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CHAPTER 1 
 
 

Introduction 
 
 
The following chapters represent three distinct considerations of questions concerning the labor market of teachers 
and the decisions that individual teachers make to enter, exit, and potentially re-enter into the teaching profession. 
Chapter 2 describes what we know about this group of returning teachers across their observable characteristics and 
across time. Chapter 3 considers how a teacher’s value-added measurement (VAM) is potentially impacted by time 
away from the classroom. Chapter 4 is a measurement of principal observation scores and how they are impacted by 
time away from the classroom. Chapter 5 offers closing remarks. 
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CHAPTER 2 
 
 

Returning Teachers and Measures of Teacher Quality: A Descriptive Analysis 
 
 
As increasing concern grows about teacher attrition and the resulting teacher shortages, one underexplored solution is 
the return to the classroom of teachers who previously left the classroom. This paper provides an updated descriptive 
look at these teachers in the specific context of the state of Tennessee. In addition to observable characteristics that 
have been considered in previous studies, this research is the first to offer a descriptive analysis of how teachers 
performed prior to leaving the classroom, both in terms of test-based value-added measures (VAM) and in Principal 
rating scores. Teachers that returned are more likely to be younger, return within 5 years, and fully licensed. Measures 
of a teacher’s quality prior to exit are not as salient, but they do operate as a sorting mechanism within gender to 
predict returns. 
 
2.1 Introduction 

An ongoing examination in the field of K-12 teacher labor markets is the persistence of teacher attrition 
(Carver-Thomas and Darling-Hammond, 2019; Nguyen et al., 2020) and subsequent teacher shortages (Sutcher et 
al., 2019) in American public K-12 schools. While some evidence points towards narrow shortages in STEM fields 
and under-resourced schools (Cowan et al., 2016), other research points towards shortages on a much wider scale 
(Sutcher et al., 2019). Several policy prescriptions have been offered that consider ways to control or minimize the 
level of teacher shortages, including an increased focus on the recruitment of minority candidates into the teaching 
profession (Ingersoll et al., 2019) and “grow-your-own” initiatives (Darling-Hammond et al., 2016), but perhaps the 
most promising solution is the return of teachers to the classroom who were previously teaching. 

A modest literature exists that offers a description of teachers who return to the classroom. Teachers who 
return to the classroom will here be defined as teachers who taught for at least one year, left the classroom for at 
least one year, and then returned to the classroom for at least one year. For a consideration of teachers who take 
leaves of absences for less than a year, see Henry and Redding, 2018. As will be covered in depth later, the existing 
literature shows that these teachers tend to be, on average, female, elementary teachers, and have only been away 
from the classroom for less than three years (DeAngelis, 2013; DeAngelis and Presley, 2007; Grissom and 
Reininger, 2012; Murnane et al., 1991; Raue and Gray, 2015; Stinebrickner, 2002). However, much is still unknown 
about this group of teachers that already fill many vacant classrooms and have the potential to fill even more.  

Furthermore, research evidence shows the importance of teacher quality for a student’s academic 
achievement (Kane and Staiger, 2008; Raudenbush, 2014) and student career earnings (Chetty et al., 2014). Previous 
studies have shown measures of teacher quality, including value-added measures (VAM) and principal observation 
scores, to have predictive power towards measuring effective teaching (Kane and Staiger, 2012). Based on the 
evidence that these measures are valid instruments for understanding teacher quality, in this paper, I ask if these 
measures are also associated with the teacher career decision to return to the classroom. While similar research has 
found that teachers with low VAM scores are more likely to leave the classroom (Feng and Sass, 2017; Goldhaber et 
al., 2011), no research has considered the association with returning to the classroom. 

Using administrative data from Tennessee, this paper will join two literatures together: (1) studies that 
consider what observable characteristics are associated with teachers that return to the classroom (DeAngelis, 2013; 
Grissom and Reininger, 2012) and (2) studies that consider the distribution of VAM estimates prior to leaving the 
classroom (Feng and Sass, 2017; Goldhaber et al., 2011). Previous descriptive work on teacher returns have not 
considered any type of impact on student outcomes associated with the teachers or any type of measurement of 
teacher quality, like principal observation scores. Specifically, this research study will seek to investigate the 
following:  

1. What observable characteristics are associated with an increased likelihood of returning to the 
classroom?  

2. Do higher VAM estimates or principal observation scores prior to leaving predict a higher likelihood of a 
teacher returning to the classroom?  

3. Are these potential differences in measures of quality and their relationship to the likelihood of returning 
to the classroom homogeneous across different groups of teachers (e.g., differences based on race or ethnicity, 
female or male, or characteristics of the school that the teacher leaves)? 

This dissertation will develop a knowledge base surrounding how time away from the classroom affects 
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teachers, specifically in terms of observable measures of quality. It will be the first analysis to pair data about 
teacher exit and reentry with measures of teacher quality, both in terms of test-based VAM and principal observation 
scores. This type of descriptive information has not previously been considered and would be helpful for shaping 
future research on how to best form the teacher labor force with this group of potential teachers. For example, 
statewide policy on whether different reentry supports are needed for returning teachers could be impacted by what 
we know about these teachers before they leave. Also, to the extent that different groups of teachers (e.g., racial or 
ethnic, female or male) return at different rates, targeted recruiting and information about the recertification process 
could be a useful intervention. 

This paper proceeds as follows: in the next section, I will consider the background of teacher licensing in 
the state of Tennessee and a conceptual framework for understanding how decisions to return might be shaped by 
conditions upon a teacher’s exit. After establishing this context, a review of what is already known about teacher 
exit and return from the previous literature will be considered. Then, to establish the new research done here, an 
overview of the data and analytical strategy will proceed the descriptive findings. Finally, a brief consideration of 
the implications for these findings for policy will conclude the paper. 

 
2.2 Literature Review 

To organize what is currently known about teacher exit, return, and what impacts those choices, I use the 
following literature review to explore the following topics: factors associated with leaving the classroom, those 
associated with returning to the classroom including gender and geography, and consideration of how VAM have been 
used in policy discussions over teacher mobility and teacher quality. 

 
2.2.1 Leaving the Teaching Profession 

Over the past seventy years, the dynamics of movement between schools and attrition from the profession 
within teacher labor markets has been the subject of a growing literature increasingly concerned with teachers leaving 
the classroom (Borman and Dowling, 2008; Corcoran et al., 2004; Nguyen et al., 2020). The motivation for this 
literature is the maintenance of a high-quality teacher labor force and the social good that it produces (Hanushek, 
2011). The positive impacts of a stable labor market of teachers must also be balanced against the desires and choices 
of the teachers, which may prove to be in competition with each other (Grissom et al., 2016). For example, teachers 
are motivated to leave the classroom based on salary (Hough, 2012), non-salary benefits (Goldhaber et al., 2017), or 
other school-related issues, such as relationships with school leaders or other teachers (Kraft et al., 2016). Other 
personal reasons also affect a teacher’s decision to stay or go, such as marital status (Stinebrickner, 1998) and having 
children (Stinebrickner, 2002). These family-related characteristics represent one category of competing interests that 
have important implications for labor supply decisions, as individuals choose to remove themselves from the teacher 
labor force. However, these decisions to leave are not necessarily permanent. The former teacher may experience 
temporal change (e.g., children mature, family member cared for heals, or degree program completed), changed 
attitudes (e.g., return after trying a different profession or change in residence), or changed conditions within the 
school (e.g., higher salaries, open desired position, or return after previous termination). Any and all of these career 
paths create a new category of teacher, one who leaves for some reason only to return at a later date. Little is known 
about how this career path affects the productivity of this category of teachers. 

 
2.2.2 Returning to the Teaching Profession 

Our current knowledge of the characteristics of returning teachers is limited. National studies offer the best 
opportunity for a clear look at the patterns of career paths for returning teachers. Specifically, national studies, as 
opposed to state-level studies of administrative data, are better able to follow teachers across state lines, as more 
than one-third of teachers in a given state have been found to have been trained in another state (Bastian and Henry, 
2015; Goldhaber et al., 2015). However, national studies, to date, have serious drawbacks. For example, the 
Beginning Teacher Longitudinal Survey (BTLS) looked at a set of beginning teachers over the course of five years, 
which includes some teachers who exited and returned with that timeframe. Commenting on the overall research 
design, one team of researchers had this criticism: “[W]hile national teacher retention rates may be useful for 
informing large-scale policy discussions, retention varies widely across states, districts, and schools. The SASS/TFS 
and BTLS sampling strategy and small sample size make them of limited use for examining variation in teacher 
retention rates across localities” (Papay et al., 2017).  

Two national studies on teacher reentry exist, one using data from the 1979 National Longitudinal Surveys 
of Youth (NLSY) (Grissom and Reininger, 2012) and the other from the National Longitudinal Study of the High 
School Class of 1972 (NLS-72) (Stinebrickner, 2002). While the resulting studies are important for understanding the 
characteristics of this group at the national level and for understanding some factors that are not traditionally observed, 
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they suffer from small sample sizes (Stinebrickner considers 422 unique teachers; Grissom and Reininger consider 
268 unique teachers). Tradeoffs in the number of teachers who are available to study between national- and state-level 
studies are important to consider, and state-level measures fit the purposes of this study best. 

 
2.2.2.1 Return Rates of Teachers who Left 

Across nationwide and state-level studies in the literature, there are some stylized findings that have emerged. 
First, of teachers who leave the profession, between 25% and 40% will return to the classroom within five years of 
leaving the classroom (DeAngelis, 2013; DeAngelis and Presley, 2007; Grissom and Reininger, 2012; Murnane et al., 
1991; Plecki et al., 2006; Raue and Gray, 2015; Stinebrickner, 2002). Much of this turnover can occur rapidly: BTLS 
findings show that 26% of those who left the classroom within the five-year timeframe of the study had already 
returned to teaching by the fifth year of the study (Raue and Gray, 2015). Of those teachers who do return to the 
classroom, most do so within the first two years, and the probability of returning given that a teacher is still out of 
teaching drops below 2% after the fifth year (DeAngelis, 2013). 

 
2.2.2.2 Females in the Teaching Profession 

Second, there are disagreements in the literature on whether women and men return to the profession at 
similar rates, especially during the first five years after leaving. DeAngelis (2013), the only study that finds no 
difference between men and women in the first five years, does find that women are more likely to return after the 
sixth year, though return probabilities are below 2% for both men and women. Other studies find that women outpace 
men in returning to the classroom, returning at higher rates starting in the first year (Beaudin, 1993; Grissom and 
Reininger, 2012). Much of the literature has appropriately focused on these differences. In 2018, women accounted 
for 74.8% of elementary and secondary school teachers, one of the highest percentages of any occupation (“Health 
services, except hospitals” ranks higher at 78.7%), and an increasingly large percentage compared to just a few decades 
ago, when in 1980 women made up only 66.9% of the teacher labor force (Ingersoll et al., 2018; US DOL, 2019). Are 
the high percentage of women in teaching and the high probability of women returning after leaving related? Previous 
research on teacher reentry (Grissom and Reininger, 2012; Murnane et al., 1991) and on the structure of the teaching 
profession (Shin and Moon, 2006) have conceptualized that one of the draws of the teaching profession for women is 
the stability of salaries after time away from the profession. In other professions, women face a significant wage 
penalty when returning from extended absences, whereas the salary schedule commonly used in U.S. schools assigns 
salary based on experience and education, thus avoiding salary dips (Flyer and Rosen, 1997, Tô, 2018). While much 
of this literature has focused on the narrative of women leaving the profession because of child birth, child-friendly 
schedules, and child rearing (Beaudin, 1993; Zamarro, 2020), the same conceptual model of job preferences works 
for any foreseeable exit from a given profession. 

 
2.2.2.3 Returning Teachers and Teacher Sorting Across Geography 

Third, other findings have emerged regarding the schools to which teachers return. Considering only the 
sample of teachers who left and returned, teachers who left rural and town schools were the least likely to eventually 
return to their exit school or district, while those leaving large cities and urban areas were the most likely to return to 
their exit school or district (DeAngelis, 2013). These findings are understandable in part because larger cities and 
urban areas by definition have more schools within their district to return to, whereas if a teacher from a rural area or 
town leaves their classroom, a similar classroom may not be open upon their desired return to the profession. This 
research suggests that rural areas and towns are more likely to lose their teachers permanently. In addition to extending 
these findings, this dissertation will seek to understand if there is a difference in teachers returning to schools with 
different measures of observed quality across different geographic areas, over and above the sorting that exists when 
looking at the teacher labor force in a given year (Fowles et al., 2014). 

