earn nearly $90,000 in these two years after
leaving teaching, or nearly 20% more. Former trades teachers also show a substantial earnings
premium, relative to professionally licensed exiters, though the confidence interval of their
estimates overlap with those of professionally licensed business and agriculture teachers.
Individuals who earn the most post-exit are also in the same license type and substantive area as
those who exit teaching at higher rates, perhaps suggesting some of the motivation for this higher

rate of exit.
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Teacher exit creates shortages in high-growth areas

In Table 3.2, we present evidence that losing health science teachers, where exit from the
profession is descriptively highest, is associated with fewer CTE teachers in the following school
year, and that fewer sections of those courses are offered. Using our full sample of health science
teachers, estimates in Column 1 of Table 3.2 demonstrate that for each health science teacher
who leaves, there is a net year-over-year loss of about one-half of a teacher, on average. A less
than one-to-one correspondence in this case highlights that in some schools the lost teachers are
successfully replaced. However, the net loss suggests this is not seamlessly done.

Using the years from 2014 and beyond where we have course offering data, we present
estimates in Column 3 (Table 3.2) that show the loss of a health science teacher results in a net
loss of roughly one section of related coursework. In Column 4, among schools that offer health
science courses, we demonstrate that health science teacher turnover does not result in larger
classes, implying that there is simply a net loss in the ability to serve as many students in these
programs when a teacher leaves. Differences in the sample size across columns in Table 3.2
reflect the use of all teacher data in our sample in Column 1, but only teachers in years where
course data (that was only available after 2014) can be matched in Columns 2 through 4. Column
2 shows that the same overall relationship holds if we limit analyses only to a stable sample for
the health science teacher count outcome. As we show in the Appendix, the results are
substantively similar, though in some cases the estimates are less precise, when we employ a
Poisson distribution (Table 3.A4), include school fixed effects, or exclude district fixed effects
(Table 3.A5).

Health science teachers can be more easily linked to their corresponding course offerings

and have the highest rate of turnover, and are thus the focus of answering this research question.
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However, in the Appendix (Table 3.A6, 3.A7, and 3.A8), we demonstrate that turnover among
CTE teachers in other areas also has a negative coefficient, suggesting that rehiring may not be
successful across substantive areas after teachers leave. Yet, as we demonstrate in Figure 3.1, the
long-term secular reduction in business, other professional, and trades teachers suggests that
there are likely different explanations for what otherwise may appear to be similar point
estimates. In these areas with a longer-term decline, schools may be intentionally sunsetting
programs while simultaneously attempting to expand their health science programs to meet
workforce needs. To further contextualize the relative change in CTE staffing, we compare the
magnitude of the estimate on turnover for each CTE area in relation to the average number of
teachers in the given area at the school-year level. Level differences are represented by the
estimate for the constant (Table 3.A6), and suggest that the relative loss (turnover estimate
divided by the constant) might be more substantial in health science, agriculture, other

professional, and trades areas, versus business or the other occupational areas.

Discussion and Conclusion

Attracting and retaining teachers is critical to maintaining service delivery in schools and
preparing youth for entry-level employment in industries that have high demand and sustainable
wages. Overall, we find that CTE teachers leave teaching at similar rates to their non-CTE peers,
but that this average masks important underlying heterogeneity in turnover rates by CTE area.
Specifically, occupationally licensed CTE teachers leave at notably higher rates than all
professionally licensed teachers (CTE or not), and this is especially high among those in the

skilled trades or other high-growth areas of health services, IT, and STEM. Turnover on its own

93



has costs to schools and students (Ronfeldt, Loeb & Wyckoff, 2013), but beyond simply having
to engage in the process to replace teachers, our finding that teachers in health sciences may not
be replaced amplifies the implications of this turnover. In line with what we might expect, our
analysis also reveals that those who leave teaching earn more than the average teacher salary in
their post-teaching work, with those holding occupational licenses earning considerably more.
Each of these findings resonates with theory and prior literature, and has clear implications for
policy and practice, which we highlight below.

Maintaining the CTE teacher supply, and expanding in areas of economic growth, is not
just an acknowledgement of the co-dependency of education and the workforce. A growing body
of evidence demonstrates that applied learning and technical education can improve student
engagement, learning outcomes, improve graduation rates (Bonilla, 2020; Brunner et al., 2021;
Dougherty 2018; Gottfried & Plasman, 2018; Hemelt et al., 2019), and improve employment
outcomes and earnings through their early career (Brunner et al., 2021; Kreisman & Stange,
2020). There is also new evidence suggesting that participation in CTE programs that have clear
alignment with postsecondary programs in the same area can boost college going (Ecton &
Dougherty, In press). Importantly, overall impacts of CTE are especially salient for males who
are most likely to pursue skilled trades (Brunner et al., 2021), and positive impacts were shown
to be largest for females in areas that had expanded offerings in health service programs (Bonilla,
2020). Thus, ensuring a steady supply of teachers to provide coursework that is both engaging
and provides economic value is critical to supporting youth development, as well as their
transition to adulthood.

When schools face a shortage in health science teachers, they may choose not to offer the

course, or they may staff courses with teachers without a health science endorsement. Our results
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suggest that health science teacher turnover is associated with a one-section reduction in health
science courses, which represents a substantial reduction given that schools offer about six health
science course sections per year on average. However, it seems that our approach may not fully
capture the consequences of health science teacher turnover and could underestimate the
challenges for schools because as we show in Figure 3.A2, the count of health science-endorsed
teachers does not perfectly predict the number of health science course sections offered. The
figure suggests that the relationship between the number of health science-endorsed teachers and
the number of health science course sections in a given school and year is positive, but there are
at least some cases where schools have zero health science teachers but still offer course
sections. Schools may be responding to shortages by staffing health science classrooms with
teachers with other endorsements. Based on evidence suggesting that CTE students whose
teachers are licensed in the program area in which they teach have better outcomes (Chen et a.,
2023), this strategy may not be beneficial for students.

Our findings offer a specific case of a broader phenomenon in the study of teacher labor
markets, and offer the first instance we know of to connect CTE teacher exit to post-teaching
employment records. Estimates are consistent with what theory might predict, and in line with a
parallel literature on teacher labor markets that finds that teachers in other high-demand areas
such as math and science are more likely to leave teaching in some contexts, presumably because
their technical skills have high economic value in the non-teaching workforce (Carver-Thomas &
Darling-Hammond, 2019; Goldhaber & Liu, 2003; Nguyen & Redding, 2018). Our finding that
teachers who are most likely to leave receive a substantial premium is consistent with the same
theory that is relied upon in related research. Using novel connections to the private sector

workforce, it codifies what has long been assumed: that teachers who leave teaching, but
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continue working, earn more and realize especially large premiums to those in high-demand

occupations.

Implications

Since teachers with occupational licenses are most likely to leave and take positions with
higher pay, there are a few clear policy implications. First, in the medium-term it is worth
considering how to further lower the barriers to entry. Many states allow flexibility in pathways
to becoming a teacher in fields that require workforce experience and expertise, and some states
continue to update their policies to meet the demands for these teachers (Tennessee General
Assembly, 2022). Still, there is room for further flexibility if turnover remains high. Offering
opportunities for industry professionals to work as teachers in schools part-time may also help to
address urgent shortages and provide a pathway into teaching.

Second, policymakers and school leaders should create supports that promote the success
of CTE teachers, especially those with occupational certificates who are new to teaching and for
whom teaching marks a mid-career shift in occupation. Higher turnover rates among CTE
teachers with less experience may be related to alternative job opportunities, differences in
working conditions specific to CTE teachers, and potentially the training and preparation of CTE
teachers. Though flexible pathways to teaching may be necessary to attract individuals to teach
in skilled trades, health services, and IT, these teacher candidates by definition have less
preparation for the job of teaching. Research on career adaptability and how to support it exists
(Brown et al., 2012) including in education where recruiting and developing mid-career changers
is a long-standing need and where addressing new roles and professional identity may be key to

persisting (Mayotte, 2003; Snyder et al., 2013; Williams, 2010).
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In our study, we do not observe the more complex motivations and needs of the teachers
who leave or whether their turnover is voluntary, and so future work should include mixed-
methods approaches to understand the reasoning of those who chose to leave. We do see that
some leavers earn considerably more money however, relative to their prior wages as teachers,
and most of these leavers were (based on their license type) also individuals who left prior
private-sector work to become teachers. Thus, it is important to understand whether other, non-
financial reasons motivated their decision to leave, so that educators and policy makers might
better respond to addressing these losses.

Finally, exiting teachers do appear to create at least short-term (we cannot yet observe
longer-term) constraints on course offerings in areas of high demand like health science. Student-
teacher ratios in CTE classrooms are often capped based on OSHA or other state requirements,
and so schools have limited flexibility to expand class sizes, thus emphasizing the importance of
retaining these teachers for the development and engagement of students. Retaining teachers is
likely the most expedient short-term strategy since they are already working in the classroom.
Determining whether working conditions (Geiger & Pivovarova, 2018; Grissom, Viano & Selin,
2016; Ingersoll & Smith, 2003; Johnson, Kraft & Papay, 2012), pay (Clotfelter et al., 2008;
Hanushek, 2007; Hendricks, 2014), or both can be modified to induce teachers to stay is
paramount.

The findings from this study are not designed to support causal inferences, and thus must
be interpreted as providing a descriptive account of how CTE teachers leave the profession and
the implications of that exit from teaching for students and schools in the short term. However,

the conclusions from this work are more than sufficient to warrant additional action on the part
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of educators and policy makers to improve the retention of CTE teachers and support their

success and development in the classroom.
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Figure 1.1: Relationships Between First-attempt Exam Scores and Test-Taker Characteristics
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Note: The above panels present the proportion of test-takers in shortage exam areas with each demographic

characteristic labeled on the y axis, by first-attempt centered score.
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Figure 1.2: Distribution of First-Attempt Exam Scores
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Note: The above figure presents the distribution of centered first-attempt exam scores (the forcing variable) in

shortage areas, with the red line indicating the cut score for passing
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Figure 1.3: McCrary Test, Shortage Area Exams
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Note: The above figure presents results from the McCrary test for manipulation, created using the rddensity

command in stata.
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Figure 1.4: Probability of Retaking as a Function of First-Attempt Exam Score
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Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers

who retake the exam in shortage areas.
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Figure 1.5: Months to Retake, Number of Exam Attempts, and Probability of Passing on Best

Attempt, as a Function of First-Attempt Exam Score
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Note: The above figures describe the average time to retake, number of exam attempts, and proportion who pass on
best attempt as a function of their first-attempt exam score. Only test-takers who retake at least once are included in

these figures.

118



Figure 1.6: Probability of Taking an Exam in a Different Endorsement Area and Taking an Exam
in a Different Endorsement Area with Higher Passing Rates, as a Function of First-Attempt

Exam Score
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Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers
who subsequently attempt an exam in a different endorsement area (left panel) or an exam with higher pass rates in a

different endorsement area (right panel).
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Figure 1.7: Probability of Becoming Licensed as a Teacher and Becoming Licensed as a Teacher

in the Aligned Endorsement Area, as a Function of First-Attempt Exam Score
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Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers
who subsequently become licensed in any area (left panel) or become licensed in the endorsement area aligned to

the exam (right panel).
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Figure 1.8: Probability of Taking an Exam in a Different Endorsement Area and Average

Observation Scores, as a Function of First-Attempt Exam Score
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Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers
who subsequently become employed as a teacher in the state (left panel) as well as their average observation scores

as teachers (right panel).
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Table 1.1: Test-Taker Descriptive Characteristics and Outcomes, by First-attempt Exam Score

Shortage areas Non-Shortage areas
) 2 3) “ )
Full All test- RD sample All test- RD sample
sample takers takers

Fail Pass Fail  Pass Fail Pass Fail Pass

Test-taker characteristics

Age 28.57 | 30.39 2892 30.03 2896 | 2940 2735 2842 27.25
Female 0.75 0.68 0.71 0.68 0.71 0.73 0.81 0.74 0.79
White 0.81 0.66 0.84 0.69 0.79 0.65 0.88 0.72 0.85
Black 0.11 0.24 0.07 021 0.12 0.26 0.07 0.21 0.10
Hispanic/Latino 0.02 0.03 0.03 0.03 0.03 0.02 0.02 0.02 0.02
Asian 0.01 0.02 0.02 0.02 0.02 0.01 0.01 0.01 0.01
Other race/eth 0.04 0.06 0.04 0.06 0.04 0.06 0.03 0.05 0.03
Out of state 0.27 0.33 032 033 032 0.19 0.21 0.19 0.21

Passing rates

Pass on first 0.77 0.00 1.00  0.00 1.00 0.00 1.00 0.00 1.00
attempt
Pass on best 0.86 0.30 1.00 043 1.00 0.48 1.00 0.59 1.00
attempt

Subsequent test-taking behaviors

Keep taking exams 0.38 0.67 0.33 070 0.32 0.74 0.24 0.76 0.23

Take different 0.23 0.29 024 025 024 0.18 0.21 0.17 0.19

€xam

122



Take easier exam 0.12 0.22 0.11 0.16 0.13 0.13 0.10 0.12 0.11
Retake 0.60 0.54 - 0.60 - 0.68 - 0.73 -
(conditional on

failing)

Retake behaviors (among those who retake at least once)

Avg time to retake 12.92 13.92 - 12.33 - 11.91 - 10.58 -
in months

Pass on best 0.63 0.56 - 0.71 - 0.72 - 0.80 -
Average number of  3.00 3.07 - 2.31 2.98 - 2.68 -
attempts

Licensure and employment outcomes

Licensed in aligned ~ (0.46 0.22 046 028 046 0.34 0.58 0.40 0.58
area

Licensed in any 0.53 0.41 0.52 043 0.52 0.46 0.61 0.50 0.61
area

Employed as 0.52 0.39 0.50 042 051 0.45 0.59 0.49 0.59
teacher

Avg observation 3.57 3.52 356 353 352 3.53 3.60 3.54 3.59
scores

Observations 47743 6298 18945 3440 7197 | 4548 17952 3174 7301

Note: The above table describes the outcomes for test-takers overall as well as those who pass versus fail on their

first attempt, both for the full sample and for those who score within 14 points on either side of the cutoff (the

bandwidth in the RD sample), for test-takers in shortage and non-shortage areas.
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Table 1.2: Estimates of Differences in Observable Characteristics Between Test-Takers Who

Pass and Fail on their First Exam Attempt

6] ) 3) 4) ) (6) (7 (8)
Female @ White  Black Hisp Asian Other  Out of
Age
state
BW=10
Failed 0.236  -0.025 0.026  -0.030  0.002 0.003  -0.001 -0.018
(0.433) (0.022) (0.021) (0.018) (0.008) (0.006) (0.011) (0.022)
Observations 7684 7684 7684 7684 7684 7684 7684 7684
BW=12
Failed -0.025  -0.016  0.020 -0.038"  0.002 0.002 0.014  -0.027
(0.395) (0.020) (0.020) (0.017) (0.008) (0.006) (0.010) (0.020)
Observations 9143 9143 9143 9143 9143 9143 9143 9143
BWw=14
Failed -0.035  -0.002  0.021 -0.034" 0.004 -0.001 0.009 -0.016
(0.365) (0.019) (0.018) (0.015) (0.007) (0.005) (0.009) (0.019)
Observations 10637 10637 10637 10637 10637 10637 10637 10637
BW=16
Failed 0.038  -0.002 0.016 -0.029° 0.004 -0.000 0.009 -0.019
(0.343) (0.018) (0.017) (0.015) (0.007) (0.005) (0.009) (0.017)
Observations 12132 12132 12132 12132 12132 12132 12132 12132
BW=18
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Failed 0.058 -0.001 0.013 -0.022 0.003 -0.000 0.007 -0.016
(0.324) (0.017) (0.016) (0.014) (0.006) (0.005) (0.008) (0.017)

Observations 13605 13605 13605 13605 13605 13605 13605 13605

BW=20
Failed 0.065 0.002 -0.002 -0.008 0.006 -0.001 0.006 -0.018
(0.310) (0.016) (0.015) (0.013) (0.006) (0.004) (0.008) (0.016)

Observations 15097 15097 15097 15097 15097 15097 15097 15097

Standard errors in parentheses
tp<.10,"p<.05"p<.01," p<.001
Note: The above table presents output from the RD models, fit with each demographic characteristic as the outcome.

The models include exam-by-year fixed effects and standard errors are clustered at the test-taker level.
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Table 1.3: Estimates on the Change in Slope Between Exam Score and Test-Taker Characteristic

at the Passing Score

(1 2 3) 4 ) (6) (7 (8)
Age  Female White  Black Hisp Asian Other  Out of

race/eth state

Kink -0.056  -0.007 0.002 0.001 0.001 -0.000  -0.001 0.004

(0.114)  (0.006) (0.006) (0.005) (0.002) (0.001) (0.003) (0.005)

Observations 16375 16375 14992 15746 18741 19145 17544 17544

Standard errors in parentheses

*p<.10,"p<.05"p<.01," p<.001

Note: The above table provides output generated using the rdrobust command, where I estimate the regression kink
at the cutpoint. The above table presents output from the RKD models, fit with each demographic characteristic as

the outcome. The models include exam-by-year fixed effects and standard errors are clustered at the test-taker level.
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Table 1.4: Descriptive Relationships Between First-Attempt Exam Score and Retake Outcomes

(D (2 3) 4)
Retake Months to first Number of Pass on best
retake attempts attempt

(Conditional on  (Conditional on (Conditional on

retaking) retaking) retaking)
Centered score 0.009™* -0.278" -0.067" 0.027*
(0.001) (0.059) (0.009) (0.002)
Centered score? 0.000" -0.001 -0.001™ 0.000™*
(0.000) (0.001) (0.000) (0.000)
Female 0.026" 0.309 0.056 0.023
(0.012) (0.768) (0.069) (0.018)
Age -0.003™ 0.094" -0.000 -0.004™
(0.001) (0.040) (0.004) (0.001)
Out of state address -0.167" 0.937 -0.463™ -0.088™"
(0.013) (0.898) (0.069) (0.020)
Black -0.033" 3.503"" -0.090 -0.132™
(0.014) (1.061) (0.082) (0.021)
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Hispanic -0.027 -2.049 -0.227 -0.035

(0.035) (1.789) (0.162) (0.049)
Asian -0.105" 2418 -0.017 0.041
(0.050) (2.506) (0.215) (0.075)
Other race/eth 0.034 0.092 -0.001 -0.050
(0.025) (1.306) (0.119) (0.033)
Constant 0.797* 4.864™" 2.378" 1.039"
(0.023) (1.440) (0.137) (0.032)
Observations 9158 4651 4651 4651
R? 0.28 0.37 0.31 0.47

Standard errors in parentheses

*p<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from a series of regressions where each outcome (in the column) is regressed
on the first-attempt centered score and the squared term of the first-attempt centered score, with exam/year/month
fixed effects. For columns 2-4, inclusion in this sample is conditional on retaking the exam at least once. Standard

errors are clustered at the test-taker level.
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Table 1.5: Estimates of the Effect of Failing on Outcomes of Interest

) 2 3 “ &) (6) (7 ®)
Retake Diff Easier  License Aligned Become Obs Obs
exam exam endo teacher scores scores,
(reduced v
-form)
Failed 0.598™  0.017 -0.004  -0.053"  -0.099"" -0.062""  0.011 0.196
(0.017)  (0.018)  (0.013) (0.017) (0.016) (0.016)  (0.025)  (0.343)
Centered -0.003™"  0.004™ 0.001 -0.000 0.000 0.000  0.004™  0.002
score
(0.001)  (0.001)  (0.001)  (0.001) (0.001) (0.001)  (0.001)  (0.002)
Failed* 0.009”  -0.007"" -0.006""  0.004"  0.009""  0.002  -0.005"  -0.009
centered
score
(0.002)  (0.002)  (0.002)  (0.002) (0.002) (0.002) (0.002) (0.007)
Constant 0.046°  0.282"" 0.100™" 0.878"" 0.742"" 0.890"" 3.527"" 3.434™"
(0.021)  (0.032)  (0.023)  (0.034) (0.031) (0.033) (0.060)  (0.249)
Observations 10637 9851 12132 13605 13605 14361 7276 4748
R’ 0.48 0.09 0.10 0.22 0.22 0.22 0.49 0.55

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models where the column header is the outcome. The models
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also include test-taker demographic characteristics and exam-by-year fixed effects. Standard errors are clustered at
the test-taker level. The last two columns also use school fixed effects. The last column uses the fuzzy RDD design,

where I instrument for aligned endorsement using failing.
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Table 1.6: Estimates on the Change in Slope Between Exam Score and Outcome at the Passing

Score
(1) (2) (3) 4) &) (6) (7
Retake Diff Easier License  Aligned Become Obs
exam exam endo teacher scores
Kink 0.008* -0.012* -0.008" 0.006 0.012* 0.001 0.010

(0.005)  (0.005)  (0.004)  (0.004)  (0.004)  (0.005)  (0.014)

Observations 17544 17544 18134 17544 18134 17544 5551

Standard errors in parentheses
*p<.10,"p<.05"p<.01," p<.001
Note: The above table provides output from Equation 2 generated using the rdrobust command in stata, where |

estimate the regression kink at the cutpoint.
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Figure 2.1: Distribution of Math Scores
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Note: The above figure shows the distribution of students’ math scores, standardized to have mean (0) and variance
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Figure 2.2: Distribution of Principal Survey Ratings
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Note: The above figure shows the distribution of principals’ average survey ratings, standardized to have mean (0)
and variance (1).
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Figure 2.3: Distribution of Principal Survey Ratings, for Three Individual Items
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Note: The above figure shows the distribution of principals’ ratings on three individual survey items (Q2, QS, and

Q9), standardized to have mean (0) and variance (1).
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Figure 2.4: Distribution of Principal Observation Scores
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Note: The above figure shows the distribution of principals’ observation scores from their evaluators, standardized
to have mean (0) and variance (1).
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Figure 2.5: Figure Showing Predicted Teacher Improvement Over Time
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Note: The above figure shows predicted teacher performance as they accrue experience using output from Equation

1, without the principal measures.
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Figure 2.6: Figure Showing Predicted Improvement Over Time, by Principal Survey Measure
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Note: The above figure shows predicted teacher performance as they accrue experience, using output from Equation

2, for a teacher with a principal scoring 1 SD above and 1 SD below the mean on average survey ratings.
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Table 2.1: Survey Items Used in Analyses

Item

2015

2016

2017

2018

2019

2020

2021

2022

Q1: The principal at my
school communicates a
clear vision for the

school

Q2: The staff feels
comfortable raising
issues and concerns that
are important to them

with school leaders

Q3: School leadership
provides useful
feedback about my

instructional practices

Q4: School leadership is
[adequately] visible and
available to address

staff/student needs

Q5: School leadership
proactively seeks to
understand the needs of

teachers and staff
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Q6: My principal X X X
regularly models

effective instruction

Q7: My principal X X X
regularly gives feedback

on my instruction

Q8: My principal knows X X X
my instructional
strengths and areas of

growth

Q9: My principal is X X X
knowledgeable about

the curricula being used

Note: The above table shows survey items included in each year on the educator survey, with an “X” denoting that

the item in the row was asked in a particular school year (column).
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Table 2.2: Relationships Between Principal Survey Measures and School, Principal, and Teacher

Measures, at the Principal-By-Year Level

1t quartile of ~ 2"d quartile of 3" quartile of 4™ quartile of
principal principal principal principal

survey overall survey overall survey overall survey overall

School characteristics

City 0.34 0.24 0.22 0.16
Suburb 0.12 0.14 0.14 0.15
Town/rural 0.53 0.62 0.63 0.69
K-5 0.46 0.45 0.49 0.57
5-8 0.42 0.37 0.32 0.21
K-8 0.10 0.16 0.17 0.20
K-12 0.02 0.02 0.01 0.02
Avg student enrollment 629.31 625.17 593.87 536.90

Student characteristics

Average student math -0.04 0.08 0.13 0.19
score

Proportion female 0.49 0.48 0.48 0.48
Proportion white 0.61 0.68 0.70 0.75
Proportion api 0.03 0.03 0.03 0.03
Proportion black 0.25 0.19 0.18 0.14
Proportion hisp 0.12 0.10 0.09 0.08
Proportion econ dis 0.47 0.44 0.43 0.42
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1% quartile of
principal

survey overall

2" quartile of
principal

survey overall

3 quartile of
principal

survey overall

4™ quartile of
principal

survey overall

Proportion special 0.16 0.16 0.16 0.16
education

Proportion ELL 0.06 0.04 0.04 0.03
Principal characteristics

Proportion 0-2 years of 0.36 0.34 0.28 0.33
principal experience

Proportion 3-5 years of 0.27 0.27 0.27 0.23
principal experience

Proportion 6-9 years of 0.16 0.16 0.19 0.18
principal experience

Proportion 10 or more 0.21 0.23 0.27 0.25
years of principal

experience

Average observation -0.35 -0.01 0.19 0.32
scores

Teacher characteristics

Proportion teachers with 0.22 0.19 0.16 0.15
0-2 years of experience

Proportion teachers with 0.16 0.16 0.15 0.13

3-5 years of experience
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1t quartile of 2" quartile of 3" quartile of 4™ quartile of
principal principal principal principal

survey overall  survey overall survey overall survey overall

Proportion teachers with 0.17 0.17 0.17 0.17
6-9 years of experience

Proportion teachers with 0.45 0.48 0.51 0.55
10 or more years of

experience

Observations 654 641 685 801

Note: The above table presents principal-by-year measures of student, teacher, and principal characteristics, by

quartile of principals’ average survey ratings.
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Table 2.3: Parameter Estimates of the Differential Returns to Teaching Experience, By Measures

of Principal Survey Ratings, Observation Scores, Tenure in School, and Total Experience