 
2.2.3 Value-Added Measures in Teacher Policy and Teacher Return 

Previous literature on returning teachers has not made the connection between teacher effectiveness using 
value-added scores, whether created using student test scores or non-cognitive measures such as student attendance, 
and the decision of teachers to return to the profession. While some previous research has considered the importance 
of teacher effectiveness using VAM for teacher mobility (Feng and Sass, 2017) and the link between teacher turnover 
and overall student achievement (Ronfeldt et al., 2013), this study will for the first time present a measure of teacher 
quality for this group of returning teachers, illuminating the effect that the time away has on teacher skills.  

So, are value-added scores appropriate to use in this context? The use of VAM has been criticized for its 
instability when compared to other quality measures such as observation scores (Darling-Hammond et al., 2011; Sass, 
2008), instability across test types (Papay, 2011), and instability across different years of observation (Loeb and 
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Candelaria, 2012). Caution is necessary when using VAM within any teacher accountability, personnel management, 
or training system. The nature of the subject of this study merits additional caution: teachers who take some time off 
from their profession and later return make these decisions for a myriad of reasons (Raue and Gray, 2015). The reason 
why a teacher left is important and provides context for their performance in the subsequent years after a return. 
Because of the lack of availability of relevant data on why teachers have left and subsequently returned and because 
of the complexity of human decision-making, value-added scores cannot capture all of the nuanced information that 
is important for personnel and training decisions. 

However, decisions must be made. Choices concerning teacher hiring and training should be informed by 
relevant information, which includes value-added scores. Previous literature has highlighted the importance of 
coupling value-added scores with principal or outside expert evaluations (Jacob and Lefgren, 2008), using multiple 
years of measures (Loeb and Candelaria, 2012), and including measures beyond student achievement, like attendance 
(Gershenson, 2016; Liu and Loeb, 2019) or other non-cognitive outcomes (Jackson, 2016). This paper takes the first 
steps towards understanding how time away from the classroom and the choice to return impacts these measures of 
teacher quality. While these measured effects should not be used to praise or degrade all returning teachers, they serve 
as a benchmark measure of what principals should expect when rehiring the average returning teacher. 

Feng and Sass (2017) provide the first steps in answering the research questions posed here. To ascertain a 
measure of teacher quality upon reentry into the classroom and the difference from the time of leaving, the measure 
is first needed upon exit from the classroom. Teachers who have low value-added scores are the most likely to leave 
their current school. The pattern follows a U-shaped curve, as the probability of leaving falls until reaching the average 
teacher, but rises again when considering the teachers with highest value-added scores. Teachers with scores on the 
high end of the spectrum do not reach the same probability level as at the low end. Knowing this pattern of behavior 
is important when considering teacher labor force policies that could differentially impact high or low value-added 
teachers. The present research will build on these findings to see whether the same pattern of value-added measures 
holds for those teachers who choose to come back into the classroom, or whether the distribution for returners is 
different from the distribution of those who left. 

 
2.3 Teacher Licensing in Tennessee 
 
2.3.1 Background 

As I use administrative data from the state of Tennessee for this research, I will now provide an overview of 
how teacher licensing works in the state of Tennessee. As with all states, “all persons employed, or seeking to be 
employed, as an educator” in the public school system of Tennessee are required to have a state-approved educator 
license (TDOE, 5.502). Though there are specific requirements for different endorsement areas, common requirements 
include a college degree with a recommendation from the training faculty, qualifying examination scores from within 
the past five years, and, if applying from out-of-state, a copy of his or her current license (Ibid). But what are the 
necessary steps for a teacher to take after they have left the classroom and then seek to return? 

Licensing of teachers considers two key pieces for teachers who have taken some time away from the 
classroom, as outlined in Tennessee Educator Licensure Policy (5.502d). The first is a set of preparation guidelines. 
This list of guidelines includes documentation of completion of a teacher preparation program, qualifying scores on 
content areas to be taught (endorsements) that are less than five years old, and documentation of any prior K-12 
teaching experience, whether in-state or out-of-state. Since completion of a traditional or alternative teacher 
preparation program has been required for some time, any returning teacher with in-state experience would meet this 
measure. However, since test scores can expire, the testing component can be a barrier to reentry for any teacher 
wishing to return.  

The second factor considered for licensing of teachers is the length of absence, whereas teachers are able to 
keep an active license without teaching for a certain amount of time. The term of a license is given upon receipt, and 
is dependent upon the teacher’s rank and when the license was received. Tennessee underwent a major overhaul of 
teacher licensing practices that went into effect on July 1, 2015. Prior to this 2015 implementation date, licenses for 
teachers who had three or fewer years of experience, which includes new teachers, received an apprentice license that 
lasted for five years. After the 2015 implementation, the beginning teacher license was renamed a practitioner license 
that lasted for three years. For more senior teachers with at least three years of teaching experience, the teacher is 
eligible for a professional license. Prior to 2015, these licenses lasted for ten years; the new legislation changed the 
term length to six years. These term lengths for teacher licensing represent the markers beyond which reentry becomes 
marginally more difficult.  

As described above, more experienced teachers can obtain longer-term licenses. To achieve the rank of 
professional teacher, the individual must possess thirty professional development points (PDPs) and must have 
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previously accrued three years of experience. The longer license period provides an extended range of time that a 
teacher could take leave from the profession and return with few barriers to reentry. A teacher is eligible to return 
without issue if the license is still active and no further action is necessary to make the teacher eligible for rehiring. 
However, if the license has expired, the teacher must reactivate the license. For more experienced teachers who have 
an inactive professional license, passing test scores are all that is required to be eligible for rehiring. For teachers with 
fewer than three years of experience, passing scores and thirty PDPs are required for a reissuance of an apprentice or 
practitioner license, depending on the year the license was requested. If a teacher obtained three years of teaching 
experience but left before receiving their professional teaching license of an extended term and subsequently had his 
or her teaching license expire, then the teacher would be eligible for a professional license upon return with 
accompanying passing test scores and thirty PDPs. The years of teaching prior to exit and the status of a teacher’s 
license are potentially important components of the decision to return and are considered in the following conceptual 
framework and analysis. 

 
2.3.2 Conceptual Framework 

Based on this legislative and regulatory framework of the process for teacher reentry in Tennessee, I form a 
conceptual framework that considers how the regulatory framework interacts with different career paths of teachers 
out of and into the classroom. As seen in Figure 2.1, I model teacher attrition and subsequent reentry into the classroom 
through the decision made over the course of time. All teachers in the classroom begin in the first frame, the steady 
state before any teacher movement. For each of these teachers, a set of character traits is known while they are in the 
classroom. The specific traits listed in Figure 2.1 are derived from the literature on teacher attrition, which has 
examined over one hundred different covariates and their relationship to the likelihood of teacher attrition (Nguyen et 
al., 2020). These specific covariates were selected based upon their strong relationship to attrition in previous research, 
their fit within the conceptual framework, and their availability within the data. Similar covariates to those included 
in this conceptual framework have also been examined in other studies that considered returning teachers (DeAngelis, 
2013; DeAngelis and Presley, 2007; Grissom and Reininger, 2012; Murnane et al., 1991; Raue and Gray, 2015; 
Stinebrickner, 2002). Some of the traits not subject to change (Stable Characteristics), while others incrementally 
increase at a standard rate (Trend Characteristics). In Figure 2.1, Trend Characteristics are italicized to show that 
change is expected from one frame to another. While age increases at the same rate for all, career decisions of different 
teachers, like whether or not to stay in the classroom, may move their teaching experience differentially. A third group 
of observable variables that may impact teacher attrition and reentry are those that are highly contextualized and 
unique to a matched teacher-environment relationship (Variable Characteristics). In Figure 2.1, these bolded Variable 
Characteristics are non-static variables and could potentially vary even if a teacher remained in the same school setting, 
such as teachers changing the grade-level taught (Ost, 2014) or principal turnover (Bartanen et al., 2019). These bolded 
terms include salary, VAM scores, Principal observation scores, classroom characteristics for the specific teacher, the 
school grade taught by the teacher, school-level characteristics, and who the principal is at a teacher’s school in frame 
1. The present research is concerned with how each of these observable characteristics may differentially impact the 
likelihood of a teacher returning. 

After the stint in the classroom, teachers have a wide array of career outcomes, some of which are chosen 
voluntarily and others that are not. First, the majority of teachers, from one year (t) to the next (t+1), stay in the 
classroom. Second, a smaller cohort of teachers move from the classroom to some administrative position outside of 
the classroom. For example, these career options can range from specialist to counselor to principal to superintendent. 
While these individuals are still a part of the school community, they would not retain their position and its sole focus 
on a given classroom of students. Even though these professionals have left the classroom, it is possible for them to 
reenter the classroom at a later date. Within the Tennessee administrative data, the out-of-classroom count reached a 
high in 2012, when 3.65 percent of those who spent some time in teaching were currently serving in a non-teaching 
position, representing 3,561 school professionals. Third, a sizeable number of teachers leave the classroom and school 
in a given year. According to a Tennessee state report, the most recent eligible cohort of teachers saw a 90 and 67 
percent one-year and five-year retention rate within the state, respectively (Collins and Schaaf, 2020). The second 
frame of Figure 2.1 provides a list of reasons why a teacher might leave the classroom, such as sickness, child rearing, 
retirement, or involuntary dismissal; this list is partially adapted from Billingsley (1993).  

It is possible that a teacher leaves for a combination of reasons, or leaves for one reason and a subsequent 
life event that is unrelated to the initial reason for leaving keeps them away from employment as a teacher. Altogether, 
the causes of attrition from the profession are many (e.g., involuntary termination, changed job for convenience or 
pay, raise children or take care of family member, expand education; Raue and Gray, 2015), but the resulting teacher 
vacancy is the same. Of these teachers that leave the profession, some will eventually make the decision to seek to 
reenter the classroom after the time away (z>1).  



7  

 
Note: The figure above represents potential sequential career paths of teachers, with a specific focus on a path that 
returns the teacher to the classroom. 
 
Figure 2.1: Conceptual Model of Teacher Attrition and Reentry  
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While some research has considered time away from the classroom that is a small portion of the academic 
year (Henry and Redding, 2018), my research is consistent with prior research on returning teachers that leave the 
classroom for some number of years (z). As indicated in Figure 2.1, there are several variables that could affect a 
teacher’s decision to return, including measures of his or her teacher quality prior to leaving, their licensure status, 
their own age, or their own gender, among many other variables. Previous research has shown that this group of 
teachers ranges from 25 (state-level sample) to 40 percent (national representative sample) of those who previously 
left the profession (DeAngelis, 2013; Grissom and Reininger, 2012), and that these groups are substantively different 
from these other groups. 

The research questions that motivate this paper seek to better understand the differences between the groups 
represented in this conceptual framework, specifically what observable characteristics of returning teachers are related 
to increased likelihoods of returning. While previous research has documented some of these relationships (e.g., 
DeAngelis, 2013; Grissom and Reininger, 2012), no previous research has documented how this work pattern is related 
to VAM, principal observation scores, or the homogeneity of these differences across teacher groups. However, since 
prior research tells us that VAM is predictive of student success in later grades and success later in life (Chetty et al., 
2014), that principals use both test score measures and particularly observation scores (Goldring et al., 2015), and that 
there is a strong relationship between these measures and teacher attrition decisions (Feng and Sass, 2017; Grissom 
and Bartanen, 2019), it is a relevant concern how these measures relate to teacher return patterns. Given the importance 
of these teacher quality measures as signals of underlying teacher skills and abilities, I hypothesize that teachers with 
VAM or principal observation scores from the higher end of the distribution of those who leave will be more likely to 
return in subsequent time periods. 

 
2.4 Data 

This dissertation uses administrative data from the state of Tennessee, provided by the Tennessee Department 
of Education (TDOE) through the Tennessee Education Research Alliance (TERA), allowing for a detailed look into 
the exit and reentry patterns of teachers who return to the classroom and how, for elementary and middle school 
teachers, their students perform compared to students of teachers who stay in the classroom without an extended break 
and a comparison of principals observations of these teachers.  A summary of the relevant data is provided below. 