@) 2) 3) “ 6))
RTE RTE with RTE with  RTE with RTE with
prin survey prin prin prin total
observation tenurein  experience
school
Prin measure*Exp 0.0036° -0.0010 0.0005™ 0.0003"
(0.0017) (0.0008) (0.0002) (0.0002)
Exp 0.0665™" 0.0655™" 0.0655™"  0.0654™  0.0661™"
(0.0090) (0.0090) (0.0090) (0.0090) (0.0090)
Prin measure -0.0017 0.0192™ -0.0049™  -0.0030"
(0.0138) (0.0071) (0.0015) (0.0014)

o -0.0144™ -0.0150™"  -0.0148™" -0.0146™"

Exp’ -0.0148
(0.0038) (0.0038) (0.0038)  (0.0038)  (0.0038)
Exp’ 0.0015" 0.0014° 0.0015™  0.0015"  0.0014"
(0.0006) (0.0006) (0.0006)  (0.0006)  (0.0006)
Exp’ -0.0001° -0.0001°  -0.0001°  -0.0001"  -0.0001"
(0.0000) (0.0000) (0.0000)  (0.0000)  (0.0000)
Observations 1331193 1331193 1331193 1331193 1331193

Standard errors in parentheses
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tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from Equations 1 and 2, where Column 1 is the baseline model and
Columns 2-5 include the interaction with the principal measure. The top row presents the coefficient of interest on
the interaction between teachers’ returns to experience and the principal measure. All models include teacher fixed
effects and grade-by-year fixed effects, as well as controls for student, peer, and school characteristics, and standard

errors are clustered at the year-school-grade level.
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Table 2.4: Parameter Estimates of the Differential Returns to Teaching Experience by Principal

Observation Scores, Across School Characteristics

(D 2) 3) 4)
Proportion new Locale Tier Total
teachers enrollment
Exp*Principal -0.0009 -0.0015 -0.0017 -0.0004
observation score
(0.0016) (0.0017) (0.0013) (0.0020)
Exp 0.0653" 0.0613™" 0.0663"*" 0.0663""
(0.0091) (0.0091) (0.0090) (0.0091)
Prin obs scores 0.0165 0.0245" 0.0227" 0.0278"
(0.0134) (0.0132) (0.0113) (0.0164)
Exp # prin obs scores -0.0001
# prop new teachers
(0.0058)
Exp # prin obs scores 0.0009
# Suburb
(0.0026)
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Exp # prin obs scores

# Town/rural

Exp # prin obs scores

#5-8

Exp # prin obs scores

# K-8

Exp # prin obs scores

#K-12

Exp #enrollment#

prin obs scores

Exp> -0.0145™

(0.0038)

0.0001

(0.0020)

-0.0003

(0.0018)

0.0067"

(0.0025)

-0.0057

(0.0111)

-0.0143™ -0.0144™*

(0.0038) (0.0038)
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(0.0000)

-0.0144™*

(0.0038)



Exp? 0.0014" 0.0014" 0.0014" 0.0014"

(0.0006) (0.0006) (0.0006) (0.0006)

Exp* -0.0001* -0.0001* -0.0001" -0.0001"
(0.0000) (0.0000) (0.0000) (0.0000)

Observations 1331193 1331193 1331193 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from the model that includes an interaction with school characteristics
where each column represents the three-way interactions with one of the school characteristics. The top row presents
the coefficient on the interaction between teachers’ returns to experience and the measure in the table title. The
excluded category for tier is K-5 schools and for locale is city schools. All models include teacher fixed effects and
grade-by-year fixed effects, as well as controls for student, peer, and school characteristics (locale, tier, proportion
new teachers, and enrollment), and standard errors are clustered at the year-school-grade level. All two-way

interactions are also included in the model, but are excluded from the table for brevity.
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Table 2.5: Parameter Estimates of the Differential Returns to Teaching Experience By Principal

Survey Ratings, Across School Characteristics

(1 2) 3) 4)
Proportion new Locale Tier Total
teachers enrollment
Exp*Survey ratings 0.0013 0.0029 -0.0030 0.0005
(0.0030) (0.0032) (0.0027) (0.0036)
Exp 0.0658"" 0.0630™*" 0.0677"*" 0.0671""
(0.0091) (0.0092) (0.0090) (0.0091)
Survey ratings 0.0140 0.0052 0.0458" 0.0190
(0.0258) (0.0269) (0.0229) (0.0294)
Exp # survey ratings 0.0101
# prop new teachers
(0.0117)
Exp # survey ratings -0.0056
# Suburb
(0.0053)
Exp # survey ratings 0.0019
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(1 2 3) 4)
Proportion new Locale Tier Total
teachers enrollment
# Town/rural
(0.0039)
Exp # survey ratings 0.0106™
#5-8
(0.0036)
Exp # survey ratings 0.0052
# K-8
(0.0052)
Exp # survey ratings 0.0012
#K-12
(0.0165)
Exp #survey ratings# 0.0000
enrollment
(0.0000)
Exp? -0.0150™" -0.0147"" -0.0152"* -0.0149™
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(1)

2)

€)

(4)

Proportion new Locale Tier Total
teachers enrollment
(0.0038) (0.0038) (0.0038) (0.0038)
Exp? 0.0015™ 0.0014" 0.0015™ 0.0015"
(0.0006) (0.0006) (0.0006) (0.0006)
Exp* -0.0001" -0.0001" -0.0001" -0.0001"
(0.0000) (0.0000) (0.0000) (0.0000)
Observations 1331193 1331193 1331193 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from the model that includes an interaction with school characteristics

where each column represents the three-way interaction with one of the school characteristics. The top row presents

the coefficient on the interaction between teachers’ returns to experience and the measure in the table title. The

excluded category for tier is K-5 schools and for locale is city schools. All models include teacher fixed effects and

grade-by-year fixed effects, as well as controls for student, peer, and school characteristics (locale, tier, proportion

new teachers, and enrollment), and standard errors are clustered at the year-school-grade level. All two-way

interactions are also included in the model, but are excluded from the table for brevity.
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Table 2.6: Parameter Estimates of the Differential Returns to Teaching Experience by Principal

Tenure in School, Across School Characteristics

(1 2) 3) 4)
Proportion new Locale Tier Total
teachers enrollment
Exp*Principal tenure 0.0006* 0.0004 0.0006" 0.0008"
(0.0004) (0.0004) (0.0003) (0.0004)
Exp 0.0640™" 0.0615™" 0.0656"" 0.0652""
(0.0092) (0.0092) (0.0091) (0.0093)
Principal tenure -0.0057" -0.0018 -0.0057" -0.0051
(0.0031) (0.0032) (0.0023) (0.0036)
Exp # prin tenure # -0.0008
prop new teachers
(0.0016)
Exp # prin tenure # -0.0007
Suburb
(0.0006)
Exp # prin tenure # 0.0003
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(1 2 3) 4)
Proportion new Locale Tier Total
teachers enrollment
Town/rural
(0.0004)
Exp # prin tenure # -0.0002
5-8
(0.0004)
Exp # prin tenure # -0.0006
K-8
(0.0005)
Exp # prin tenure # -0.0002
K-12
(0.0018)
Exp # prin tenure # -0.0000
enrollment
(0.0000)
Exp? -0.0152™* -0.0150™" -0.0152"* -0.0150™*
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(1) 2) €) (4)

Proportion new Locale Tier Total
teachers enrollment
(0.0038) (0.0038) (0.0038) (0.0038)
Exp? 0.0015™ 0.0015™ 0.0015™ 0.0015™
(0.0006) (0.0006) (0.0006) (0.0006)
Exp* -0.0001" -0.0001" -0.0001" -0.0001"
(0.0000) (0.0000) (0.0000) (0.0000)
Observations 1331193 1331193 1331193 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from the model that includes an interaction with school characteristics
where each column represents the three-way interaction with one of the school characteristics. The top row presents
the coefficient on the interaction between teachers’ returns to experience and the measure in the table title. The
excluded category for tier is K-5 schools and for locale is city schools. All models include teacher fixed effects and
grade-by-year fixed effects, as well as controls for student, peer, and school characteristics (locale, tier, proportion
new teachers, and enrollment), and standard errors are clustered at the year-school-grade level. All two-way

interactions are also included in the model, but are excluded from the table for brevity.
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Table 2.7: Parameter Estimates of the Differential Returns to Teaching Experience By Principal

Years of Experience, Across School Characteristics

(D) @) 3) @)
Proportion new Locale Tier Total
teachers enrollment
Exp*Principal exp 0.0009™ -0.0003 0.0006" 0.0007*
(0.0003) (0.0003) (0.0003) (0.0004)
Exp 0.0617"*" 0.0644™" 0.0643™" 0.0643™"
(0.0092) (0.0092) (0.0092) (0.0093)
Principal exp -0.0087*" 0.0028 -0.0056™ -0.0053
(0.0029) (0.0026) (0.0021) (0.0032)
Exp # prin exp # -0.0028"
prop new teachers
(0.0014)
Exp # prin exp # 0.0007
Subrub
(0.0005)
Exp # prin exp # 0.0008"
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(1) 2) €) (4)

Proportion new Locale Tier Total
teachers enrollment
Town/rural
(0.0004)
Exp # prin exp # 5-8 -0.0005
(0.0003)
Exp # prin exp # K-8 -0.0002
(0.0005)
Exp # prin exp # K- 0.0006
12
(0.0015)
Exp # prin exp # -0.0000
enrollment
(0.0000)
Exp? -0.0149™" -0.0148"" -0.0149™" -0.0149™*
(0.0038) (0.0038) (0.0038) (0.0038)
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(1) 2) €) (4)

Proportion new Locale Tier Total
teachers enrollment
Exp? 0.0015™ 0.0015" 0.0015" 0.0015"
(0.0006) (0.0006) (0.0006) (0.0006)
Exp* -0.0001" -0.0001" -0.0001" -0.0001"
(0.0000) (0.0000) (0.0000) (0.0000)
Observations 1331193 1331193 1331193 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from the model that includes an interaction with school characteristics
where each column represents the three-way interactions with one of the school characteristics. The top row presents
the coefficient on the interaction between teachers’ returns to experience and the measure in the table title. The
excluded category for tier is K-5 schools and for locale is city schools. All models include teacher fixed effects and
grade-by-year fixed effects, as well as controls for student, peer, and school characteristics (locale, tier, proportion
new teachers, and enrollment), and standard errors are clustered at the year-school-grade level. All two-way

interactions are also included in the model, but are excluded from the table for brevity.
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Figure 3.1: Long-Term, Trends in Total Counts of Teachers Over Time, By Cluster
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Note: The above figure describes the count of CTE teachers in each CTE group over time. The y-axis on the left

pertains to agriculture, trades, growth, other professional, and other occupational teachers. The y-axis on the right

pertains to business teachers, who are the largest group of CTE teachers.
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Figure 3.2: Predicted Probability of Teacher Turnover, By Cluster
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Note: The above figures describe predicted probability of turnover for each group of CTE teacher over years of
teaching experience, controlling for teacher background characteristics, as well as school and year fixed effects.
Standard errors are clustered at the school level. Estimated probabilities of turnover include 95% confidence

intervals, indicated by the colored shading.
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Figure 3.3: Fitted Earnings of Individuals Who Left Teaching and are Ever Employed in the

Eight Quarters After Exiting
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Note: Estimates exclude teachers over the age of 60.

Note: The above figure shows fitted values from a regression predicting post exit earnings, controlling for teacher
characteristics, number of quarters worked before and after teaching, and year fixed effects. Standard errors are

clustered at the school district level. The bands around the estimates represent 95% confidence intervals.
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Table 3.1: Descriptive Statistics of Teachers in Sample

CTE Non- Occ- Prof-  Trades Growth  Other Bus Ag Other
(Endorsed)  CTE cert cert occ. prof.
CTE CTE
Yrs of Exp 11.83 12.22 9.57 13.43 12.06 6.96 9.98 12.97 11.94 15.44
Age 46.38 42.87 47.62 4551 49.85 45.25 4734 4629 4024  47.55
Female 0.55 0.60 0.41 0.65 0.04 0.80 0.44 0.65 0.34 0.89
white 0.86 0.86 0.87 0.86 0.91 0.92 0.80 0.83 0.97 0.86
Black 0.13 0.13 0.13 0.14 0.08 0.07 0.19 0.17 0.03 0.14
Hispanic 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
>=BA 0.77 1.00 0.45 1.00 0.36 0.56 0.53 1.00 1.00 1.00
Occ license 0.41 0.00 1.00 0.00 0.90 0.97 1.00 0.04 0.03 0.00
City 0.25 0.32 0.27 0.23 0.21 0.22 0.35 0.27 0.10 0.23
Suburb 0.18 0.19 0.18 0.18 0.20 0.19 0.19 0.19 0.12 0.18
Town 0.21 0.18 0.21 0.21 0.23 0.22 0.17 0.19 0.28 0.23
Rural 0.36 0.31 0.34 0.38 0.36 0.36 0.29 0.35 0.50 0.36
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Permanent 0.08 0.08 0.10 0.07 0.10 0.11 0.09 0.07 0.07 0.09
exit

Position 0.01 0.02 0.01 0.01 0.01 0.01 0.01 0.02 0.01 0.01
change

Within- 0.03 0.05 0.03 0.04 0.03 0.03 0.04 0.04 0.03 0.03
district

turnover

Cross-district 0.03 0.04 0.02 0.03 0.01 0.02 0.02 0.03 0.04 0.03

turnover

Unique IDs 6211 29616 2587 3624 1018 790 1084 2198 618 864

Note: The table above describes the characteristics of teachers in our sample, which includes all licensed high school teachers in the school years ending in the

spring of 2010 through 2017.
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Table 3.2: Estimated Health Science Teacher Counts, Course Section Counts, and Average Class

Size in Year Following a Documented Health Science Teacher Exit

(1) 2) €) (4)

Count of health  Count of health Count of health  Average health

science teachers science teachers science course science class
(2010-2017) (2014-2017) sections size

Health science -0.51™ -0.44™ -1.06" -0.14
teacher turnover in
prior year

(0.06) (0.08) (0.41) (0.26)
Count of health 0.97"" 0.97"" 1.55™ 0.29*
science teachers in
prior year

(0.02) (0.03) (0.42) (0.17)
Suburb 0.08* 0.05 0.53 1.03*

(0.04) (0.07) (0.35) (0.53)
Town 0.03 -0.02 091 -0.02

(0.05) (0.09) (0.56) (0.66)
Rural 0.09* 0.12 1.00* 0.13
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(0.04) (0.08) (0.49) (0.54)

Count of health 0.73**
science course

sections in prior

year
(0.07)
Average health 0.30™"
science class size in
prior year
(0.07)

Constant 0.03 0.27° 0.26 12.83"*

(0.03) (0.05) (0.33) (1.51)
Year Fixed Effect X X X X
District Fixed Effect X X X X
Observations 2598 930 930 581
R? 0.86 0.87 0.89 0.57

Standard errors in parentheses
tp<.10,"p<.05"p<.01," p<.001

sokok

Note: Standard errors in parentheses * p <.10, " p <.05, ™ p <.01, ™ p < .001. Estimates predict staffing levels in
the years after a school experiences the exit of a health science teacher. Column (1) uses teachers across the full

panel 2010 through 2017. Columns (2) through (4) use only the 2014 through 2017 years where the same teacher
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can be linked to individual classrooms and students. Models also include year and district-level fixed-effects.

Standard errors are clustered at the school level.
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Appendix

Figure 1.A1: Probability of Taking an Exam in a Different (But Related) Endorsement Area and
Taking an Exam in a Different (But Related) Endorsement Area with Higher Passing Rates, as a

Function of First-Attempt Exam Score
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Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers
who subsequently take an exam in a different but related endorsement area (left panel) and in a related endorsement

area with higher passing rates (right panel).
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Figure 1.A2: Probability of Taking an Exam in a Different Endorsement Area in a Quartile with

Higher Passing Rates, as a Function of First-Attempt Exam Score
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Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers

who subsequently take an exam in a different endorsement area in a higher quartile for passing rates.
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Figure 1.A3: Passing Rate on Subsequent Exams, as a Function of Passing Rate on Current

Exam
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Note: The above figure is a binned scatterplot showing the first-attempt passing rates of a given exam on the x-axis
and the passing rates of the next exam they attempt on the y-axis. The blue dots represent test-takers who fail and

the red dots represent test-takers who pass.
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Figure 1.A4: Probability of Taking an Exam in a Different and Non-Shortage Endorsement Area,

as a Function of First-Attempt Exam Score

A 15

maxdiffshortany

.05

Centered First Score

Note: The above figure describes the relationship between first-attempt exam score and proportion of test-takers

who subsequently take an exam in a different endorsement area that is not a shortage area.
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Figure 1.AS: Probability of Taking an Exam in a Different Endorsement, as a Function of First-

Attempt Exam Score, Among ESL and Special Education Test-Takers

maxendodiffany
maxendodiffany

Centered First Score Centered First Score

Note: The above figure describes the relationship between first-attempt exam score and proportion of English as a
Second Language test-takers who subsequently take an exam in a different endorsement area (left panel) and
proportion of Special Education test-takers who subsequently take an exam in a different endorsement area (right

panel).
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Figure 1.A6: Plot showing probability of retake when score is recentered at 15 points above

passing

(o}
o

retake
.04

.02
|

-20 -10 0 10 20
Score centered at 15 above

Note: The above figure describes the proportion of test-takers who retake the exam as a function of the first-attempt

exam score, centered at fifteen points above the real passing score.
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Table 1.A1: Retake and Passing Rates for Exams Coded as Shortage Areas

Area Exam name Count of  First- Retake  Pass rates
test- attempt rates among
takers pass rates retakers

Secondary  English LLC: Content 831 0.84 0.43 0.47

ELA Knowledge

Secondary  English Language Arts: 2362 0.81 0.66 0.61

ELA Content Knowledge

Secondary ~ Middle School English 571 0.54 0.41 0.43

ELA Language Arts

ESL English to Speakers of 1837 0.86 0.60 0.73

Other Languages

World Chinese (Mandarin): World 57 0.91 0.20 1.00

languages Language

World French: World Language 147 0.71 0.55 0.65

languages

World German: World Language 37 0.68 0.42 0.40

languages

World Spanish: World Language 850 0.61 0.55 0.42

languages

Secondary =~ Mathematics: Content 2623 0.39 0.55 0.47

math Knowledge
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Secondary
math
Secondary
science
Secondary
science
Secondary
science
Secondary
science
Secondary
science
Secondary
social
Secondary
social
Secondary
social
Secondary
social
Secondary

social

Middle School Mathematics

Biology: Content
Knowledge

Chemistry: Content
Knowledge

Earth and Space Sciences:
Content Knowledge

Middle School Science

Physics: Content
Knowledge

Economics

Geography

Government/Political
Science
Middle School Social
Studies

Sociology

1330

1604

683

166

668

194

301

271

583

583

33

172

0.60

0.74

0.53

0.68

0.65

0.52

0.41

0.80

0.77

0.87

0.88

0.46

0.54

0.53

0.34

0.42

0.43

0.35

0.33

0.46

0.42

0.5

0.51

0.62

0.57

0.56

0.47

0.45

0.52

0.67

0.76

0.45

0.50



Secondary ~ World and US History: 2166 0.85 0.66 0.59
social Content Knowledge
Special Special Ed: Core Know 3457 0.86 0.64 0.68

education Mild to Moderate App

Special Special Ed: Core Know 983 0.98 0.61 0.64
education Severe to Profound App
Special Special Ed: Core 1908 0.95 0.49 0.62
education Knowledge and

Applications
Special Special Ed: Education of 73 0.84 0.67 0.88

education Deaf & HOH Students
Special Special Ed: Preschool/Early 702 0.88 0.78 0.89

education Childhood

Special Special Ed: Teaching 57 0.82 0.60 0.83
education Students w/Visual Impair
Total 25325 0.75 0.53 0.56

Note: The table above describes first-time passing rates, retake rates, and passing rates among retakers for exams in
endorsement areas identified as shortage areas in the state during the study period (2012-2019) Secondary ELA,
math, science, social studies, world languages, ESL, and special education are identified as shortage areas. Other
areas (early childhood, elementary grades, arts, music, theater, psychology, and CTE) are not identified as shortage

areas in the state. https://tsa.ed.gov/#/reports.
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Table 1.A2: Estimates of the Effect of Failing on Outcomes of Interest, Across Samples

@) 2 3) “ &) Q) (7 ®) €))
Main Nocovs  Donuthole  Shortage  Math, with  Post-2015 First Keep those  Use only
results without donut hole appear with exam first
MS math before date after attempt at
2016 license any exam
Retake 0.598™" 0.600™" 0.611°"" 0.592"" 0.626 0.562"" 0.578"" 0.623™" 0.632""
(0.017) (0.017) (0.020) (0.019) (0.042) (0.020) (0.019) (0.016) (0.018)
Observations 10637 10637 9527 8499 1711 7575 8844 12152 0.632""
Diff exam 0.017 0.018 -0.005 0.010 0.091 -0.008 0.011 0.005 0.021
(0.018) (0.018) (0.021) (0.018) (0.068) (0.018) (0.021) (0.016) (0.023)
Observations 9851 9851 9527 9922 910 10028 7266 13018 5782
Easier exam -0.004 -0.004 -0.007 -0.009 -0.020 -0.012 -0.016 -0.015 0.013
(0.013) (0.013) (0.016) (0.013) (0.043) (0.013) (0.016) (0.013) (0.018)
12132 12132 10309 12116 1613 13508 8844 14775 6812
Licensed -0.053" -0.048™ -0.057" -0.053" -0.052 -0.041° -0.048" -0.059™" -0.052%
(0.017) (0.018) (0.021) (0.017) (0.051) (0.017) (0.019) (0.015) (0.020)
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Observations 13605 13605 11022 13456 1613 11233 9814 16407 9405

ek ekk Hokok sk ok ek sk Hockok ek sk ook

Aligned -0.099 -0.095 -0.106 -0.100 -0.082 -0.078 -0.079 -0.108 -0.074

endorsement

(0.016) (0.017) (0.022) (0.016) (0.050) (0.016) (0.019) (0.015) (0.019)

13605 13605 10309 13456 1613 11834 9814 16407 9926

ekk ekk * ek sk ek sk ook

In staffing files  -0.062 -0.058 0.0597  -0.057" -0.033 -0.054 0.055"  -0.066 -0.069

(0.016) (0.017) (0.021) (0.017) (0.048) (0.016) (0.020) (0.015) (0.020)

Observations 14361 14361 11022 14155 1769 13013 9281 16407 9926
Observation 0.011 0.029 0.016 -0.016 -0.258" -0.034 -0.012 -0.005 -0.009
scores

(0.025) (0.028) (0.031) (0.032) (0.131) (0.050) (0.032) (0.026) (0.042)

Observations 7276 7648 5690 4668 390 2065 4658 7049 2998

Standard errors in parentheses

*p<.10,"p<.05"p<.01,"™ p<.001

Note: The above table provides output from the RD models where the column header indicates the way that I narrow the sample. The models also include test-
taker demographic characteristics and exam-by-year fixed effects. Standard errors are clustered at the test-taker level. The models that use observation scores as

the outcome also include school fixed effects.
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Table 1.A3: Estimates of the Effect of Failing on Outcomes of Interest, Across Exam Areas

(D 2) 3) “4) ) (6) (7 ®) 9 (10) (an (12)
Main Math ESL ELA World Science Social Special Non- Shortage No No ESL
estimate Lang. Studies Educatio shortage and non-  social or
n shortage  studies special
together educatio
n
Retake 0.598™"  0.605" 0.730""  0.622"" 0.456  0.553 055477 0.642""  0.763"  0.681""  0.603""  0.576""
(0.017)  (0.035)  (0.081)  (0.044) (0.093)  (0.042) (0.043) (0.041) (0.016) (0.012) (0.019)  (0.021)
Obs 10637 1960 457 1642 429 1490 1769 2003 9105 18248 8561 6658
Diff 0.017 -0.048 0.186" 0.001 -0.056 -0.037 0.036 0.068" -0.002 0.009 0.009 -0.029"
exam
(0.018)  (0.034)  (0.107)  (0.041)  (0.085)  (0.043) (0.043) (0.038) (0.014) (0.012)  (0.020)  (0.017)
Obs 9851 1960 364 1795 368 1699 2236 2460 12344 19580 7268 10282
Easier -0.004 -0.013 0.034 0.001 -0.007 -0.007 0.020 0.005 -0.000 -0.002 0.001 -0.018
exam
(0.013)  (0.036)  (0.076)  (0.035)  (0.068)  (0.034)  (0.037)  (0.020)  (0.012)  (0.009) (0.015)  (0.016)
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(D 2) 3) “4) ) (6) (7 ®) ) (10) (an (12)
Main Math ESL ELA World Science Social Special Non- Shortage No No ESL
estimate Lang. Studies Educatio shortage andnon-  social or
n shortage  studies special
together educatio
n
12132 1654 432 1795 523 1795 2181 2236 11660 21112 8561 8958
Licensed -0.053"  -0.064 -0.034 -0.035 -0.031 -0.023 -0.089° -0.018  -0.052" -0.053"" -0.054" -0.056"
(0.017)  (0.042)  (0.106)  (0.050)  (0.095)  (0.046)  (0.044)  (0.043)  (0.020) (0.012) (0.019)  (0.018)
Obs 13605 1804 432 1398 397 1401 2181 2678 9105 27895 9922 9823
Aligned  -0.099™"  -0.104" -0.057  -0.088"  -0.103 -0.055  -0.185™"  -0.075" -0.091"" -0.097"" -0.083"" -0.104""
endorsem
ent
(0.016)  (0.041)  (0.095)  (0.051)  (0.090)  (0.047)  (0.040)  (0.041) (0.018) (0.012) (0.017)  (0.018)
Obs 13605 1804 457 1279 397 1401 2181 3155 11660 26637 12484 9823
In -0.062"  -0.061 -0.029 -0.026 -0.084 -0.078 -0.087°  -0.037 -0.034"  -0.055"  -0.058" -0.060"
staffing
files
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(D 2) 3) “4) ) (6) (7 ®) ) (10) (an (12)
Main Math ESL ELA World Science Social Special Non- Shortage No No ESL
estimate Lang. Studies Educatio shortage andnon-  social or
n shortage  studies special
together educatio
n
(0.016)  (0.042)  (0.106)  (0.050)  (0.101)  (0.048)  (0.045)  (0.046)  (0.019)  (0.012)  (0.020)  (0.018)
Obs 14361 1804 432 1398 368 1313 2070 2236 10475 27895 9250 9823
Observati  0.011 -0.120 -5.693 0.162 -0.916 0.168 0.1717" -0.066 0.078" 0.020 -0.052 0.000
on scores
(reduced
form)
(0.025)  (0.107)  (7.155)  (0.143)  (0.997)  (0.222)  (0.064)  (0.175)  (0.032)  (0.019)  (0.039)  (0.031)
Obs 7276 466 34 280 37 162 803 414 4561 11294 3417 3963