Administrative data were collected for teachers, other school professionals, students, and the schools from 
the 2001-2002 to 2017-2018 academic years, with records for 166,872 unique school employees, 109,845 of which 
served as teachers in public school classrooms. Pertinent information is available for which years a teacher was in the 
classroom, the teacher’s age, years of experience, gender, highest degree completed, school taught in, and the race of 
the teacher. Beyond teachers in the classroom, different school employees are also available, so if a teacher switched 
titles within the Tennessee system and later returned from the classroom, his or her career path can be properly 
accounted for. If a teacher took an out-of-state teaching job or a private school teaching job, the teacher would be 
unobserved in the data, but the years of experience would be recognized. 

The dataset also links students to teachers so that teacher-specific value-added scores can be calculated. In 
grades 3-8, standardized student test scores are available for reading, math, science, and social studies achievement. 
Student demographic data is also available, including grade, free and reduced-price lunch status (FRL), limited English 
proficiency status (LEP), immigrant status, test scores, race, and ethnicity. I standardize all test scores across the state 
to have a mean score of zero and a standard deviation of one within each year and within each grade, so that scores 
can be compared over the years and between grades. This relies on the general assumption that the average student 
within each grade is equivalent and comparable across grades, though it does not change the distribution of the test 
scores within the grade. 

Separately, the observed evaluation of teachers by school leaders in Tennessee serves as another data point 
to understand the development of teacher quality within the state. In Tennessee, teachers are given a one to five rating 
by a principal, assistant principal, or other trained observer based on the TEAM observation rubric,1 which counts for 
more than 50% of a teacher’s evaluation rating of their level of effectiveness (LOE) for a given year (Doan, 2019). 
The observation scores that are used in the evaluation system are the average rating that a teacher receives across 
however many observations the teacher received during the academic year, rendering a summative rating that lies 
between one and five, inclusively (Hunter, 2018). The one to five rating is a composite of sub-ratings from four 
separate domains: Instruction, Environment, Planning, and Professionalism. Each domain is comprised of multiple 
measures that are graded within each observation visit to a teacher’s classroom, except for the measurements of 
Professionalism which are graded once at the end of the academic year (Ibid). The four domains contain twelve, four, 

 
1 Districts have the option to use other observation rubrics, but TEAM is the dominant system used as over 85% of 
LEAs use this framework and 85% of teachers work in districts that use this framework (Hunter, 2018). 
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three, and four2 indicators, respectively, all of which can be found in Appendix A (Ibid).  
Previous work considering the Tennessee TEAM teacher observation framework has found that these 

observations serve as valid indicators of teacher quality, as increased observation scores predict better outcomes in 
terms of test scores, non-cognitive outcomes, and college and early-career outcomes (Doan, 2019). The main analysis 
will consider the composite measure across all four sub-groups, with additional analyses to consider whether a specific 
category is affected. If a teacher’s time away from the classroom is associated with changes in observation scores, 
these associated policy relevant outcomes would likely also be impacted. 

 
2.4.1 Teacher Sample Selection 

Of the 109,845 teachers in the sample, 12,540 teachers are included who take some length of time away from 
the classroom and return within the timeframe of the dataset; these teachers who have returned to the classroom 
represent the group that is to be described by this research. This leaves 97,305 teachers who did not experience a gap 
in time served. This second group is the comparison group, providing a sample to which the returning teachers can be 
compared. Whether a teacher chose or did not choose to leave, did or did not have previous plans to leave, or had a 
sudden emergency cause a needed leave of absence is important when seeking to understand why teachers leave and 
what types of professional development could be appropriate upon their return, but this information is not necessary 
to understand the averages differences across these two groups. 

Within these two groups only a sub-sample have the necessary outcome variable measurements to be a part 
of the VAM and principal observation analysis. For this research, I am particularly concerned with those teachers who 
have ties to student test scores, which are used to calculate a standardized test score-based VAM or principal 
observations scores in an observed year prior to leaving the classroom. Of the returning teachers, 9,219 remain in the 
sample (73% of all returning teachers; 15% of the remaining sample), and of the comparison teachers, 51,951 remain 
in the sample (54% of all comparison teachers; 85% of the remaining sample). I calculated VAM scores for teachers 
in grades 4 through 8, and principal observation scores, which were created by the TDOE, are collected for teachers 
in kindergarten classrooms through high school, including some teachers of non-tested subjects and specializations 
such as special education or music teachers. The main reason that a teacher does not make it into this sub-sample, for 
VAM calculations, is because the teacher did not teach in a grade or subject that had administered standardized tests 
in the years in question or there were not prior year test scores available to form a VAM score. For analysis that is not 
dependent on VAM scores, all classroom teachers have the potential to be in the analytical sample. If a teacher was 
missing other data that could not be inferred from other parts of the data, then the teacher was dropped from the 
sample. Appendix B provides comparative descriptive characteristics of teachers in tested grades for VAM scores 
against those in non-tested grades for VAM scores. 

 
2.5 Analytic Strategy 
 
2.5.1 Modeling Teacher Movement and Teacher Return 

This paper will first build a descriptive analysis of teachers who return within the timeframe of the panel 
data, exiting teachers who do not return within the timeframe of the panel data, and teachers who do not take a year 
or more away from teaching. In order to best model the movement of those teachers who do return, I estimate a 
survival analysis model, which helps identify a failed occurrence of an event within a panel over the course of time 
(Miller, 1981; Willett and Singer, 1993). Here, the “failed occurrence” is when a teacher who has previously left 
“fails” to remain outside of the teacher labor force and thus returns to the classroom.  

Survival analysis also considers censored data. Type I censored data is defined as data that is unobserved 
because the observation ceases. In this case, teachers are unobserved in their career paths because we do not know 
what they do beyond the years found in the dataset. In this case, there is Type I censored data because there is a 
predefined timeframe for analysis (i.e., the years of data available from Tennessee up to the present date), and there 
is the possibility that teachers who have left the classroom may return at some time beyond the observed data (Miller, 
1981). Type I censoring has implications for how the different types of teachers, as identified in the conceptual 
framework, are identified. Because I am not able to identify all future years when a teacher may return to the 
classroom, it is impossible to completely rule out that a teacher may eventually return. Therefore, I labeled all teachers 
who leave after the age of 55 and are not later identified in the data as retired, where the age of 55 is the earliest where 
a teacher could reach full retirement benefits in the state of Tennessee (TeacherPensions.org, 2020). Despite this rule, 
this group of older teachers is still of interest, as one state, North Carolina, has begun to incentivize retired teachers to 

 
2 An earlier version of the rubric had ten Professionalism indicators (Hunter, 2018), but the data used here and for 
subsequent analyses (Doan, 2019) use the adapted rubric with four Professionalism indicators. 
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return to high-need schools (Rehire High-Need Teachers, S.B. 399, 2019). Also, teachers who left the profession 
within the last 5 years of the data timeframe but are not over the age of 55 may be prime candidates for returning but 
could choose to return after the most recently observed year. For this reason, a separate analysis considers only 
teachers who left prior to 2013 as those teachers who never return, which is 5 years before the last observed year. 

The survival function is estimated using the Kaplan-Meier estimator (Kaplan and Meier, 1958), but further 
coefficient adjusted analysis using the Cox regression, which is able to control for observed differences in teachers 
(Miller, 1981) and has been used by other similar studies (Grissom and Reininger, 2012; Murnane et al., 1991). The 
survival function using the Cox regression is defined as follows (Royston and Lambert, 2011): 

ℎ𝑗𝑗 �(𝑡𝑡)�𝑥𝑥𝑗𝑗� = ℎ0(𝑡𝑡)𝑒𝑒𝑒𝑒𝑒𝑒�𝑥𝑥𝑗𝑗𝛽𝛽�  [2.1] 

Where the function is defined for teacher j as the hazard ratio that is conditional on the covariates for teacher 
j contained in vector x. The hazard function without the Cox regression is defined as 𝒉𝒉𝟎𝟎(𝒕𝒕) = 𝒉𝒉𝒊𝒊�(𝒕𝒕)�𝒙𝒙 = 𝟎𝟎�, but 
previous work on teacher attrition and teachers returning to the profession informs this model, and as discussed in the 
conceptual framework, I include predictors of returning to the classroom including controls for a teacher’s gender, 
years of teaching experience, salary, age, race/ethnicity minority status, education level, level of licensure, the 
urbanicity of their school at exit, and the level of school (i.e., elementary, middle, or high school) that the teacher 
previously taught in. The main purpose of this analysis, beyond providing descriptive statistics about the data used in 
the study, is to see if teacher return patterns differ substantially compared to what has been found in previous studies. 
As discussed in the literature review, previous studies found that females were on average more likely to reenter the 
classroom than their male counterparts in every year post-exit. There is a 14-percentage point gap after 5 years, with 
a widening gap in the years that follow (Grissom and Reininger, 2012). 

 
2.5.2 Modeling Teacher Value-Added Measures (VAM) 

The following analysis will compare teacher characteristics prior to leaving the classroom, with a specific 
focus on value-added scores, which were generated using the following general form, which is adapted from 
previous empirical models (Jackson and Bruegmann, 2009; Ost, 2014): 

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜆𝜆𝜆𝜆�𝑦𝑦𝑖𝑖,𝑡𝑡−1� + 𝜇𝜇𝑗𝑗(𝑖𝑖,𝑔𝑔),𝑡𝑡 + 𝛾𝛾𝑋𝑋(𝑖𝑖 ,𝑡𝑡) + 𝜅𝜅𝜅𝜅(𝑖𝑖,𝑡𝑡) + 𝜎𝜎𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜃𝜃𝑔𝑔𝑔𝑔 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  [2.2] 

where y represents the test score of student i in grade g in school s in year t, who was in the classroom of teacher j. 
Likewise, 𝑦𝑦𝑖𝑖,𝑡𝑡−1 represents the lagged test score of student i in the previous year t-1. Information contained within 
the previous year’s test scores is allowed to take a functional form that best fits the actual persistence of the 
student’s learning. The parameter of interest, µ, represents the teachers fixed-effect in year t indexed on a set of 
students i in grade g, allowing for the capture of a teacher-by-year estimator that is referenced against the average 
teacher for a given grade and year (Mihaly et al., 2010). The model controls for the student characteristics in vector 
X, which include a student’s FRL status, race, gender, LEP status, immigrant status, and special education status. 
Because the dataset does not identify which students are in a given class, peer characteristics are calculated for all 
students assigned to a given teacher in a given year, withholding the characteristics of the reference student. These 
measures are contained in vector R, which includes the percentage of peer students who share the student’s race, the 
average test score for these peers in the previous year, and class size. School characteristics are contained in vector S 
which include school-level measures of FRL and percent LEP. To control for differences across grades and years, 𝜃𝜃 
is a grade-by-year fixed effect. 

 
2.6 Analysis and Findings 
 
2.6.1 Characteristics Associated with Returning to the Classroom 

As with previous research that has explored the characteristics of the reentering population, I begin the 
analysis by offering descriptive comparisons between teachers who leave and later return, teachers who leave and do 
not return within the sample timeframe, and teachers who do not leave. Table 2.1 showcases these descriptive 
comparisons, with asterisks to specify where the returning teachers are statistically significantly different from 
teachers who do not leave within the timeframe of the dataset. Asterisks in parentheses represent significant 
differences between permanent leavers and returners, with permanent leavers serving as the reference group. Here, 
we see that while permanently leaving teachers are more likely to be male than the group of teachers that does not 
leave, returning teachers are not significantly different from this reference group. In terms of the percentage of teachers 
that are non-white, there is no significant difference within either comparison. For career quality measurables, both  
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 Teachers with No 
Time Away  

Teachers Who Leave and 
Do Not Return 

Teachers Who Leave and 
Return 

 Mean S.D. Mean S.D. Mean S.D. 

Stable Characteristics      

Female 0.802 0.398 0.775*** 0.418 0.797(***) 0.402 

Non-White 0.182 0.386 0.185 0.388 0.182 0.386 

Composite Characteristics     

Average Career Math VAM -0.037 0.350 -0.077*** 0.369 -0.099***(**) 0.384 

Average Career Principal 
Evaluation (1-5) 

3.866 0.528 3.641*** 0.630 3.785***(***) 0.585 

Beginning-of-Career Characteristics     

First Career Math VAM -0.050 0.400 -0.091*** 0.398 -0.110***(**) 0.417 

Elementary School Teacher 0.465 0.499 0.433*** 0.495 0.416***(***) 0.493 

Middle School Teacher 0.178 0.382 0.189*** 0.391 0.199***(**) 0.399 

High School Teacher 0.250 0.433 0.277*** 0.448 0.260**(***) 0.439 

School in Urban Setting 0.095 0.294 0.037*** 0.189 0.102**(***) 0.302 

End-of-Career Characteristics     

Master's Degree or Higher at 
Exit 

0.598 0.490 0.471*** 0.499 0.412***(***) 0.492 

Master's Degree or Higher 0.598 0.490 0.471*** 0.499 0.666***(***) 0.472 

Last Career Math VAM -0.039 0.403 -0.075*** 0.409 -0.100***(***) 0.426 

Note: ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01. Differences indicated by asterisks are relative to teachers without 
observed breaks in teaching using t-tests. Differences indicated by parenthetical asterisks are relative to teachers that 
permanently leave the classroom using t-tests. Math VAM scores consider only the subset of math or all-subject 
teachers. 
 