Standard errors in parentheses

*p<.10,"p<.05"p<.01,"™ p<.001

Note: The above table provides output from the RD models where the column header indicates which test-takers I include in the sample. The models also include

test-taker demographic characteristics and exam-by-year fixed effects. Standard errors are clustered at the test-taker level. The models that use observation

scores as the outcome also include school fixed effects.
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Table 1.A4: Predicted Probability of Subsequent Test-Taking as a Function of Failing or of

Initial score

B ) 3) @)

Subsequently Subsequently Subsequently Subsequently

take exam in take exam in take exam in take exam in

different different easier easier
endorsement endorsement endorsement endorsement
area area area area
Failed 0.050™" 0.056™"
(0.007) (0.006)
Female 0.009 0.008 0.025™* 0.024™*
(0.006) (0.006) (0.005) (0.005)
Age -0.002"* -0.002"* -0.001™ -0.001™"
(0.000) (0.000) (0.000) (0.000)
Out of state -0.029"* -0.029"* -0.006 -0.006
(0.006) (0.006) (0.005) (0.005)
Black -0.031™ -0.036™ -0.022* -0.027*
(0.009) (0.009) (0.007) (0.007)
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Hispanic -0.016 -0.015 -0.028" -0.028"

(0.017) (0.017) (0.013) (0.013)

Asian 0.021 0.022 0.015 0.015
(0.021) (0.021) (0.016) (0.016)

Other 0.007 0.005 -0.011 -0.012
(0.013) (0.013) (0.010) (0.010)
Centered score -0.001™ -0.001™"
(0.000) (0.000)
Constant 0.317"" 0.344™" 0.141™" 0.169"*"
(0.011) (0.011) (0.008) (0.009)

Observations 25243 25243 25243 25243

R? 0.06 0.06 0.10 0.10

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table predicts the probability of the outcome in the column header as a function of the binary
variable for fail (columns 1, 3) or as the initial centered score (columns 2, 4). These models also include exam-by-

year fixed effects.
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Table 1.AS: Effect of Failing on Outcomes, with Interaction Term on Shortage Area

(1 ) 3) “ 6] (6) (7
Retake Diff exam Easier License Aligned Become Obs scores
exam endo teacher (reduced-
form)
failed 0.763"" 0.003 0.003 -0.052"F  -0.094™"  -0.047"" 0.035
(0.016) (0.015) (0.013) (0.016) (0.017) (0.016) (0.025)
score -0.002"  0.004™ 0.002™ 0.000 0.001 0.000 0.003™
(0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Failed # 0.010"" -0.006"" -0.004" 0.005™ 0.009™" 0.005™ 0.002
score
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
failed # -0.172"" 0.014 -0.008 -0.001 -0.006 -0.015 -0.030
shortage
(0.024) (0.024) (0.019) (0.023) (0.023) (0.023) (0.038)
shortage# -0.002"" 0.000 -0.000 -0.000 -0.001 0.000 -0.002

Score
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(0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.002)
failed# -0.002 -0.001 -0.004 -0.001 0.001 -0.002 -0.004
shortage#
score

(0.004) (0.003) (0.002) (0.002) (0.002) (0.002) (0.004)
Constant 0.071""  0.266""  0.103""  0.864""  0.773""  0.867"" 3.572°"

(0.017) (0.023) (0.019) (0.027) (0.025) (0.027) (0.051)
Observations 18248 19580 21112 27895 26637 27895 11294
R? 0.57 0.09 0.10 0.22 0.23 0.21 0.48

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models where the column header indicates the outcome, and 1

also include an interaction with the binary variable for whether the exam is in a shortage area. The models also

include test-taker demographic characteristics and exam-by-year fixed effects. Standard errors are clustered at the

test-taker level. The models that use observation scores as the outcome also include school fixed effects.
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Table 1.A6: Estimates of the Effect of Failing on Professional Licensure

(D) @) 3) @)
Prof license Endorsement Prof license Endorsement
(only preferred  on prof license (include on prof license
sample sample) (only preferred potentially (include
sample) alternatively potentially
certified alternatively
teachers) certified
teachers)
failed -0.028" -0.053™" -0.038" -0.064™
(0.015) (0.014) (0.015) (0.014)
score 0.001 0.001 0.000 0.001
(0.001) (0.001) (0.001) (0.001)
failed# score 0.002 0.005™* 0.003* 0.006™"
(0.001) (0.001) (0.001) (0.001)
Constant 0.546™" 0.475™" 0.532"" 0.460™"
(0.030) (0.028) (0.031) (0.028)
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Observations
R2

Adjusted R?
F

DF model

DF residual

13605

0.18

0.16

179.10

10

11754

13605

0.18

0.16

169.73

10

11754

15529

0.18

0.16

207.47

10

13260

16407

0.18

0.17

218.02

10

13906

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models where the column header is the outcome. The models

also include test-taker demographic characteristics and exam-by-year fixed effects. Standard errors are clustered at

the test-taker level. The first two columns use the analytic sample. Columns 3 and 4 also include test-takers whose

exams are taken up to three year after the initial certification date (meaning it may include more job-embedded

candidates).
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Table 1.A7: Characteristics of Test-Takers, By Count of Distinct Exams Attempted

1 distinct 2 distinct 3 distinct 4 or more
exam exams exams distinct exams

age 29.90 28.30 27.17 27.88
female 0.68 0.74 0.74 0.74
white 0.77 0.79 0.84 0.84
black 0.13 0.12 0.08 0.10
hisp 0.04 0.03 0.02 0.01
asian 0.02 0.02 0.01 0.01
other 0.04 0.05 0.04 0.04
Out of state 0.34 0.31 0.24 0.24
Licensed 0.45 0.54 0.57 0.50
Employed as teacher 0.44 0.52 0.55 0.49
Average observation 3.56 3.58 3.52 3.43
scores

Observations 11450 5610 1624 682

Note: The above table describes the outcomes and characteristics for shortage area test-takers based on the number

of distinct exams that they attempt. Each test-taker is only included once.
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Table 1.A8: Estimates of Effect of Failing on Outcomes

(D 2 3) 4 ) (6) (7
Take Take Become  Aligned Instaff Avgobs
retake  different easier licensed  endorse (reduced
exam exam ment -form)
BW=10
Failed 0.597°" 0.003 -0.009 -0.047°  -0.085""  -0.063" 0.008
(0.020)  (0.021)  (0.017)  (0.022)  (0.022)  (0.022)  (0.046)
Observations 7684 7684 7684 7684 7684 7684 2502
BW=12
Failed 0.592"* 0.012 -0.003 -0.046"  -0.100"" -0.056"  -0.017
(0.018)  (0.019)  (0.015)  (0.020)  (0.020)  (0.020)  (0.040)
Observations 9143 9143 9143 9143 9143 9143 3111
BWwW=14
Failed 0.598™ 0.005 -0.005 -0.055™  -0.102""  -0.063""  -0.020
(0.017)  (0.017)  (0.014)  (0.019)  (0.018)  (0.019)  (0.036)
Observations 10637 10637 10637 10637 10637 10637 3714
BW=16
Failed 0.595""  -0.001 -0.004  -0.052" -0.103"" -0.060""  -0.023
(0.016) (0.016)  (0.013)  (0.018)  (0.017)  (0.018)  (0.034)
Observations 12132 12132 12132 12132 12132 12132 4318
BW=18
Failed 0.602°  -0.010 -0.015 -0.053"  -0.099"" -0.060""  -0.008
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(0.015)  (0.015)  (0.013)  (0.017)  (0.016)  (0.017)  (0.031)

Observations 13605 13605 13605 13605 13605 13605 4897

BW=20
Failed 0.604*  -0.012  -0.016  -0.050" -0.097** -0.058"*  0.009
(0.014)  (0.015)  (0.012)  (0.016)  (0.015)  (0.016)  (0.029)

Observations 15097 15097 15097 15097 15097 15097 5530

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models where the column header indicates the outcome. The
models also include test-taker demographic characteristics and exam-by-year fixed effects. Standard errors are
clustered at the test-taker level. The models that use observation scores as the outcome also include school fixed

effects.
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Table 1.A9: Estimates of Effect of Failing on Outcomes, Using Quadratic Function of Score

(D 2 3) 4 ) (6) (7
Take Take Become  Aligned Instaff Avgobs
retake  different easier licensed  endorse (reduced
exam exam ment -form)
BW=10
Failed 0.595™ 0.004 -0.007 -0.046"  -0.085"" -0.064™ 0.018
(0.020)  (0.021)  (0.017)  (0.022)  (0.022)  (0.022)  (0.046)
Observations 7684 7684 7684 7684 7684 7684 2502
BW=12
Failed 0.592"* 0.011 -0.003 -0.045"  -0.098"" -0.056"  -0.014
(0.018)  (0.019)  (0.015)  (0.020)  (0.020)  (0.020)  (0.041)
Observations 9143 9143 9143 9143 9143 9143 3111
BWwW=14
Failed 0.598™ 0.004 -0.005 -0.054™  -0.101"" -0.063""  -0.017
(0.017)  (0.017)  (0.014)  (0.019)  (0.018)  (0.019)  (0.036)
Observations 10637 10637 10637 10637 10637 10637 3714
BW=16
Failed 0.595""  -0.001 -0.004  -0.052" -0.103"" -0.060""  -0.024
(0.016) (0.016)  (0.013)  (0.018)  (0.017)  (0.018)  (0.034)
Observations 12132 12132 12132 12132 12132 12132 4318
BW=18
Failed 0.602°  -0.010 -0.015 -0.053"  -0.099"" -0.060""  -0.008

188



(0.015)  (0.015)  (0.013)  (0.017)  (0.016)  (0.017)  (0.031)

Observations 13605 13605 13605 13605 13605 13605 4897

BW=20
Failed 0.603*  -0.010  -0.015  -0.050" -0.098"** -0.057"*  0.008
(0.014)  (0.015)  (0.012)  (0.016)  (0.015)  (0.016)  (0.029)

Observations 15097 15097 15097 15097 15097 15097 5530

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models where the column header indicates the outcome and
where I also include a quadratic function of the running variable. The models also include test-taker demographic
characteristics and exam-by-year fixed effects. Standard errors are clustered at the test-taker level. The models that

use observation scores as the outcome also include school fixed effects.
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Table 1.A10: Estimates of Effects of Placebo Treatment Points on Outcomes

(1) (2) (3) 4) (%) (6)

Fifteen Twenty Twenty- Fifteen Twenty Twenty-

above above five above below below five below
Retake -0.009* 0.001 -0.002 -0.032 -0.004 0.003

(0.004) (0.003) (0.003) (0.030) (0.035) (0.039)
Take different 0.019 -0.007 0.016 0.029 -0.032 0.003
exam

(0.014) (0.014) (0.015) (0.028) (0.033) (0.038)
Take easier 0.017* -0.009 0.005 0.028 -0.033 0.010
exam

(0.010) (0.010) (0.010) (0.025) (0.031) (0.036)
Licensed 0.012 -0.018 0.000 -0.017 0.011 0.020

(0.015) (0.015) (0.017) (0.027) (0.031) (0.035)
Aligned 0.011 -0.018 -0.007 -0.032 0.004 -0.012
endorsement

(0.015) (0.015) (0.017) (0.023) (0.025) (0.027)
Become 0.015 -0.017 -0.008 -0.021 -0.009 0.007
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teacher

(0.015) (0.015) (0.017) (0.027) (0.031) (0.035)

Observations 14628 14074 12696 5238 4081 3166

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models where I check for discontinuities in outcomes across
false treatment points, indicated in the column header. The models also include test-taker demographic
characteristics and exam-by-year fixed effects. Standard errors are clustered at the test-taker level. The models that

use observation scores as the outcome also include school fixed effects.
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Table 1.A11: Demographic Characteristics of Test-Takers, By Eventual Employment and

Licensure Status

Do not Become Do not get Get aligned

become teacher aligned endorsement

teacher endorsement
Age 30.72 27.37 30.53 27.18
female 0.70 0.71 0.70 0.71
white 0.76 0.81 0.75 0.82
black 0.13 0.11 0.14 0.10
hisp 0.03 0.03 0.03 0.03
asian 0.02 0.01 0.02 0.01
Other race/ethnicity 0.05 0.04 0.05 0.04
Out of state 0.48 0.14 0.45 0.14
Average centered score 10.14 12.99 9.06 14.89
on very first exam
Observations 10217 9149 11308 8058

Note: The above table describes characteristics for shortage area test-takers. Each test-taker is only included once.
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Table 1.A12: Estimates of Effect of Failing on Retaking, With Interaction with Passing Rates

(1) ()
Retake for Retake for all
shortage only, areas (shortage

include interaction and non-shortage),
with first-attempt  include interaction
passing rates with first-attempt

passing rates

Failed

Centered score

Failed* centered score

Failed*passing rates

Centered score*passing

rates

0.529" 0.518™
(0.064) (0.052)
0.004* 0.003
(0.002) (0.002)
-0.013* -0.017"
(0.008) (0.007)
0.108 0.233™
(0.091) (0.071)
-0.010™ -0.008"
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(0.003) (0.003)

Failed*centered 0.031™ 0.038™"

score*passing rates

(0.011) (0.010)
Constant 0.046" 0.073"*

(0.021) (0.018)
Observations 10637 18248
R? 0.48 0.56
Adjusted R? 0.46 0.55
F 379.73 926.28
DF model 13 13
DF residual 9477 15773

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table provides output from the RD models for retaking, with an additional interaction term with the
first-attempt pass rates of the exam. The models also include test-taker demographic characteristics and exam-by-
year fixed effects. Standard errors are clustered at the test-taker level. Column 1 considers only shortage area exams,

while column 2 also includes non-shortage area exams.
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Table 1.A13: Predicted Passing Rates on Next Exam

(1)

Passing rate on

next exam
First-attempt passing 0.389""
rate
(0.015)
Failed 0.158""
(0.017)
Failed*passing rate -0.207""
(0.023)
Centered score -0.000
(0.000)
Constant 0.439™*
(0.018)
Observations 7365
R? 0.16
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Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above describes the relationship between the passing rate of the given exam to predict the passing rate of
the next exam the test-taker attempts. Inclusion in this sample is conditional on attempting more than one distinct

exam. The above includes year fixed effects and test-taker characteristics.
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Table 1.A14: Test-Taker Characteristics and Outcomes, By First Attempt at Any Exam (Counts

Each Test-Taker Only Once)

Shortage areas

Non-Shortage areas

Full

sample

All test- RD sample

takers

All test- RD sample

takers

Fail Pass Fail Pass

Fail Pass Fail Pass

Test-taker characteristics

Age 2843 | 3043 29.10 2995 2897 | 28.80 27.13 2793 26.96
Female 0.75 0.69 0.69 0.69 0.70 | 0.72 0.82 0.74 0.79

White 0.81 0.63 0.83 0.66 0.78 | 0.65 0.88 0.72 0.85

Black 0.11 0.27 0.08 023 0.13 0.26 0.06 0.20 0.09

Hispanic/Latino 0.02 0.03 0.03 0.03 0.03 0.02 0.02 0.02 0.02

Asian 0.01 0.01 0.02 0.01 0.02 | 0.01 0.01 0.01 0.01

Other race/eth 0.04 0.06 0.04 0.05 0.04 | 0.06 0.03 0.05 0.03

Out of state 0.27 0.33 034 033 0.34 | 0.20 0.21 0.20 0.21

Passing rates

Pass on first 0.78 0.00 1.00  0.00 1.00 0.00 1.00 0.00 1.00

attempt

Pass on best 0.87 0.33 1.00 047 1.00 | 0.52 1.00 0.62 1.00

attempt

Subsequent test-taking behaviors

Keep taking
exams

Take different

0.37

0.24

0.70 033 0.73 0.32

0.30 026 025 0.26
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exam
Take easier exam 0.13 0.23 0.13 0.17 0.14 | 0.13 0.09 0.12 0.10
Retake 0.64 0.58 - 0.63 - 0.71 - 0.76 -

(conditional on

failing)

Retake behaviors (among those who retake at least once)

Avg time to retake  13.08 14.00 - 12.67 - 12.16 - 10.73 -
in months

Pass on best 0.65 0.57 - 0.74 - 0.72 - 0.81 -
Average number 3.06 3.17 - 2.74 - 2.97 - 2.70 -
of attempts

Licensure and employment outcomes

Licensed in 0.48 0.26 046 032 046 | 0.37 0.59 0.43 0.59

aligned area

Licensed in any 0.53 0.39 0.50 042 051 | 045 0.62 049 0.61

arca

Employed as 0.51 0.37 048 040 049 | 0.44 0.60 048 059

teacher

Avg observation 3.58 3.51 3.57 353 352 | 355 3.60 3.55  3.60

SCores

Observations 35410 | 4294 13149 2345 5005 | 3477 14490 2456 5886

Note: The above table describes the outcomes for test-takers overall as well as those who pass versus fail on their
first attempt at any test, both for the full sample and for those who score within 14 points on either side of the cutoff
(the bandwidth in the RD sample), for test-takers in shortage and non-shortage areas. Each test-taker is only

included once.
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Table 2.A1: Sample Averages of Teacher Characteristics, By Inclusion in Analytic Sample

(1) @)
Included in analytic Excluded from analytic

sample sample

Black 0.10 0.13

Hispanic 0.00 0.03

White 0.89 0.83

Female 0.84 0.89

Average age 41.34 41.05

Has masters degree or higher 0.56 0.53

Observations 35780 58455

Note: The above table describes the differences in means between the demographic characteristics of teachers who
were included (Column 1) and excluded (Column 2) from the analytic sample. Teachers were excluded if they had
non-standard experience left the state and returned, teacher-year cells representing five or fewer students, teacher-

year cells where five or fewer students have prior year test score data, and teacher-year cells where more than 90%

of students have a special education designation. This table counts each teacher-year-grade cell once.
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Table 2.A2: Parameter Estimates of the Differential Returns to Teaching Experience, By Principal Survey Item

(M 2 ) 4) ) (6) (7 ®) ) (10)
RTEwith RTEwith RTEwith RTEwith RTEwith RTEwith RTEwith RTEwith RTEwith RTE with

overall Item ql Item g2 Item q3 Item q4 Item g5 Item q6 Item q7 Item g8 Item Q9

survey
ratings
Panel A: Full Sample
Exp*prin 0.0036" 0.0017 0.0038" 0.0011 0.0030" 0.0046" 0.0031 0.0006 0.0012 0.0011

measure

(0.0017)  (0.0016)  (0.0015)  (0.0019)  (0.0017)  (0.0017)  (0.0020)  (0.0020)  (0.0021)  (0.0020)

Observations 1331193 1065571 1331193 1163254 1167274 1167274 872137 872137 872137 872137

Panel B: Exclude Low Response Rates

Exp*prin 0.0041°  0.0037°  0.0054"  0.0000  0.0039°  0.0054"  0.0043  0.0012  0.0036  0.0016

measure

(0.0019)  (0.0019)  (0.0017)  (0.0027)  (0.0020)  (0.0020)  (0.0029)  (0.0030)  (0.0032)  (0.0030)
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Observations 1088673 858514 1088673 832852 883118 883118 575466 575466 575466 575466

Panel C: Exclude Low Response Counts

Exp*prin 0.0028 0.0004  0.0036°  0.0002  0.0024  0.0038  0.0038  0.0025  0.0039°  0.0026
measure
(0.0017)  (0.0016)  (0.0015)  (0.0021)  (0.0017)  (0.0017)  (0.0021)  (0.0022)  (0.0023)  (0.0022)

Observations 1305122 1039382 1305122 1112131 1124314 1124314 816881 816881 816881 816881

Standard errors in parentheses

*p<.10,"p<.05"p<.01,"™ p<.001

Note: The above table presents the output from Equation 2, where each column represents the inclusion of one of the survey items. The top row in Panel A
presents the coefficient of interest on the interaction between teachers’ returns to experience and the survey item using the full analytic sample. Panel B presents
results that exclude school-year combinations where the survey response rate was less than 50%. Panel C presents results that exclude school-year combinations
where fewer than ten teachers responded to the survey. All models include teacher fixed effects and grade-by-year fixed effects, as well as controls for student,

peer, and school characteristics, and standard errors are clustered at the year-school-grade level.
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Table 2.A3: Parameter Estimates of the Differential Returns to Teaching Experience, By

Measures of Principal Survey Ratings Constructed Using Factor Analysis

(1 2) 3) 4)
FA, overall FA, FA, needs FA, instruction
survey measure communication
Exp* prin measure 0.0040" 0.0028 0.0019 0.0021
(0.0018) (0.0019) (0.0021) (0.0022)
Exp 0.0665™" 0.0565™" 0.0614™* 0.0525™
(0.0090) (0.0102) (0.0106) (0.0119)
Prin measure -0.0031 0.0026 0.0097 -0.0087
(0.0146) (0.0156) (0.0179) (0.0185)
Exp? -0.0148"" -0.0113™ -0.0125™ -0.0101°
(0.0038) (0.0042) (0.0044) (0.0049)
Exp? 0.0015" 0.0010 0.0012* 0.0009
(0.0006) (0.0006) (0.0007) (0.0007)
Exp* -0.0001" -0.0000 -0.0000 -0.0000
(0.0000) (0.0000) (0.0000) (0.0000)
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Observations 1331193 1065571 1001753 872137

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from Equation 2, where Columns 1-4 include the interaction with each of
the principal survey measures in the column header constructed using factor analysis. The top row presents the
coefficient of interest on the interaction between teachers’ returns to experience and the principal measure. All
models include teacher fixed effects and grade-by-year fixed effects, as well as controls for student, peer, and school
characteristics, and standard errors are clustered at the year-school-grade level. The first column uses all survey
items and forces the items onto one factor. Column 2 uses survey items Q1 and Q2, Column 3 uses items Q4 and

Q5, and Columns 4 uses items Q6-Q9.
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Table 2.A4: Modeling Teacher RTE, Using Principal Survey Score Before Teacher Arrival in

School

(1) 2)
RTE with principal survey RTE with by-year
score in prior year principal survey ratings,

controlling for ratings in

prior year
Exp # prin prior year value -0.0019
(0.0054)
Prin prior year value 0.0259 0.0203
(0.0413) (0.0311)
Exp # prin by-year survey value -0.0011
(0.0034)
By-year survey value -0.0007
(0.0228)
Exp 0.0439" 0.0445"
(0.0191) (0.0189)
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Exp? -0.0125 -0.0128

(0.0084) (0.0084)
Exp? 0.0010 0.0010

(0.0014) (0.0014)
Exp* -0.0000 -0.0000

(0.0001) (0.0001)
Observations 168101 168101

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents output from a robustness check on Equation 2, where the table only includes teachers
who begin in a new school where their principal has a survey rating in the prior year, and where the teacher
continues to work with this principal in subsequent years. In the first column, the top row presents the coefficient of
interest on the interaction between teachers’ returns to experience and the principals’ survey ratings in the year prior
to the teacher arriving in the school. The third row presents the coefficient on the interaction between the principals’
time-varying survey value, controlling for the principals’ survey rating in the year prior to the teachers’ arrival. All
models include teacher fixed effects and grade-by-year fixed effects, as well as controls for student, peer, and school

characteristics, and standard errors are clustered at the year-school-grade level.
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Table 2.AS5: Sensitivity Analyses of the Differential Returns to Teaching Experience, For

Principal Survey Ratings

(0 @) 3) @) 5) ©)
Use Drop years Drop years Drop those Include all Include
principals’  pre-2014  post-2019 with observatio  school FE
by-year multiple ns
survey principals
ratings in year
Exp*prin measure 0.0002 0.0033 0.0042" 0.0037" 0.0037" 0.0040"
(0.0014) (0.0020) (0.0018) (0.0017) (0.0016) (0.0018)
Exp 0.0467"  0.0473™"  0.0691""  0.0658™"  0.0632""  0.0636™"
(0.0116) (0.0116) (0.0100) (0.0090) (0.0078) (0.0091)
Principal measure 0.0123 0.0062 -0.0119 -0.0016 -0.0016 -0.0083
(0.0120) (0.0174) (0.0151) (0.0140) (0.0140) (0.0156)
Exp’ -0.0106° -0.0109°  -0.0152""  -0.0146"" -0.0132"" -0.0144™"
(0.0047) (0.0047) (0.0043) (0.0038) (0.0033) (0.0038)
Exp’ 0.0011 0.0011 0.0015" 0.0014° 0.0012° 0.0015"
(0.0007) (0.0007) (0.0006) (0.0006) (0.0005) (0.0006)
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Exp* -0.0000 -0.0000 -0.0001" -0.0001" -0.0000" -0.0001"

(0.0000)  (0.0000)  (0.0000)  (0.0000)  (0.0000)  (0.0000)