Table 2.1: Descriptive Statistics by Career Pattern   
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returners and permanent leavers are statistically significantly worse than teachers with no time away in both career 
average math VAM scores and principal observation scores. This trend continues with both the first and last 
observations of a teacher’s math value added scores. Two measures show significant differences in opposite directions. 
Compared to non-leavers, returners are more likely to teach in an urban setting and to have a master’s degree. On the 
other hand, permanent leavers are less likely to have a master’s degree and to teach in an urban setting. The lower 
likelihood of having a master’s degree is in some ways mechanical, as these teachers are often observed over fewer 
years that teachers that do not leave or teachers that return to the classroom. When the variable is changed from last 
observed education level to education level prior to leaving, which only changes the observations of returning teachers, 
returning teachers switch from having the highest rate of master’s degrees or higher of the three groups to the least 
likely to have an advanced degree. This is evidence that a significant portion of teachers that return choose to obtain 
an advanced degree at some point after leaving the classroom. 

Compared to the previous literature that has considered returning teachers, this analysis finds similar patterns. 
Like Grissom and Reininger (2012) and DeAngelis (2013), this sample of leavers continues to find that the returning 
group is statistically more likely to be female than the permanent leavers. Similarly, in accordance with the previous 
literature, permanent leavers are more likely to have an advanced degree at the time of exit, giving credence to previous 
evidence that has shown that some teachers have a high opportunity cost outside of the classroom (Chingos and West, 
2012). Concerning differences from previous research, I found that returning teachers were less likely to have taught 
in elementary schools, whereas DeAngelis found no significant difference. The two previous papers were at odds on 
findings related to differences across groups in terms of minority candidates, and like Grissom and Reininger, I fail to 
find any significant differences between the two groups. 
 
2.6.1.1 Labor Trends 

Considering teacher labor trends over time, permanently leaving teachers seems to have a strong correlation 
with the size of the teacher labor force, while teachers that leave and later return is a stable trend. Figure 2.2 shows 
the overall size of the Tennessee teacher labor force from 2002 to 2016. Even as the overall count of teachers has risen 
from just over 60,000 to just under 70,000 teachers, the number of teachers that leaves in a given year and will later 
return is a stable rate averaging about 660 teachers per year. In more recent years, as there is less time for a teacher to 
return, teacher return behavior is right censored, meaning that a teacher who may eventually return has not yet been 
able to do so. These teachers who will eventually return are currently recognized as permanently leaving teachers. 
Figure 2.4 shows that over 50% of returns to the classroom happen one or two years after leaving the classroom, and 
75% within 4 years, so lagging data patterns of 5 or more years would remain relatively stable even as additional years 
of observations are included in the analysis. 

Over time, the percentage of new teachers that leave the classroom and later return fluctuates. Figure 2.3 
considers the work patterns of only those teachers that entered in a given year that are new teachers with no previous 
experience, with separate trends lines for all new teachers, new teachers that will permanently leave within the data 
timeframe, and new teachers that will leave and return within the observed data. As seen in Figure 2.3, teachers that 
entered the classroom experienced an upward trajectory over time, as well as permanently leaving teachers, but 
teachers that leave and return show a steady downward trend, again showing signs of right censoring both of their 
return to the classroom. Both permanent leavers and teachers that leave and return experience right censoring in regard 
to their decision to leave the classroom, especially in the last years of the data as most teachers that choose to leave 
and return will leave the classroom early in their career. Figure 2.5 demonstrates this, as 50% of teachers that later 
return leave within their first four years in the profession. 

 
2.6.1.2 Predictors of a Teacher’s Likelihood of Returning to the Profession 

Beyond descriptive statistics of the different categories of teacher career paths and how prevalent these career 
paths are across time, the observable characteristics of teachers that leave the profession can serve as predictors for 
whether the teacher will return to the classroom. To visualize these differences, Figures 2.6 through 2.16 show Kaplan-
Meier survival function graphs, which give a visual representation of time away from the classroom (survival) until a 
return (failure) for those coming back into the classroom. 

Considering the overall return rate, Figure 2.6 through 2.16 shows that over a 15-year period, 15% of those 
who leave the classroom later return before the dataset is right censored. Figures 2.7 through 2.16 feature those 
observable characteristics from the conceptual model that could help to predict teacher movement based on the 
previous literature. These predictors include gender, age at exit, salary at exit, years of experience at exit, minority 
race/ethnicity status, education level, school type at exit, school urbanicity at exit, level of license (apprentice/ 
practitioner vs. professional license), or type of license (traditional vs. alternative). For the Kaplan-Meir graphs in 
Figures 2.7 through 2.16, all variables that were not previously binary were transformed into a binary status.  
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Note: All Teachers trend line relative to first axis, while leaver and returning trend lines are relative to secondary 
axis. 

Figure 2.2: Trends of Teacher Labor Patterns by Year 
 

 
Figure 2.3: New Teachers by Year and Their Future Career Patterns 
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Figure 2.4: Teachers that will Later Return Years Away from the Classroom 

 

 
Figure 2.5: Teachers that will Later Return Experience at Departure 

 

 

0
10

20
30

40
Pe

rc
en

t

0 5 10 15
Years Away from the Classroom

0
10

00
20

00
30

00
Fr

eq
ue

nc
y

0 10 20 30
Experience at Time of Departure



15  

 
Figure 2.6: Kaplan-Meier Survival Function for Teachers Returning to the Classroom Compared to Teachers Not 
Returning 

 

Figure 2.7: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Male and Female 
Teachers 

 
Figure 2.8: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Age at Exit 
Above 35 Years of Age to under 35 Years of Age 
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Figure 2.9: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Salary at Exit 
Above $45,000 to under $45,000 

 

 
Figure 2.10: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Experience at 
Exit At or Above 4 Years to under 4 Years 

 

 
Figure 2.11: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Minority and 
Non-Minority Teachers 
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Figure 2.12: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Teachers with a 
Master’s or Higher and Teachers with Less than a Master’s at Exit 

 

 
Figure 2.13: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Teachers Across 
School Types at Exit 

 

 
Figure 2.14: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Teachers Across 
Urban and Non-Urban Settings at Exit 

0.
75

0.
80

0.
85

0.
90

0.
95

1.
00

Su
rv

iv
al

 a
t T

im
e 

T

0 5 10 15
Years Since Exit

Less than Master's at Exit Master's or Higher at Exit

0.
75

0.
80

0.
85

0.
90

0.
95

1.
00

Su
rv

iv
al

 a
t T

im
e 

T

0 5 10 15
Years Since Exit

Elementary Middle School
High School

0.
75

0.
80

0.
85

0.
90

0.
95

1.
00

Su
rv

iv
al

 a
t T

im
e 

T

0 5 10 15
Years Since Exit

Non-Urban School at Exit Urban School at Exit



18  

 
Figure 2.15: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Teachers with 
Apprentice/ Practitioner and Professional Licenses at Exit 

 

 
Figure 2.16: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Teachers with 
Alternative and Traditional Licenses at Exit 
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By using a Cox regression test of each variable on its own, I was able to test whether the different survival 
curves are statistically different from each other. Of these measures, those that showed the two curves to be statistically 
significantly different from each other included gender age, salary, experience, education level, school urbanicity, and 
licensure status, all at the time of exit. The finding that female teachers are more likely to return at higher rates 
throughout the observed time period aligns with the findings of Grissom and Reininger (2012), though the gap in 
return rates is not as pronounced as is Grissom and Reininger. Several of these variables work together in a mechanical 
way, as teacher salary schedules dictate that each year with additional experience and another year of age, salary goes 
up. These three variables all have hazard ratios less than 1, meaning that as these continuous variables increase, the 
likelihood of return decreases. Having a Master’s degree at the time of exit is also predictive of a lower likelihood of 
reentry. One of the strongest predictors was the level of licensure at the time of exit; those who had obtained a 
professional licensure, as opposed to the entry level apprentice/practitioner licensure, were statistically significantly 
less likely to return. As discussed earlier, the structure of moving into professional licensure from 
apprentice/practitioner status without losing progress could play a key role in this higher likelihood of return for early 
career teachers. Those with a traditional license are more statistically more likely to return, which reemphasizes their 
commitment to profession, as non-traditional certification is one of the strongest predictors of leaving the profession 
in the first place (Nguyen et al., 2020). Teachers leaving an urban school are also statistically more likely to return, 
which replicates the finding of DeAngelis (2013), perhaps based on a thicker job market that makes reentry easier. 

The complex combination of factors effecting whether a teacher reenters should also be considered in 
addition to single variables, so I use the Cox regression analysis to simultaneously consider all variables that are of 
interest in predicting reentry. The outcomes of the Cox regression are reported in hazard ratios, which are the relative 
risk or probability of returning to the classroom (failure) of a given observed individual (teachers) at time t, given that 
the individual has survived to time t, between two conditions. Whereas the Kaplan-Meir functions represented in 
Figures 2.6 through 2.16 and their corresponding one-variable Cox regressions only used binary variables (e.g., over 
or under age 35 at exit), the Cox regressions in Table 2.2 take advantage of binary and continuous variables. For both 
binary and continuous variables, the reported hazard ratio coefficient represents the risk of failure associated with a 
one-unit change in the corresponding variable. A hazard ratio of 1 would mean that the two groups or different values 
along a continuous variable are equally likely to experience a failure event. Hazard ratios above 1 show that the treated 
group (the selected group in a binary combination or a one-unit increase for a continuous variable) has a higher 
probability experiencing a failure event, and below 1 would show the treated group to have a lower probability of a 
failure event. 

Table 2.2, in Models 1 and 2, shows the combined results for the nine factors considered in Figures 2.7 
through 2.16.3 Model 2 differs only in that an age-squared term was added to consider various functional forms of the 
variable relationships. Again, these coefficients report hazard ratios, where values above 1 show a relationship 
between an observed characteristic and an increased likelihood of return to teaching. Of the observable characteristics 
included, all but two are consistently statistically significant. The finding that female teachers are less likely to return 
to the classroom compared to male teachers when controlling for other factors is at odds with the variable considered 
in isolation and Grissom and Reininger (2012), though they also found gender to be insignificant in their most robust 
Cox regression analyses, and with DeAngelis (2013) using logistic regression, which shows a similar pattern of 
returning between genders that is not statistically significant. Age at exit is statistically significantly lower than 1, 
meaning that as age at exit increases, the likelihood of teachers that left later returning to the classroom decreases. 
Model 2 includes age at exit as a quadratic term, showing a significant decrease in the likelihood of returning with 
that moderates as age increases. Salary and years of experience are both statistically significant but are both very close 
to 1. Minority teachers and those in urban schools at exit are both found to be statistically significant with coefficients 
well above 1, though not when principal observation scores are included in the model. Finally, having a master’s 
degree at the time of exit is statistically significantly above 1 across both models and obtaining professional licensure 
prior to exit is statistically significant and above 1 in Model 2. Both of these variables can be interpreted as signals of 
commitment to the profession, and therefore the achievement of each increases the likelihood of return to the 
classroom. 