Observations 814675 815981 1156862 1314195 1669919 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from Equation 2, where each column presents models fit using a different
sample (described in the column header). The top row presents the coefficient of interest on the interaction between
teachers’ returns to experience and the principal measure. All models include teacher fixed effects and grade-by-
year fixed effects, as well as controls for student, peer, and school characteristics, and standard errors are clustered
at the year-school-grade level. Column 5 uses all observations in the dataset, including those that are dropped from
main analyses, which includes teachers with non-standard experience patterns, teachers who leave the state and
return, teacher-year cells representing five or fewer students, teacher-year cells where five or fewer students have
prior year test score data, and teacher-year cells where more than 90% of students have a special education

designation.
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Table 2.A6: Sensitivity Analyses of the Differential Returns to Teaching Experience, For

Principal Observation Scores

(0 @) 3) @) 5) ©)
Use Drop years Drop years Drop those Include all Include
principals’  pre-2014  post-2019 with observatio  school FE
by-year multiple ns
observatio principals
n ratings in year
Exp*prin measure -0.0010 -0.0010 -0.0010 -0.0011 -0.0009 -0.0007
(0.0007) (0.0010) (0.0010) (0.0009) (0.0008) (0.0009)
Exp 0.0454™  0.0474™"  0.0678""  0.0648™"  0.0623™"  0.0630™"
(0.0118) (0.0116) (0.0100) (0.0090) (0.0078) (0.0091)
Principal measure 0.0146" 0.02517" 0.0090 0.0203™ 0.0203™ 0.0118
(0.0062) (0.0087) (0.0081) (0.0072) (0.0072) (0.0080)
Exp’ -0.0109° -0.0111°  -0.01477"  -0.0142""  -0.0130"" -0.0141""
(0.0048) (0.0047) (0.0043) (0.0038) (0.0033) (0.0038)
Exp’ 0.0012" 0.0012" 0.0014" 0.0014° 0.0012° 0.0014"
(0.0007) (0.0007) (0.0006) (0.0006) (0.0005) (0.0006)
Exp* -0.0001 -0.0000 -0.0001" -0.0001" -0.0000" -0.0001"
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(0.0000)  (0.0000)  (0.0000)  (0.0000)  (0.0000)  (0.0000)

Observations 786863 809122 1158499 1314195 1669919 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from Equation 2, where each column presents models fit using a different
sample (described in the column header). The top row presents the coefficient of interest on the interaction between
teachers’ returns to experience and the principal measure. All models include teacher fixed effects and grade-by-
year fixed effects, as well as controls for student, peer, and school characteristics, and standard errors are clustered
at the year-school-grade level. Column 5 uses all observations in the dataset, including those that are dropped from
main analyses, which includes teachers with non-standard experience patterns, teachers who leave the state and
return, teacher-year cells representing five or fewer students, teacher-year cells where five or fewer students have
prior year test score data, and teacher-year cells where more than 90% of students have a special education

designation.
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Table 2.A7: Sensitivity Analyses of the Differential Returns to Teaching Experience, For

Principal Tenure in School

(D 2 3) 4
Drop years Drop those Include all Include school
post-2019 with multiple observations FE

principals in

year
Exp*prin measure 0.0004" 0.0005" 0.0004" 0.0003
(0.0002) (0.0002) (0.0002) (0.0002)
Exp 0.0676™" 0.0648"™" 0.0622"" 0.0627""
(0.0100) (0.0090) (0.0078) (0.0091)
Principal measure -0.0060""" -0.0052" -0.0052™"" -0.0032°
(0.0017) (0.0016) (0.0016) (0.0016)
Exp’ -0.0153™ -0.0149™ -0.0134™ -0.0144™
(0.0042) (0.0038) (0.0033) (0.0038)
Exp’ 0.0015" 0.0015" 0.0012" 0.0015"
(0.0006) (0.0006) (0.0005) (0.0006)
Exp* -0.0001" -0.0001" -0.0000" -0.0001"
(0.0000) (0.0000) (0.0000) (0.0000)

210



Observations 1158499 1314195 1669919 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from Equation 2, where each column presents models fit using a different
sample (described in the column header). The top row presents the coefficient of interest on the interaction between
teachers’ returns to experience and the principal measure. All models include teacher fixed effects and grade-by-
year fixed effects, as well as controls for student, peer, and school characteristics, and standard errors are clustered
at the year-school-grade level. Column 3 uses all observations in the dataset, including those that are dropped from
main analyses, which includes teachers with non-standard experience patterns, teachers who leave the state and
return, teacher-year cells representing five or fewer students, teacher-year cells where five or fewer students have
prior year test score data, and teacher-year cells where more than 90% of students have a special education

designation.
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Table 2.A8: Sensitivity Analyses of the Differential Returns to Teaching Experience, For

Principal Total Years of Experience in Role

(D 2 3) 4
Drop years Drop those Include all Include school
post-2019 with multiple observations FE

principals in

year

Exp*prin measure 0.0004° 0.0003" 0.0003" 0.0001
(0.0002) (0.0002) (0.0001) (0.0002)
Exp 0.0669"" 0.0647"" 0.0620"" 0.0628""
(0.0100) (0.0090) (0.0078) (0.0091)

Principal measure -0.0049" -0.0031" -0.0031" -0.0013
(0.0016) (0.0014) (0.0014) (0.0015)
Exp’ -0.0151"" -0.0146™" -0.0132™ -0.0142™
(0.0043) (0.0038) (0.0033) (0.0038)

Exp’ 0.0015" 0.0014" 0.0012° 0.0014
(0.0006) (0.0006) (0.0005) (0.0006)

Exp* -0.0001" -0.0001" -0.0000" -0.0001"
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(0.0000) (0.0000) (0.0000) (0.0000)

Observations 1158499 1314195 1669919 1331193

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Note: The above table presents the output from Equation 2, where each column presents models fit using a different
sample (described in the column header). The top row presents the coefficient of interest on the interaction between
teachers’ returns to experience and the principal measure. All models include teacher fixed effects and grade-by-
year fixed effects, as well as controls for student, peer, and school characteristics, and standard errors are clustered
at the year-school-grade level. Column 3 uses all observations in the dataset, including those that are dropped from
main analyses, which includes teachers with non-standard experience patterns, teachers who leave the state and
return, teacher-year cells representing five or fewer students, teacher-year cells where five or fewer students have
prior year test score data, and teacher-year cells where more than 90% of students have a special education

designation
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Figure 3.A1: Predicted Probability of Turnover for Health Science Teachers Only

Non-CTE v. endocc HS CTE
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Note: The above figure describes predicted probability of turnover for health science teachers over years of teaching
experience, controlling for teacher background characteristics, as well as school and year fixed effects. Standard
errors are clustered at the school level. Estimated probabilities of turnover include 95% confidence intervals,

indicated by the colored shading.
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Figure 3.A2: Relationship Between Course Sections and Counts of Health Science Teachers
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Note: The above figure describes the relationship between the count of health science teachers within a school and
year and the count of health science course sections offered in that school and year, among schools that had at least

one course section of health science across the panel.
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Table 3.A1: Comparison of Samples: Unemployment Insurance Matched Individuals with Those

Only in the Full Panel

Unemployment Insurance

State Data Data

All high All exiting All high All exiting
school high school school high school
teachers teachers teachers teachers

2010-2017 2010-2017 2010-2017 2010-2017

Teacher Demographic Characteristics

Percent Female 60% 58% 60% 59%
Percent White 82% 83% 81% 80%
Percent Black 13% 15% 12% 15%
Average Age 44.2 46.6 443 46.4
Average Years of Experience 12.0 13.0 12.1 13.1
Percent Under 30 15% 19% 15% 18%
Percent Between 30 & 39 27% 21% 26% 22%
Percent Between 40 & 59 43% 30% 43% 32%
Percent 60 and Over 16% 30% 16% 29%
CTE Licensure Types

Percent Non-CTE License 81% 79% 81% 79%
Percent CTE Prof License 12% 12% 11% 12%
Percent CTE Occ License 7% 9% 7% 9%

CTE Cluster Areas

Percent CTE Cluster: Business 6% 6% 6% 6%
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Percent CTE Cluster: Agriculture 2% 2% 2% 2%

Percent CTE Cluster: Other Prof 3% 3% 3% 3%
Percent CTE Cluster: Growth 2% 3% 2% 3%
Percent CTE Cluster: Trades 3% 4% 2% 3%
Percent CTE Cluster: Other Occ 3% 3% 3% 4%

Missing Variables

Percent missing female variable 2% 3% 2% 3%
Percent missing age variable 4% 7% 4% 5%
Percent missing years of experience 0% 0% 1% 0%
Percent missing race 1% 2% 0% 0%
Percent missing licensure type 0% 0% 1% 1%
N 35342 12179 34702 13540

Note: The above table describes the background characteristics and missingness on key variables for high school

teachers in the state dataset versus the Unemployment Insurance dataset.

217



Table 3.A2: Predicted Probability of Teacher Turnover for Each Occupationally Licensed CTE Cluster (Growth, Trades, and Other

occupational), Relative to Non-CTE High School Teachers

High- Growth Teachers

Trades Teachers

Other Occupationally Licensed

Teachers
(D ) 3) 4 ) (6) (7 ®) 9)
School District  School by School District  School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, FEs, growth FEs, trade FEs, trade trade FEs, other FEs, other other occ
growth growth occ oce
CTE 0.065 0.063 0.081 0.416™ 0.407° 0.399" 0.112 0.092 0.103
(0.145) (0.144) (0.145) (0.123) (0.121) (0.120) (0.095) (0.094) (0.097)
Exp -0.008™*  -0.008""  -0.008""  -0.008""  -0.008""  -0.008""  -0.008""  -0.008""  -0.008""
(0.001) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.001)
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Other Occupationally Licensed

High- Growth Teachers Trades Teachers

Teachers

(4) ©) (6) () (8) )

(M 2 3)
School District ~ School by

School District ~ School by School District ~ School by

and year  year FEs,  and year and year  year FEs,

and year and year  year FEs,  and year
FEs, FEs, growth FEs, trade FEs, trade trade FEs, other FEs, other other occ
growth growth occ occ
CTE # Exp -0.016"  -0.016""  -0.016"" -0.002 -0.001 -0.002 -0.005" -0.005" -0.006"
(0.003) (0.003) (0.003) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Exp? 0.000™" 0.000™" 0.000™" 0.000™* 0.000"* 0.000™* 0.000™* 0.000™* 0.000™"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age -0.018™  -0.018"  -0.018"  -0.018  -0.018" -0.018"" -0.018" -0.018"  -0.018"

(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)

(0.001)  (0.001)  (0.001)
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High- Growth Teachers

Trades Teachers

Other Occupationally Licensed

Teachers
(D ) 3) 4 ) (6) (7 ®) 9)
School District ~ School by School District ~ School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, FEs, growth FEs, trade FEs, trade trade FEs, other FEs, other other occ
growth growth occ occ
Age? 0.000™* 0.000™* 0.000™* 0.000™* 0.000™* 0.000™* 0.000™* 0.000™* 0.000™"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
CTE # Exp® 0.0017* 0.0017* 0.001°* 0.000" 0.000" 0.000" 0.000™ 0.000™ 0.000™"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
CTE # Age 0.001 0.001 0.000 -0.018™ -0.018™* -0.017" -0.004 -0.003 -0.004
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High- Growth Teachers Trades Teachers Other Occupationally Licensed

Teachers

(D ) 3) 4 ) (6) (7 ®) 9)
School District ~ School by School District ~ School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,

FEs, FEs, growth FEs, trade FEs, trade trade FEs, other FEs, other other occ

growth growth occ occ

(0.007)  (0.007)  (0.007)  (0.005)  (0.005)  (0.005)  (0.004)  (0.004)  (0.004)

CTE#Age? -0.000 -0.000 0.000 0.000™ 0.000™ 0.000™ 0.000 0.000 0.000

(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)

Female -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.002 -0.002 -0.002

(0.002)  (0.002)  (0.002)  (0.002)  (0.002)  (0.002)  (0.002)  (0.002)  (0.002)
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High- Growth Teachers

Trades Teachers

Other Occupationally Licensed

Teachers
(D ) 3) 4 ) (6) (7 ®) 9)
School District ~ School by School District ~ School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, FEs, growth FEs, trade FEs, trade trade FEs, other FEs, other other occ
growth growth occ occ
White 0.016™ 0.010° 0.016™ 0.016™ 0.010° 0.017° 0.015™ 0.009" 0.016™
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
>=BA -0.017 -0.019* -0.022" -0.013 -0.016* -0.019" -0.014 -0.014 -0.020"
(0.010) (0.010) (0.010) (0.010) (0.009) (0.009) (0.009) (0.009) (0.009)
Constant 0.425™ 0.435™ 0.445™ 0.4217" 0.432°" 0.4427 0.424™ 0.431°" 0.445™
(0.022) (0.022) (0.022) (0.021) (0.021) (0.021) (0.021) (0.021) (0.021)
School Fixed X X X
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High- Growth Teachers Trades Teachers Other Occupationally Licensed

Teachers

(D ) 3) 4 ) (6) (7 ®) 9)
School District ~ School by School District ~ School by School District  School by

and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,

FEs, FEs, growth FEs, trade FEs, trade trade FEs, other FEs, other other occ
growth growth occ occ
Effects
District Fixed X X X
Effects
Year Fixed X X X X X X
Effects
School-by-year X X X
fixed effects