 
2.6.2 Teacher Quality Measures and Return Patterns 

Previous research has not considered whether a teacher’s likelihood of return in some way responds to their 
perceived quality prior to leaving the classroom. If a teacher’s personal view of their personal performance in the 
classroom is able to respond to a salient, outside, and objective measure of their performance in the classroom, this 
may affect the likelihood of returning to the classroom. Performance measures are taken from the most recent  

 
3 Figures 15 and 16 considered different iterations of licensure status. 
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 Model 1 Model 2 Model 3 Model 4 Model 5 
Female 0.832*** 

(0.038) 
0.821*** 
(0.038) 

0.809*** 
(0.063) 

0.911 
(0.055) 

0.955 
(0.101) 

Age at Exit 0.900*** 
(0.004) 

0.785*** 
(0.017) 

0.800*** 
(0.032) 

0.842*** 
(0.029) 

0.837*** 
(0.050) 

Age Sq. at Exit 
 

1.002*** 
(0.000) 

1.002*** 
(0.000) 

1.002*** 
(0.000) 

1.002** 
(0.001) 

Salary at Exit ($1,000s) 0.959*** 
(0.001) 

0.960*** 
(0.001) 

0.968*** 
(0.003) 

0.968*** 
(0.002) 

0.966*** 
(0.003) 

Minority Teacher 1.497*** 
(0.078) 

1.505*** 
(0.078) 

1.419*** 
(0.127) 

1.073 
(0.095) 

0.954 
(0.146) 

Years of Experience at 
Exit 

1.107*** 
(0.007) 

1.087*** 
(0.007) 

1.030*** 
(0.010) 

1.031*** 
(0.008) 

1.021 
(0.013) 

Masters at Exit 1.204*** 
(0.044) 

1.232*** 
(0.046) 

1.128* 
(0.081) 

1.284*** 
(0.068) 

1.270*** 
(0.109) 

Professional Licensure 0.950 
(0.041) 

1.100** 
(0.053) 

1.288*** 
(0.113) 

1.122* 
(0.077) 

1.347*** 
(0.152) 

Urban School at Exit 1.122*** 
(0.042) 

1.117*** 
(0.042) 

1.003 
(0.084) 

1.067 
(0.061) 

0.985 
(0.101) 

School at Exit 
Middle 

1.030 
(0.046) 

1.015 
(0.046) 

0.914 
(0.061) 

1.097 
(0.067) 

0.956 
(0.078) 

School at Exit 
High School 

1.104** 
(0.044) 

1.097** 
(0.043) 

1.165 
(0.141) 

1.083 
(0.062) 

0.928 
(0.151) 

VAM at Exit (Average 
across Subjects) 

  1.028 
(0.067)  

1.098 
(0.084) 

Principal Evaluation Score 
at Exit 

   1.014 
(0.051) 

0.851* 
(0.074) 

# of Teachers Observed 15,641 15,641 2,511 2,026 767 
Note: Coefficients are hazard ratios with standard errors below in parentheses, clustered at the teacher level. Salary 
transformed to $1,000s. *p < 0.10; **p < 0.05; ***p < 0.01. 

 

Table 2.2: Cox Regression Analysis of Teacher-Return Difference Predictors and Teacher Quality Measures 
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observation prior to exit from the classroom. Figures 2.17 through 2.20 present various measures of quality, different 
comparisons across the spreads of those measurements, and the resulting return patterns for teachers who have left. 
Figure 2.17 shows a Kaplan-Meier graph of the return patterns for those with below and above average VAM scores 
for the four different tested subjects in the year prior to their exit. Figure 2.18 is similar except that the comparison is 
made between the highest and lowest quantiles of teachers based on VAM scores in the year prior to exit. Neither is 
statistically significant when considered as a single-variable in a Cox regression. Figures 2.19 and 2.20 both consider 
a principal’s evaluation of a teacher, using the TEAM observation rubric and the overall aggregate score. Figure 2.19 
compares above and below average scores, whereas Figure 2.20 compares the highest and lowest quantile. Neither is 
found to be statistically significant using the Cox regression. 

In Table 2.2, Models 3, 4, and 5 allow for the comparison of Cox regression analyses that include measures 
of VAM scores, principal evaluation scores, and both within the same model. For those observable variables that were 
previously included, no variable changes from significant in one direction to significant in the other, but the female, 
minority teacher, and teaching in an urban school at exit are not significant across these new models, which is at least 
in part due to the much smaller sample size of teachers that have the needed quality measures. 

For the newly included quality measures, only one measure is found to be significant across any of the 
models. In Model 5, which includes both VAM score and principal evaluation score prior to exit, an increase in the 
principal evaluation score is associated with a lower likelihood of returning to the classroom. This result should be 
considered in the totality of the coefficients, as all other measures fail to find statistically significant relationships 
between quality measures and returning to the classroom. However, one potential explanation is that those teachers 
that are identified as superior by their principal have more options outside of the classroom, have a high opportunity 
cost, and are therefore more likely to pursue other options than their lower performing counterparts (Chingos and 
West, 2012; Feng and Sass, 2017; Grissom and Bartanen, 2019). 

 
2.6.3 Differences of Quality Measures Across Teacher Groups 

To this point, I have considered the moderating impact of observed variables on the likelihood of returning 
to the classroom for those teachers that have left, including stable characteristics, trend characteristics that 
mechanically increase over time, and traits that may vary from over time, including the quality measures of VAM and 
principal evaluation scores that have not been previously considered. While this analysis and previous research have 
highlighted differences in return patterns, including those based on gender, race and ethnicity, and geographic location 
before exit, how these characteristics interact with each other has only received minimal attention. 

This leads to the third research question addressed here: Are the potential differences in observed quality 
homogeneous across different groups of teachers? DeAngelis (2013) bifurcated her analysis by gender and separately 
by urbanicity, and I add to her analysis by considering these groupings interacted with VAM scores. 

Figures 2.21 through 2.24 present the Kaplan-Meir Survival Functions of VAM scores interacted with gender 
status, minority status, urbanicity of school at exit, and licensure status at exit, respectively; Figures 2.25 through 2.28 
present the same variables interacted with principal evaluation scores. When considering gender differences separated 
between those who are above and below average, female teachers with above and below average VAM scores prior 
to exit as groups are on average statistically significantly more likely to return than either male grouping by VAM 
score. This finding is more aligned with previous research (Grissom and Reininger, 2012; Murnane et al., 1991), and 
could be evidence that previous trends of high female return rates remain when male and female teachers are compared 
against teachers of similar quality. Both minority status and school urbanicity at exit fail to show any statistically 
distinguishable differences, both when interacted with VAM scores or with principal evaluation scores. The final 
pairing of licensure status with VAM and principal evaluation scores yields statistically significant results showing 
that teachers whom have obtained professional licenses are less likely to return after exit. While this aligns with the 
findings from Figure 2.15, it does not align with the more robust Cox regression models in Table 2.2. This can be 
interpreted to show that teachers pre-professional licensure are less likely to return after an exit because they are 
younger and less experienced on average, but when you control for age and experience at exit, this relationship is 
reversed. 

 
2.7 Discussion and Conclusion 

This analysis allows for a broad look across different types of teachers and across almost two decades of 
observations, showing the return patterns of teachers to the classroom with consideration for the various observable 
factors that moderate their decisions. Also, the analysis represents the first descriptive look at how teacher return 
patterns can be related to various measures of quality in the classroom prior to leaving. Compared to the prior literature, 
with some considering teachers in the 1970s and others considering teachers through 2006, this analysis finds the 
lowest rate of returning to the classroom at 15%, which is very different from the 25% to 40% observed returning to  
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Figure 2.17: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
VAM Scores to Below Average VAM Scores 

 
Figure 2.18: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Highest Quantile 
VAM Scores to Lowest Quantile VAM Scores 

 
Figure 2.19: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
Principal Evaluation Scores to Below Average Principal Evaluation Scores 
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Figure 2.20: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Highest Quantile 
Principal Evaluation Scores to Lowest Quantile Principal Evaluation Scores 

 

 
Figure 2.21: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
VAM Scores to Below Average VAM Scores by Gender 

 

 
Figure 2.22: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
VAM Scores to Below Average VAM Scores by Minority Status 
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Figure 2.23: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
VAM Scores to Below Average VAM Scores by Urbanicity 

 

 
Figure 2.24: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
VAM Scores to Below Average VAM Scores by Licensure Status 

 
 

 
Figure 2.25: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
Principal Evaluation Scores to Below Average Principal Evaluation Scores by Gender 
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Figure 2.26: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
Principal Evaluation Scores to Below Average Principal Evaluation Scores by Minority Status 

 
 

 
Figure 2.27: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
Principal Evaluation Scores to Below Average Principal Evaluation Scores by Urbanicity 

 

 
Figure 2.28: Kaplan-Meier Survival Function for Teachers Returning to the Classroom, Comparing Above Average 
Principal Evaluation Scores to Below Average Principal Evaluation Scores by Licensure Status  
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the classroom within five years of leaving (DeAngelis, 2013; DeAngelis and Presley, 2007; Grissom and Reininger, 
2012; Murnane et al., 1991; Plecki et al., 2006; Raue and Gray, 2015; Stinebrickner, 2002). While there have been 
many reasons for shortages considered in the teacher labor market literature, such as fewer entrants into training 
programs (Bartanen and Kwok, 2020), licensure as a gateway to the profession (e.g., Goldhaber, 2010), teacher salary 
concerns (Clotfelter et al., 2010; Sutcher et al., 2019), or the localized nature of teacher markets (Boyd et al., 2005; 
Reininger, 2012), this temporal decrease in the rate of return could be one piece of evidence that the pipeline of 
returners has made the teacher labor shortage more severe, though right censoring cannot be completely ruled out. 

Following the lead of previous research, I hypothesized that female teachers would outpace their male 
counterparts in their return rates to the classroom. The present analysis does not present clear findings. Whereas I do 
see patterns similar to previous research on single-variable analysis of gender or patterns that would support the 
hypothesis like gender sorted by VAM scores, the most robust Cox regression models show that females return at a 
lower or a statistically indistinguishable rate compared to males, similar to the findings of Grissom and Reininger 
(2012). As outlined in the literature review, much has been written to build a theory for why the teaching profession 
has been predominantly female throughout the years, and many of the older works in this strand of teacher return 
patterns have shown higher female return rates (Beaudin, 1993; Murnane et al., 1991; Stinebrickner, 2002). While this 
research fails to find the same conclusive differentiation of rates, that does not invalidate policy concerns that would 
consider the differential burdens that women and men may face during their time away from the profession and the 
barriers to return.4 The evidence connecting family structure to female return rates is important, but even if women 
return at a higher rate than men, as evidenced in Table 2.2, childcare costs that fall disproportionately on women can 
still be considered a “tax on teacher’s earnings” that the public has an interest in, as argued by Grissom and Reininger 
(2012). 

A contribution of this paper, as called for by previous research, is the consideration of teacher quality 
measures from their time in the classroom prior to exit as a moderator in the decision of whether or not to return. I 
find no evidence that either VAM scores or principal evaluation scores prior to leaving play a major role. One potential 
reason that these relationships are not stronger is that principal evaluation scores and especially VAM scores are not 
salient measures of quality that teachers are aware of, particularly if they were already making plans to exit when the 
scores became available. While we do see evidence that high VAM score teachers are more likely to return when 
differentiated within gender, this is more akin to the sorting out of teaching that has been documented than as a direct 
reaction to the scores, as low VAM score teachers may have been “counseled out” and not encouraged to return (Drake 
et al., 2015). 

These findings provide new insight into the association between licensure status and the decision to return to 
the classroom, a linkage that has not been previously considered. As with previous studies, I find that the majority of 
returners leave early in their career and come back to the classroom within five years. These early career disruptions 
highlight the importance of licensure when considering potential barriers to reentry into the classroom. The finding 
that teachers that obtained their professional licensure prior to exit are more likely to return to the classroom signals 
the need to focus on how returning teachers perceive their ability to reenter. In Tennessee prior to 2015, beginning 
teachers with apprentice licenses could maintain their license for 3 years, compared to 5 years under the practitioner 
license policy post-2015. The findings, all of which were effectively under the pre-2015 policy, also highlight a small 
but significant advantage in above average teachers returning, whether professionally licensed or not. While more 
evidence is needed, if it is true that the choice to return acts as a sorting mechanism that is associated with higher-
quality teaching candidates returning to the classroom as this research shows, then those concerned about the trade-
off between teacher quality and teacher shortages should be encouraged by these findings. Whether at the school or 
state-level, efforts to attract these previously high-performing teachers could pay dividends. 

This descriptive study was not able to capture every nuance of the choice sets that teachers face in deciding 
whether to return to the classroom. Important factors, such as family status and the link to childcare policy have been 
highlighted in previous research (Grissom and Reininger, 2012), but the present data does not allow a similar at the 
family composition of the teachers, as did longitudinal surveys that were previously used. To the extent that 
longitudinal datasets may be able to fold in family characteristics or researchers might be able to merge teachers with 
healthcare records listing the number of dependents, these important variables would allow the best of these various 
research projects to be combined in future work. 
 
  

 
4 As one reviewer noted, maybe women have more occupations open to them than in earlier years and studies. 
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CHAPTER 3 
 
 

Returning Teachers and Student Test Scores: A Comparative Analysis 
 
 

The supply of quality teachers is an area of perennial interest, but teachers that leave and then return to the classroom 
is an underexplored area of research. This study is a first attempt to quantify the impact of the absence from the 
classroom on the VAM score of a returning teacher compared to teachers with uninterrupted careers. Using a 
difference-in-differences and matching methodology, I find no statistically significant difference between returning 
teachers and matched teachers, though the sample of returning teachers outperforms on VAM scores six years after 
returning to the classroom relative to non-leavers. Consideration is also given to differences in VAM performance 
based on the length of the absence from the classroom and how early in a teacher’s career the absence occurs. 
Returning teachers could represent an untapped source of teacher talent that is underappreciated given their relative 
cost due to salary schedules. 
 
3.1 Introduction 

Teacher quality stands as the most important in-school variable in determining a student’s academic and 
career earning outcomes (Chetty et al., 2014; Kane and Staiger, 2008; Raudenbush, 2014). In adjacent studies, 
education researchers have also tried to understand what leads teachers to not only maintain or improve their ability 
to generate higher academic achievement (McCaffrey et al., 2009) but also what leads to teachers staying in or leaving 
the profession, which is known as teacher attrition (Borman and Dowling, 2008; Nguyen et al., 2020). At this 
intersection of teacher quality and teacher attrition, whether leaving a school or the profession entirely, previous 
research shows that the least effective teachers as measured by value-added scores are also the most likely to leave 
(Goldhaber et al., 2011), though top-quartile teachers do leave the profession at higher rates than the average teacher 
(Feng and Sass, 2017). The movement of teachers between schools also plays a role in teacher sorting, as lower-
quality teachers are more likely to teach in both urban and rural schools, as opposed to suburban schools, and in 
schools with higher concentrations of students from underprivileged backgrounds (Fowles et al., 2014; Lankford et 
al., 2002; Steele et al., 2015).  

The connection between teacher quality and teacher attrition is only the beginning of the story. Education 
researchers have paid minimal attention to the multiple career paths of teachers, and what receives less attention is 
that a sizeable number of teachers do not take the typical career path of either teaching to retirement (Grissom et al., 
2016), becoming a principal or school leader (Chingos and West, 2011), or leaving the teaching workforce for a non-
teaching job never to return (Chingos and West, 2012). Contrary to this set of choices, a sizeable portion of teachers 
take a more circuitous path: they take some length of a break from teaching at some point in their career, with estimates 
ranging from about 25 to 40 percent of teachers who can be classified as reentrants into the classroom (DeAngelis, 
2013; Stinebrickner, 2002; Grissom and Reininger, 2012). 

Previous papers on teacher reentry have presented a descriptive look at what types of teachers are most likely 
to reenter: elementary teachers are more likely than secondary teachers to reenter, teachers with high certification test 
scores are more likely to reenter, and teachers who left the profession within the previous five years are more likely 
to reenter (Murnane et al., 1991; Grissom and Reininger, 2012). These earlier descriptive works on teacher reentry 
use data from the 1970s and 1980s (Murnane et al., 1991; Beaudin, 1993; Grissom and Reininger, 2012), and even 
the most recent work only uses data through the 2005-2006 school year (DeAngelis, 2013), ending before the shocks 
to the profession caused by the Great Recession. Grissom and Reininger (2012) represents the only work to date to 
use national-level data; however, the study’s generalizability is limited because of its small sample size.5  While this 
first wave of research on teacher reentry has provided a descriptive analysis of the demographics of teachers who 
reenter and the length of their time away, there is little known about the observable teacher quality of reentering 
teachers, both before and after their time away from the classroom. 

In this dissertation paper, I will consider how returning teachers compare to teachers who did not take 
extended time away from the classroom in terms of teacher value-added models (VAM). To best understand this 
comparison between those who return to teaching and those who do not take a break, both in terms of direction and 
magnitude, I use a difference-in-differences research design combined with matching treatment and control teachers 

 
5 Their data on teachers who reentered the profession considers only 175 unique observations of teachers who later 
returned, which could include teachers entering and exiting multiple times. 
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(Abadie, 2005; Blundell et al., 2004). The data that is available allows for an analysis of all teachers who took time 
away from the classroom, but it does not allow for any separation based on the reason why a teacher left or returned. 
Even without this information, the resulting analysis provides estimates that are policy relevant as to what support 
made be needed for the group of teachers that do return to the classroom. While I cannot identify where each teacher 
went or what they did during their time away, the number of years a teacher was gone from the classroom is known, 
and this research will consider how the number of years away from the classroom affects the observed outcomes. 

The current research is solely concerned with test-based value-added measures as a means of considering an 
observable outcome that compares returning teachers and teachers who do not take leave from the classroom during 
the observed time period. The test-based value-added measures are compared in the years before teachers leave the 
classroom to the matched set of teachers, and then again in the years after the teachers return to the classroom to the 
same matched set of teachers. Within each section of the analysis, further subgroups of the returning teachers and 
those with uninterrupted career are compared to better understand how these different groups compare after their time 
away from the classroom.  

Test-based value-added measures use student test scores for those students in a given teacher’s classroom in 
a specific year to quantify how the teacher impacted the learning of students. While some have previously criticized 
the shortcomings of using VAM to measure teacher impacts (Darling-Hammond et al., 2011; Sass, 2008), there is a 
growing consensus that VAM does have some predictive power of future student outcomes that can be connected to 
the impact of teachers (Chetty et al., 2014; Kane, Rockoff, & Staiger, 2008; Koedel, 2008). In this paper, I use test-
based value-added measures to understand the impact that time away from the classroom has on the development of 
the teaching abilities of those returning teachers. This research is motivated by the following research questions: 

1. How is teacher quality affected, as measured by test-based value-added measures, when teachers are away 
from the classroom for one or more years? 

2. Are teacher value-added scores differentially impacted based on years away from the profession? 
3. Are teacher value-added scores differentially impacted based on when in their career a teacher left? 
4. To what extent do teacher value-added scores rebound after time away from the classroom? 
This research will develop a knowledgebase surrounding how time away from the classroom affects teachers, 

specifically in terms of test-based value-added measures. It will be the first analysis to pair data about teacher exit and 
reentry with test-based value-added measures. Previous papers that have described the patterns of teachers returning 
to schools have specifically called for this type of analysis (DeAngelis, 2013; Grissom and Reininger, 2012). This 
paper also represents a natural extension of previous work on the relationship between teacher quality and mobility 
patterns (Goldhaber et al., 2011; Feng and Sass, 2017), as little is currently known about where returning teachers fall 
in the distribution of teacher quality at the time of exit. As the need for a high-quality teacher workforce continues to 
be a focus of education policy leaders at all levels, this research represents a first insight into how returning teachers 
perform in terms of these various quality measures upon their return to the classroom. 

 
3.2 Literature Review 
 
3.2.1 Modeling Teacher Quality Growth as Human Capital Formation 

Mincer and Ofek (1982) find that time away from a profession depreciates human capital, as demonstrated 
by generally lower wages for returners to the workforce after time away. Human capital is generally defined as “the 
stock of skills that the labor force possesses” (Goldin and Katz, 2009) and its formation is central to economic growth 
(Becker et al., 1990; Krueger and Lindahl, 2001). When properly viewed as an asset, human capital can be seen to 
appreciate or depreciate (Mincer and Polachek, 1974; Mincer and Ofek, 1982; Corcoran et al., 1983; Kunze, 2002). 
The depreciation of human capital, like any other asset, can be seen in the reduction of efficacy or efficiency of an 
individual in their profession. Increasing stocks of capital, human or otherwise, are tied to increases in productivity. 
Usually, wages across various professions in the economy reflect growth or slowing of productivity in workers 
(Feldstein, 2008; Stinebrickner, 1998), but this is not necessarily the case in the teaching profession because of the 
structure of guaranteed compensation increases that do not always reflect productivity increases. Because of the wide 
adoption of salary schedules in the field of K-12 education, returns to seniority within the teaching profession are 
necessarily on an upward trajectory, whether after continual service or time away from the classroom (Ballou and 
Podgursky, 2002). If salaries necessarily increase with each additional year of experience for teachers, is there an 
alternative way to estimate the state of human capital after time away from the classroom? 

Teacher productivity is the measure of educational outcomes (e.g., student knowledge, student behaviors, or 
student degrees completed) per teacher. Because salaries do not accurately measure teacher productivity, different 
measures are needed, several of which exist in the literature. One way to ascertain whether or not teacher exit and 
reentry has any effect on human capital formation is to consider its effect on the productive capacity of teachers 
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measured in other ways beyond salary received. To date, certain types of educational outcomes have been modeled as 
the returns to teacher human capital, such as student test scores or non-cognitive outcomes, like student absences or 
grade completion, using value-added scores (Chetty et al., 2014; Koedel, 2008; Gershenson, 2016; Jackson, 2018; Liu 
and Loeb, 2019) or principal observations of teacher quality (Kane and Staiger, 2012). Several teacher career paths 
have been investigated in terms of their connection to student academic achievement, such as how teachers prepared 
for the teaching profession (Henry et al., 2014), how teachers improve with experience (Hanushek and Rivkin, 2010; 
Henry et al., 2012; Atteberry et al., 2015; Papay and Kraft, 2015), teacher movement between schools (Ronfeldt et 
al., 2013; Feng and Sass, 2017), the stability of a teacher’s grade assignment (Ost, 2014), and within-year teacher 
movement (Henry and Redding, 2018).  

The effect of long-term absences from the classroom, however, whether a year or longer, on human capital 
formation and their effect on student achievement has not been explored. When considering how career choices shape 
human capital development, this research builds on what Ost (2014) calls the development of general and specific 
human capital. Whereas Ost (2014) shows how grade-specific human capital depreciates over time when a teacher 
leaves a given grade, this research will consider whether teachers’ general skills depreciate when they are away from 
the profession for an extended period of time. 

Prior research has developed a basic framework of the path of teacher human capital formation over time. A 
finding that has been often replicated is that teacher quality grows during the first few years in the classroom (Harris 
and Sass, 2011; Clotfelter et al., 2007; Rice, 2010). Also, how a teacher received training is related to teacher quality 
measures (Henry et al., 2014; Plecki et al., 2012). There is less evidence on the mechanics of what builds teacher 
human capital while the teacher is on the job, but some evidence suggests peer effects (Jackson and Bruegmann, 
2009), on-the-job skill development as captured in principal evaluations or teacher coaching (Kraft et al., 2020; Kraft 
et al., 2018), and staying within the same grade-level for teaching (Ost, 2014) have some role to play in human capital 
development. This work considers how a different career path, one where a teacher leaves and later returns to the 
classroom, fits within this developmental framework of gains to productivity. 

 
3.2.2 Teacher Experience and Human Capital Development 

What do we know about the effects of teacher experience on teacher human capital? Generally, the literature 
finds that early career experience increases teacher human capital and productivity as measured by student 
achievement on test scores (Harris and Sass, 2011; Kane et al., 2008; Podolsky and Darling Hammond, 2019; Rivkin 
et al., 2005). These gains are most often seen in the elementary grades, but there is also evidence of mixed to large 
returns in middle school grades and mixed evidence in high school grades (Ladd and Sorensen, 2017; Aaronson et al., 
2007; Henry et al., 2012). One unique study even found that when teachers had to wait an additional year to enter the 
classroom because of a later graduation date, their performance was negatively affected upon entering the classroom, 
bolstering the idea that taking time away from the classroom later in the career path would similarly have a negative 
effect on a teacher’s human capital (Dinerstein et al., 2019). Even though most gains in experience happen within the 
first few years of teaching, there is evidence that teachers continue to accumulate human capital along with continued 
years of experience past the first five years (Harris and Sass, 2011; Papay and Kraft, 2015). Thus, when a teacher takes 
time away from the classroom, whether in the early or later years, could impact future human capital formation by 
interrupting the most formative years. These studies also demonstrate that extended absences may put teachers further 
behind their teaching counterparts in terms of productivity upon their return. 