Observations 108151 108151 108151 109599 109599 109599 109808 109808 109808

R? 0.04 0.05 0.04 0.04 0.05 0.04 0.04 0.05 0.04

Standard errors in parentheses
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*p<.10,"p<.05"p<.01,"" p<.001

Note: The above tables present estimates from Model 3, for each group of occupationally licensed CTE teachers indicated in the

column header. All standard errors are clustered at the school level.
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Table 3.A3: Predicted Probability of Teacher Turnover for Each Professionally Licensed CTE Cluster (Business, Agriculture, and

Other Professional), Relative to Non-CTE High School Teachers

Business Agriculture Other professionally licensed
(1 ) 3) 4 ) (6) (7 ®) )
School District ~ School by School District School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, bus FEs, bus bus FEs, ag FEs, ag ag FEs, other FEs, other other prof
prof prof
CTE 0.108" 0.114" 0.115" -0.023 -0.028 -0.037 0.229™ 0.222* 0.227*
(0.060) (0.060) (0.059) (0.098) (0.097) (0.097) (0.085) (0.084) (0.085)
Yrs of Exp -0.008*  -0.008""  -0.008""  -0.008""  -0.008"""  -0.008""  -0.008""  -0.008""  -0.008""
(0.000) (0.000) (0.001) (0.001) (0.000) (0.001) (0.001) (0.000) (0.001)
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Business Agriculture Other professionally licensed
(1 ) 3) 4 ) (6) (7 ®) )
School District ~ School by School District School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, bus FEs, bus bus FEs, ag FEs, ag ag FEs, other FEs, other other prof
prof prof
CTE # Yrs of 0.002 0.002 0.002 -0.001 -0.002 -0.002 0.002 0.003 0.002
Exp
(0.001) (0.001) (0.001) (0.003) (0.003) (0.003) (0.002) (0.002) (0.002)
Yrs of Exp? 0.000"*" 0.000™*" 0.000™*" 0.000™*" 0.000™*" 0.000™*" 0.000™*" 0.000™*" 0.000™*"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age -0.018"*  -0.018™"  -0.018"  -0.018™"  -0.018"  -0.018""  -0.018"  -0.018""  -0.018""
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
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Business Agriculture Other professionally licensed
(1 ) 3) 4 ) (6) (7 ®) )
School District ~ School by School District School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, bus FEs, bus bus FEs, ag FEs, ag ag FEs, other FEs, other other prof
prof prof
Age? 0.000"*" 0.000™*" 0.000™*" 0.000"*" 0.000™*" 0.000™*" 0.000™*" 0.000™*" 0.000"*"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
CTE #Exp? -0.000 -0.000 -0.000 0.000 0.000 0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
CTE # Age -0.006" -0.006" -0.006" 0.002 0.002 0.002 -0.013™ -0.013™ -0.013™
(0.003) (0.003) (0.003) (0.005) (0.005) (0.005) (0.004) (0.004) (0.004)
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Business Agriculture Other professionally licensed
(1 ) 3) 4 ) (6) (7 ®) )
School District ~ School by School District School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, bus FEs, bus bus FEs, ag FEs, ag ag FEs, other FEs, other other prof
prof prof
CTE # Age? 0.000" 0.000" 0.000" -0.000 -0.000 -0.000 0.000™ 0.000™ 0.000™"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Female -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.000 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
white 0.015™ 0.010° 0.016™ 0.016™ 0.010° 0.016™ 0.016™ 0.011° 0.017°*
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Business Agriculture Other professionally licensed
(1 ) 3) 4 ) (6) (7 ®) )
School District ~ School by School District School by School District  School by
and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,
FEs, bus FEs, bus bus FEs, ag FEs, ag ag FEs, other FEs, other other prof
prof prof
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
>=BA -0.000 -0.009 -0.031 0.003 -0.006 -0.028 -0.006 -0.016 -0.038
(0.025) (0.025) (0.024) (0.027) (0.026) (0.026) (0.028) (0.027) (0.027)
Constant 0.409™" 0.426™" 0.454™ 0.405™ 0.423™ 0.4517" 0.415™ 0.432"" 0.460™""
(0.030) (0.030) (0.029) (0.031) (0.031) (0.030) (0.032) (0.032) (0.032)
School Fixed X X X
Effects
District Fixed X X X
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Business Agriculture Other professionally licensed

(1 ) 3) 4 ) (6) (7 ®) )
School District ~ School by School District School by School District  School by

and year and year  year FEs,  and year and year  year FEs,  and year and year  year FEs,

FEs, bus FEs, bus bus FEs, ag FEs, ag ag FEs, other FEs, other other prof
prof prof
Effects
Year Fixed X X X X X X
Effects
School-by- X X X
year fixed
effects

Observations 114681 114681 114681 107860 107860 107860 108863 108863 108863

R? 0.04 0.05 0.04 0.04 0.05 0.04 0.04 0.05 0.04

Standard errors in parentheses

*p<.10,"p<.05"p<.01,"™ p<.001
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Note: The above tables present estimates from Model 3, for each group of professionally licensed CTE teachers indicated in the

column header. All standard errors are clustered at the school level.

231



Table 3.A4: Estimated Health science Teacher Counts, Course Section Counts, and Average

Class Size in Year Following a Documented Health science Teacher Exit, Using Poisson Model

&) ) 3) “ &) (6)
Teachers Course Teachers Course Teachers Course
sections sections sections
Health -0.29™ -0.09" -0.14™ -0.01 -0.31™ -0.08
science
teacher
turnover in
prior year
(0.05) (0.04) (0.03) (0.03) (0.06) (0.05)
Count of 0.68"" 0.33"* 0.66""" 0.22""
health science
teachers in
prior year
(0.04) (0.05) (0.03) (0.04)
Suburb 0.28™" 0.09 0.47°* 0.37"
(0.09) (0.09) (0.11) (0.11)
Town 0.34™ 0.317 0.417" 0.45™
(0.12) (0.14) (0.10) (0.10)
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Rural 0.40™ 0.32™ 0.40™ 0.39"

(0.09) (0.08) (0.11) (0.10)
Count of 0.06™" 0.07""
health science
course
sections in
prior year

(0.01) (0.01)

Year Fixed X X X X X X
effects
District Fixed X X
Effects
School Fixed X X
Effects
Observations 866 905 585 624 930 930

Standard errors in parentheses

*p<.10,"p<.05"p<.01," p<.001

Estimates predict staffing levels in the years after a school experiences the exit of a health science teacher. These
estimates use the Poisson distribution. All models use year fixed effects. Columns 1 and 2 use district fixed effects,
Columns 3 and 4 use school fixed effects, and Columns 5 and 6 only use the lagged outcomes and no school or

district fixed effects. Standard errors are clustered at the school level.
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Table 3.AS5: Estimated Health science Teacher Counts, Course Section Counts, and Average

Class Size in Year Following a Documented Health science Teacher Exit, Using Alternative

Approaches

(D (2 3) 4) ) (6)
Teachers Course Class Teachers Course Class size
sections size sections

Health science -0.43™* -0.89" -0.11 -0.30™" -0.16 -0.33
teacher turnover
in prior year

(0.07) (0.39) (0.21) (0.08) (0.46) (0.27)
Count of health 1.03" 1.17° 0.28""
science teachers
in prior year

(0.02) (0.28) (0.11)
Suburb 0.03 0.12 -0.05

(0.05) (0.23) (0.37)
Town -0.03 0.24 -0.10
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(0.04) 0.27)  (0.34)

Rural 0.02 0.14 -0.47
(0.03) (0.21) (0.33)
Count of health 0.82°"
science course
sections in prior
year
(0.04)
Average health 0.59™"
science class size
in prior year
(0.06)
Constant 0.24™ 0.42° 7.45™ 1.19" 7.337 19.90"
(0.04) (0.19) (1.05) (0.03) (0.16) (0.16)
Year Fixed X X X X X X
Effect
School Fixed X X X
Effect
Observations 930 930 581 930 930 600
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R? 0.85 0.88 0.41 0.95 0.95 0.78

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Estimates predict staffing levels in the years after a school experiences the exit of a health science teacher. All
models use year fixed effects. Columns 1 through 3 do not include school fixed effects, while columns 4 through 6

do include school fixed effects. Standard errors are clustered at the school level.
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Table 3.A6: Estimated Teacher Counts in Year Following a Documented Teacher Exit For All

Clusters, Using Only School Fixed Effects

(1 2 3) “4) ) (6) (7)

Health Ag Bus Other Trade = Growth  Other
science prof occ
Health science -0.12"  -0.16"™" -0.21™" -0.25"" -0.28""  -0.13" -0.16""

teacher turnover
in prior year

(0.05)  (0.04)  (0.04)  (0.03)  (0.05)  (0.05)  (0.04)

Constant 0.817"  1.05™" 419" 172" 190" 1.03"™ 1.78"

(0.03)  (0.03)  (0.06)  (0.04)  (0.04)  (0.03)  (0.05)

Year Fixed X X X X X X X
Effects

School Fixed X X X X X X X
Effects

Observations 2598 2598 2598 2598 2598 2598 2598
R? 0.07 0.03 0.14 0.17 0.11 0.05 0.02

Standard errors in parentheses

*p<.10,"p<.05"p<.01," p<.001

Estimates predict staffing levels for the CTE teacher type in each column in the years after a school experiences the
exit of the given type of CTE teacher. All models use school and year fixed effects. Standard errors are clustered at

the school level.
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Table 3.A7: Estimated Teacher Counts in Year Following a Documented Teacher Exit For All

Clusters, Using District Fixed Effects, Lagged School-Level Outcomes, and Locale

(1 2 3) “4) ) (6) (7
Health Ag Bus Other Trade Growth Other
science prof occ
Health science -0.51™  -0.52""  -0.747  -0.72"° 07177 -0.547 -0.74™
teacher turnover
in prior year
(0.06) (0.04) (0.03) (0.03) (0.04) (0.05) (0.04)
Count of health ~ 0.97"  0.94™"  0.99™ 097" 098"  0.99™ 1.02"
science teachers
in prior year
(0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01)
Suburb 0.08" 0.057 0.157 0.06 0.03 0.08 0.08
(0.04) (0.03) (0.08) (0.04) (0.04) (0.06) (0.05)
Town 0.03 0.08* 0.06 0.117 -0.03 0.04 0.05
(0.05) (0.04) (0.08) (0.05) (0.05) (0.06) (0.06)
Rural 0.09" 0.09" 0.11 0.09" 0.04 0.09" 0.10"
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(0.04)  (0.04)  (0.07)  (0.04)  (0.04)  (0.05)  (0.05)

Constant 0.03 0.04 0.20™ 0.03 0.08" 0.05 0.02

(0.03)  (0.03)  (0.07)  (0.03)  (0.05)  (0.04)  (0.04)

Year Fixed X X X X X X X
Effects

District Fixed X X X X X X X
Effects

Observations 2598 2598 2598 2598 2598 2598 2598
R? 0.86 0.92 0.93 0.91 0.94 0.87 0.93

Standard errors in parentheses

tp<.10,"p<.05"p<.01," p<.001

Estimates predict staffing levels for the CTE teacher type in each column in the years after a school experiences the
exit of the given type of CTE teacher. All models use district and year fixed effects. Standard errors are clustered at

the school level.
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Table 3.A8: Estimated Teacher Counts in Year Following a Documented Teacher Exit For All

Clusters, Using School-Level Lagged Outcomes

(1 2 3) “4) ) (6) (7
Health Ag Bus Other Trades  Growth Other
science prof occ
Health science -0.50""  -0.51"" -0.73"* -0.70"™" -0.70"" -0.53"" -0.73""
teacher turnover
in prior year
(0.05) (0.04) (0.03) (0.03) (0.04) (0.05) (0.04)
Count of health 1.02* 1.00™ 1.02* 1.00™ 1.01°" 1.02* 1.03*"
science teachers
in prior year
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Suburb 0.07" 0.04" 0.06 0.02 0.01 0.08" 0.03
(0.03) (0.02) (0.05) (0.03) (0.03) (0.04) (0.04)
Town 0.00 0.07" -0.08" 0.04" -0.00 -0.00 -0.05
(0.02) (0.02) (0.04) (0.02) (0.02) (0.03) (0.03)
Rural 0.03 0.07" -0.07" 0.02 0.03 0.02 -0.03
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(0.02)  (0.02)  (0.03)  (0.02)  (0.02)  (0.02)  (0.03)

Constant 0.03 0.00 0.23" 0.02 0.04 0.057 0.06

(0.02)  (0.02)  (0.05)  (0.03)  (0.03)  (0.03)  (0.04)

Year Fixed X X X X X X X
Effect

Observations 2598 2598 2598 2598 2598 2598 2598
R? 0.85 0.91 0.93 0.91 0.94 0.87 0.92

Standard errors in parentheses

*p<.10,"p<.05"p<.01," p<.001

Estimates predict staffing levels for the CTE teacher type in each column in the years after a school experiences the
exit of the given type of CTE teacher. All models use year fixed effects. Standard errors are clustered at the school

level.
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