Beyond these average gains to experience that most teachers undergo, there are also heterogenous effects 
across different types of schools. Not only is the average teacher more effective in low-poverty schools, but there are 
more pronounced gains to experience in low-poverty schools as well (Sass et al., 2012). When considering how 
contextual factors impact teacher quality and career paths, the types of teachers that low- and high-poverty schools 
hire matters. While teachers are more likely to return to schools that are demographically similar to their previous 
school, those teachers who leave from schools with higher percentages of students from low-income families are more 
likely to return to the profession, but are more likely to return to another school within the district that is not their old 
school (DeAngelis, 2013). Part of the descriptive analysis updates these findings on which types of schools are most 
likely to have their teachers return to them or to other schools. The difference-in-differences analysis also includes 
school-level characteristics as covariates, since these attributes can affect how teachers perform upon their return. 

Alongside general gains to experience, Ost (2014) presents a more nuanced understanding of additional 
considerations that must be made in how teacher human capital develops. Not only do teachers gain “general human 
capital” from additional years of teaching experience, but teachers also gain “specific human capital” when they 
continue to teach the same subject over time, a growth of experience in a specific field or grade-level. Said another 
way, when a teacher changes which grade she or he is teaching, the teacher will, on average, experience a short-term 
negative shock to their teaching ability. While the main focus of this research is towards understanding interruptions 
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in the formation of general human capital in teachers, it could be that losses in human capital due to time away are 
compounded by changes to the grade of the teacher’s classroom, subject taught, or moving to a completely different 
school. The present research considers this change of grade both as a covariate in the difference-in-differences analysis 
for all teachers and separately for those teachers who switch grades upon their return to the classroom. 

 
3.2.3 Teacher Career Paths and Human Capital Development 

In addition to teacher experience, there are other teacher career path choices that have been shown to impact 
a teacher’s human capital accumulation. For example, there are differences in teacher quality when comparing teachers 
from varying teacher preparation pathways (Henry et al., 2014; Plecki et al., 2012). In elementary grades, alternative 
certification and out-of-state teachers tend to be less effective than their traditionally certified and in-state trained 
counterparts, respectively (Henry et al., 2014). However, studies that consider alternatively certified teachers recruited 
through highly selective organizations, such as Teach for America (TFA), find that these teachers not only perform 
better than other alternatively certified teachers, but also better than traditionally certified teachers in some 
circumstances (Chiang et al., 2017; Glazerman et al., 2006; Henry et al., 2014). Beyond the compelling narrative of 
which pathways train the best teachers, there is evidence that those with a standard teacher certification through a 
traditional teacher training pathway have a lower likelihood of attrition than their alternatively certified counterparts 
(Nguyen et al., 2020; Redding and Smith, 2016). Previous research on teachers returning to the profession has also 
noted that traditionally certified teachers are more likely to return than those who entered through alternative 
certification (DeAngelis, 2013). Beyond this difference in return rates, are there also differences in teacher quality 
upon return between traditionally and alternatively certified teachers? Do other career pathways, such as TFA, affect 
the quality of a teacher upon their return? The type of certification a teacher has obtained is one of several teacher-
specific covariates included in the analysis. 

 
3.2.4 Teacher Human Capital Depreciation Related to Leaving 

There has been some consideration of the effect of short-term absences on teacher quality (Henry and 
Redding, 2018; Redding and Henry, 2019). When students lose teachers during the school year, these students 
experience a negative shock that is clearly seen in lower student achievement in the former teacher’s class and in other 
classes within the same grade (Henry and Redding, 2018). These negative shocks are most pronounced among novice 
teachers, who as a group experience higher levels of within-year turnover than more experienced teachers (Redding 
and Henry, 2019). The present study is informed by this research to note that not all turnover occurs between school 
years. There is a need to understand how both within- and between-year turnover differentially affects teacher quality 
upon return. The present data used does not allow for this level of analysis, but since these unobserved shocks may 
appear as teachers staying for a full year, this represents a limitation to the present research. 

Across the teacher human capital development research, there is evidence that teacher experience, teacher 
career paths, and within-school supports are associated with higher student achievement. Previous research has also 
shown that these factors are related to teacher turnover (Nguyen et al., 2020; Borman and Dowling, 2008) and their 
subsequent return (Grissom and Reininger, 2012; DeAngelis, 2013). This research will add to our understanding of 
how teacher human capital develops, and how time away from the classroom affects teachers upon their return. 

Based on this review of the formation of human capital and how a teacher’s time away from the classroom 
may play a critical role in the formation process, I rely upon the conceptual framework and knowledge of how teachers 
sort into decisions on whether or not to leave and then to subsequently return to the classroom as established in the 
previous paper (Crouch, 2023). While that previous research updated our understanding of the characteristics 
associated with returning teachers and how they are different from other groups, the descriptive patterns of differences 
in VAM prior to exit only create the baseline for how a teacher may be formed during their time away, which is the 
subject of this research. 

 
3.3 Data 

This dissertation uses administrative data from the state of Tennessee, provided by the Tennessee Department 
of Education (TDOE) through the Tennessee Education Research Alliance (TERA), allowing for a detailed look into 
the exit and reentry patterns of teachers who return to the classroom and how, for elementary and middle school 
teachers, their students perform compared to students of teachers who stay in the classroom without an extended break.  
A summary of the relevant data is provided below. 

 
3.3.1 Tennessee 

These data were collected for teachers, other school professionals, students, and the schools from the 2001-
2002 to 2017-2018 academic years, with records for 166,805 unique school employees, 139,463 of which served as 



31  

teachers in public school classrooms. Pertinent information is available for which years a teacher was in the classroom, 
the teacher’s age, years of experience, gender, highest degree completed, school taught in, and the race of the teacher. 
Beyond teachers in the classroom, different school employees are also visible, so if a teacher switched titles within 
the Tennessee system and later returned from the classroom, his or her career path can be properly accounted for. If a 
teacher took an out-of-state teaching job or a private school teaching job, the teacher would be unobserved in the data, 
but the years of experience would be recognized; however, these out-of-state moves have been shown to be much less 
prominent than within-state moves (Goldhaber et al., 2015). Testing and VAM data are not available for the 2015-
2016 year, so this year is skipped over in the analysis. If a teacher returned during this year, the subsequent year begins 
their return VAM analysis. 

The dataset also links students to teachers so that teacher-specific value-added scores can be calculated. In 
grades 3-8, standardized student test scores are available for reading, math, science, and social studies achievement. 
For analysis purposes, an additional “all-subjects” average of the four subjects was created to compare across all 
subjects. Student demographic data is also available, including grade, free and reduced-price lunch status (FRL), 
limited English proficiency status (LEP), immigrant status, test scores, race, and ethnicity. I standardize all test scores 
across the state to have a mean score of zero and a standard deviation of one within each year and within each grade, 
so that scores can be compared over the years and between grades. This relies on the general assumption that the 
average student within each grade is equivalent and comparable across grades, though it does not change the 
distribution of the test scores within the grade. 

 
3.3.1.1 Teacher Sample Selection 

Of the 139,463 teachers in the sample, 12,782 teachers are included who take some length of time away from 
the classroom and return within the timeframe of the dataset; these teachers who have returned to the classroom 
experience the treatment that is of concern for this research. This leaves 126,681 teachers who did not experience a 
gap in time served, and who will therefore serve as the control group for comparison. Whether a teacher chose or did 
not choose to leave, did or did not have previous plans to leave, or had a sudden emergency cause a needed leave of 
absence is important when seeking to understand why teachers leave. However, for the purposes of this research, the 
reason why a teacher left is immaterial, as this research is seeking the average treatment effect on the treated (ATT) 
for teachers who leave and return, which is the policy-relevant measure for broad policies that affect all teachers within 
the treated group. 

Within these two groups, treatment and control, only a sub-sample have the necessary outcome variable 
measurements to be a part of the analysis. For this paper, I am particularly concerned with those teachers who have 
ties to student test scores, which are used to calculate a standardized test score-based VAM. Of the treated teachers, 
9,219 remain in the sample (72% of all treated teachers; 15% of the remaining sample), and of the control teachers, 
51,951 remain in the sample (41% of all control teachers; 85% of the remaining sample). The main reason that a 
teacher does not make it into this sub-sample is because the teacher did not teach in a grade or subject that had 
administered standardized tests in the years in question. If a teacher was missing other data that could not be inferred 
from other parts of the data, then the teacher was dropped from the sample. Table 3.1 compares the observable 
characteristics of those teachers who remain in the classroom compared to those who do not and finds that teachers 
who exit the classroom and later return are less likely to have started their career with a master’s degree or higher 
credential, less likely to be a minority teacher, less likely to be female, and less likely to be a middle school teacher. 
Because of this imbalance across the data, I match treatment and control teachers based on observed characteristics 
from pre-treatment observations before performing the difference-in-differences analysis. 

 
3.4 Methods 

The description of methods is divided into three sections: the first section explains the approach used for the 
difference-in-differences analysis using teacher matching; second, there is a consideration of the proper validity 
checks for a difference-in-differences analysis; and third, I consider the construction of the VAM model for this 
analysis. 

 
3.4.1 Difference-in-Differences Using Matching Methods 

The purpose of this analysis is to analyze whether there is an effect on teacher quality as measured by value-
added on student test scores-based VAM outcomes and effectiveness ratings from principals when a teacher takes 
time away from the classroom and then later returns to the classroom. The model of this paper is meant to test what 
effect this absence from the classroom has on a teacher’s human capital, whether in terms of appreciation or 
depreciation. In this investigation, issues quickly arise concerning whether such an estimation is possible; because 
teachers choose whether or not to “receive the treatment” of spending time out of the classroom, there is most likely  
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 (1) (2) (3) 
 Control Teachers Treated Teachers Difference 
Master’s Degree or More 0.553 0.495 -0.057*** 
Minority Teacher 0.224 0.185 -0.039*** 
Female 0.805 0.791 -0.014** 
Elementary Teacher 0.432 0.440 0.008 
Middle School Teacher 0.324 0.304 -0.020*** 
High School Teacher 0.229 0.237 0.008 
Observations 51,951 9,219  

Note: All data represents the first observed year of a teacher. Teachers in column 1 represent all  
teachers without missing years in-between years in the classroom. 
 
Table 3.1: Summary Statistics of Teachers from First Observed Year of Teaching: Teachers with Test Score-Based 
VAM 
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some degree of selection bias that will affect the estimator. To the degree that the reason teachers choose to take time 
off is correlated with measures of human capital, selection bias is an issue in the model. For this reason, non-
experimental methods are needed to best adjust for these expected differences to plausibly estimate the effect of this 
decision.  

In order to best understand this effect, both in terms of direction and magnitude, I operationalize a difference-
in-differences design combined with matching treatment and control teachers (Abadie, 2005; Blundell et al., 2004). 
This allows the analysis to be done in two steps: first, a control group is defined for the treated group based on 
coarsened exact matches across pre-treatment observed characteristics, comparing “treated” returning teachers and 
“control” teachers with uninterrupted careers over the course of their career paths, thus creating a stratum for each 
group of matched teachers. Second, a difference-in-differences design is used to understand how teachers perform 
upon their return to the classroom, compared to those who are otherwise similar with uninterrupted careers. Because 
of the multiple time periods represented in the dataset and the ability of the individual teachers to enter into treatment 
at different points in time, I follow the difference-in-differences framework suggested by Callaway and Sant’Anna 
(2021) by computing group-time average treatment effects for the treated subpopulation, or ATT(g,t), which is the 
average treatment effect in time-period t for those teachers who were first treated in time-period g. These different 
comparison groups of treated and control teachers are then weighted by group size to estimate a single effect 
parameter, and looked at as separate groups to consider if there are heterogeneous effects by time away or other 
observable characteristics. This approach also allows for comparisons across different levels of dosage, to see if there 
is a treatment effect that is based on the length of exposure to treatment. The following paragraphs establish how this 
is done in two steps, first by matching and second by the subsequent difference-in-differences analysis. 

The first step matches treated teachers with non-treated, control teachers for comparison using matching 
methods, an estimation method often used with non-experimental labor market studies (Kluve et al., 2008; Heckman 
et al., 1997). Matching methods are used to evaluate treatment effects and balance data when treatment assignment is 
non-random, with consideration given to the “distance” between the observed covariates (Stuart, 2010; Guo and 
Fraser, 2010). Several different measures of distance exist, but exact matching minimizes the differences in covariates 
by requiring that a treated and control teacher share the exact same covariates. For this analysis, I use exact matching 
on all binary or categorical covariates and coarsened exact matching on continuous covariates.  

Coarsened exact matching (CEM) is a “monotonic imbalance-reducing matching method,” thus allowing for 
balance across variables after the matching process that can then be used for analysis (Blackwell et al., 2009). 
Specifically, the only continuous covariate is the pre-leave value-added score, which is binned to find the nearest 
match for treated teachers. Because treatment and control teachers are plausibly imbalanced on observable 
characteristics before matching, balance is achieved by excluding treated and control teachers who are not matched 
on observed covariates. Treated teachers can be matched to several control teachers as there is no restriction to the 
number of treated or control teachers in a given stratum, with resulting weights being incorporated to subsequent 
analysis to account for the different numbers of matched teachers within each stratum. Based on previous work 
concerning what predicts a teacher leaving and returning the classroom (DeAngelis, 2013; Grissom and Reininger, 
2012), the matching process is generated from a set of observable characteristics, which includes the teacher’s gender, 
starting year, race, level of education, grade taught, and subject taught. To validate that the variables selected is the 
most efficient, I will test to see if the selected variables have the highest within-sample prediction rate of treatment, 
so that variables are kept that increase the prediction rate at a significant level (Caliendo and Kopeinig, 2008; Heckman 
et al., 1997).  

The data must meet several requirements for matching methods to be used (Stuart, 2010; Guo and Fraser, 
2010; Caliendo and Kopeinig, 2008). First, the matched groups must meet the conditional independence assumption, 
which assumes that conditional on the covariates used for creating the matched strata, whether or not a given individual 
is treated in independent of the outcome of interest (Lechner, 1999), though there is room for relaxation within these 
parameters where only mean independence is met (Heckman et al., 1997). Second, common support is required, 
meaning that treated and non-treated observations must overlap to make an exact match or nearby match for 
continuous variables, and higher levels of overlapping meaning a more highly powered estimator (Caliendo and 
Kopeinig, 2008). If there are certain values of covariates for which exact matches cannot be made or where the 
coarsened matches cannot be matched with a nearby observation, it would be hazardous to extrapolate any of the 
resulting findings into this grouping of teachers. 

After treatment and control groups are created using matching methods, the second step is to use these newly 
created groups with a difference-in-differences quasi-experimental design to ascertain what effect could be proscribed 
to the treatment. The two-way fixed effects difference-in-differences equation is as follows:  

𝒚𝒚𝒊𝒊𝒊𝒊𝒊𝒊 = 𝜶𝜶𝒊𝒊𝒊𝒊 + µ𝒊𝒊𝒊𝒊 + 𝜷𝜷𝑫𝑫𝒊𝒊𝒊𝒊 + 𝜸𝜸𝑿𝑿𝒊𝒊𝒊𝒊𝒊𝒊 +𝝅𝝅𝑺𝑺𝒊𝒊𝒊𝒊𝒊𝒊 + 𝜽𝜽𝒈𝒈 + 𝜺𝜺𝒊𝒊𝒊𝒊  [3.1] 
As seen above, the design allows for a clear comparison of the treated and non-treated groups both pre- 
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and post-treatment. The outcome of interest, y, is a record of student test score-based VAM that are 
attached to an individual teacher, i, in a given year, t, and grade, g. On the right-hand side of the equation, 
the leading term, α, is a year fixed effect that is differentiated for each teacher, i, in a given year, t. The 
second term, µ𝑖𝑖𝑖𝑖, is a group-level fixed effect for each teacher, i, in a given year, t, that separates those 
that were ever treated from those that were never treated. Next, 𝛽𝛽 shows the post-treatment difference that 
can be plausibly assigned to the treatment status, which is the main parameter of interest for the leading 
research question for each section of the paper, paired with D as an indicator variable for whether teacher 
i is treated in year t and all subsequent observations. Even though the treatment and control groups were 
selected using matching methods, this equation also includes a set of covariates, X, attached to an 
individual teacher, i, in a given year, t, and grade, g, that were used in the creation of the matched teachers 
to remove any remaining variation due to these predictive factors. Group fixed effects, µ𝑖𝑖𝑖𝑖, and individual 
covariates captured in X are aggregated at different levels, which helps to avoid collinearity. Some 
teachers may have other important factors change during the period in question, such as whether they 
switched schools, grade taught, or supervising principal, the outcome measures of fellow teachers, and 
socio-demographic school characteristics (i.e., percent of students that are non-white, percent of students 
eligible for free or reduced priced lunch), which are observed in vector S for an individual teacher, i, in a 
given year, t, school, s, and grade, g. Finally, to control for differences across grades, g, 𝜃𝜃 is a grade-level 
fixed effect. 

By itself, this model is capable of calculating a singular parameter that would be the homogeneous average 
treatment effect for the treated population (ATT), but because the present research is concerned with more than just 
the standard ATT, I use the Callaway and Sant’Anna framework (2021) to compute a group-time average treatment 
effects for the treated subpopulation, or ATT(g,t). Different parameters are calculated for each of the different groups 
of teachers who reenter in various different years, g, and the subsequent years after their return, t. All of these different 
parameters then collapse to the ATT. This meta-analytic creation of the overall treatment effect is useful because it 
allows sub-analyses by group characteristics, such as dosage effects based on the number of years away from the 
classroom or dynamic treatment effects that consider how returning teacher quality changes in the second year and 
beyond after his or her return. 

For this analysis, the “treatment” must be critically considered because the treatment is the removal of treated 
teachers from the observed data set, sometimes for several years. Because of this strange quality of the observed data, 
the difference-in-differences design is established as follows: the pre-treatment period begins when a given treated 
teacher starts his or her career, or at the beginning of the data set, and ends when the treated teacher leaves an observed 
classroom. The post-treatment phase begins when a treated teacher returns to an observed classroom, leaving a “hole” 
in the difference-in-differences design. Consider Figure 3.1 as an example of the treatment versus control contrast. 

In Figure 3.1, control teachers are observed pre- and post-treatment, as well as in the unobserved years when 
treated teachers are absent. The treated teachers are observed only in pre-treatment time and post-treatment time, and 
are missing during the unobserved period. These teachers are validated as “missing and absent from the teacher 
workforce” rather than “missing due to data issues” based on a check of their experience upon return, where we would 
expect that returning teachers would only have one additional year of experience upon return. For my difference-in-
differences design, the pre-treatment years for this example group would include years 1 to 3, and the treatment years 
would be years 7 through 9. Though the continuing formation of control teacher human capital during years 4 through 
6 is interesting for descriptive purposes, these unobserved years do not inform the outcomes of interest. Example 
Figure 3.1 below illustrates what these two groups could look like. 

Beyond the base model found in Equation 3.1 which informs Research Questions 1, Research Question 2 
adds to the base equation by amending the difference-in-differences model to create a difference-in-difference-in-
differences model that uses the interactions between treated teachers (µ𝒊𝒊𝒊𝒊), treatment in a given year (𝑫𝑫𝒊𝒊𝒊𝒊), and a new 
term that considers the number of years that the teacher spent away from the classroom. By adding this new set of 
interactions, the resulting analysis would show any difference in the impact of time away from the classroom that 
varies based on the number of years away from the classroom. The third Research Question is similar in construction 
to the second, but instead interacts the base equation with when in a teacher’s career the teacher is treated, whether 
after their first year of teaching or after some subsequent year of teaching. Finally, Research Question 4 returns to the 
base model in Equation 3.1, but replaces the post-treatment categorical marker (𝑫𝑫𝒊𝒊𝒊𝒊) with an indicator measure of each 
post-return year, thus allowing for a unique estimation of changes to VAM for each post-return year that is measured. 
This allows for a differentiation between whether a treatment effect exists at all and whether the effect is present or 
more potent in early or later return years. 



35  

 
Figure 3.1: Example of a Hypothetical Outcome Measure Over Time 
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3.4.1.1 Validity Checks 
When evaluating the efficacy of an intervention, the best-case scenario is that individuals are assigned to 

treatment and control groups at random. Most often, when this scenario is not possible or, as in this case, when research 
is looking retrospectively at previously collected data, quasi-experimental methods are required. Since this research 
uses difference-in-differences paired with coarsened matching methods, there are a few validity checks that must be 
done which can raise the probability that the estimates are getting close to a plausibly causal claim. These checks 
include monitoring for parallel trends of treatment and control groups prior to the treatment, anticipatory actions ahead 
of the intervention, that there is no relationship between who is treated and the outcome of interest, a stable group 
composition (which is guaranteed here by the matching process), the Granger test of leading treatment, and spillover 
effects (Wing et al., 2018; Zimmer et al., 2017; Granger, 1969). Spillovers should not be an issue if teachers are not 
matched to other teachers within their returning schools. 

Prior to treatment, treatment and control groups should meet the parallel trends assumption, giving credence 
to the notion that without treatment, the trends would have been the same. Beyond graphical evidence of the data 
meeting this test, statistical tests can verify if the outcomes measures prior to the treatment were statistically similar 
enough to fulfill this assumption. This is also related to checking for Ashenfelter dips (Ashenfelter and Card, 1985), 
which are anticipatory effects prior to treatment. In the present case, this could occur if teachers changed their behavior 
in the year prior to leaving in a systematically different way than teachers who were not leaving, either by putting in 
extra or abated effort. Because teachers are matched on pre-treatment outcome measures, parallel trends should not 
be an issue by construction (Blundell et al., 2004), but these tests should still be performed. Thus, I will perform a 
pairwise comparison test of pre-treatment outcome variables for the matched treated and control groups. Where pre-
treatment outcome measures are not available, consistency of other malleable characteristics will be tested in the years 
prior to a treated teacher leaving the classroom. 

Concerning whether there is a relationship between who is treated and the outcome of interest, the matching 
plays an important role. As outlined earlier, the prior literature would lead to a prediction that lower value-added 
teachers are more likely to leave the profession, thus making up the group that can return to the classroom (Goldhaber 
et al., 2011; Feng and Sass, 2017). Teachers are matched on observable variables that likely affect the probability of 
being a part of the treatment group (e.g., years of experience, age, value-added scores), which allows for this issue to 
be plausibly ignorable (Lechner, 1999; Heckman et al., 1997). To the degree that there are still unknown variables 
that cause the treated to take on the treatment, this would represent a limitation of this type of analysis. 

Finally, Granger tests seek to show how the measurement of one variable in a time-series or panel dataset 
predict another, future variable (Granger, 1969). Here, I use the Granger test to show non-causation of leading 
treatments of pre-treatment outcomes. This provides additional evidence that the identified treatment is actually 
driving the observed relationship, and not some preexisting relationship. To perform this test, Equation 3.1 is rerun, 
but with the insertion of a false-treatment term (𝜷𝜷𝟑𝟑,𝑷𝑷𝑷𝑷𝑷𝑷𝒕𝒕𝒊𝒊+𝒔𝒔): 

𝒚𝒚𝒊𝒊𝒊𝒊𝒊𝒊 = 𝜷𝜷𝒕𝒕 + 𝜷𝜷𝟏𝟏𝑷𝑷𝑷𝑷𝑷𝑷𝒕𝒕𝒊𝒊𝒊𝒊 + 𝜷𝜷𝟐𝟐𝑬𝑬𝑬𝑬𝑬𝑬𝒓𝒓𝒊𝒊𝒊𝒊 + 𝜷𝜷𝟑𝟑(𝑷𝑷𝑷𝑷𝑷𝑷𝒕𝒕𝒊𝒊𝒊𝒊 ∗ 𝑬𝑬𝑬𝑬𝑬𝑬𝒓𝒓𝒊𝒊𝒊𝒊) +⋯+∑ 𝜷𝜷𝟑𝟑,𝑷𝑷𝑷𝑷𝑷𝑷𝒕𝒕𝒊𝒊+𝒔𝒔
𝑺𝑺
𝒔𝒔=𝟏𝟏 + 𝜺𝜺𝒊𝒊𝒊𝒊 [3.2] 

The expectation is that the false-treatment term will not significantly predict the outcome (Wing et al., 2018). 
 

3.4.2 Value-Added Measures of Student Test Scores Before a Teacher Leaves and After a Teacher’s Return 
In this paper, I use value-added scores based on student standardized test scores. There is a large literature 

on how to properly frame these measures, so the following section considers some of those issues and then presents 
the value-added scores as they will be measured in this chapter. 

 
3.4.2.1 Value-Added Measures in Teacher Policy and Teacher Return 

Previous literature on returning teachers has not made the connection between teacher effectiveness using 
value-added scores and the decision of teachers to return to the profession. While some previous research has 
considered the importance of teacher effectiveness using VAM for teacher mobility (Feng and Sass, 2017) and the 
link between teacher turnover and overall student achievement (Ronfeldt et al., 2013), this study will for the first time 
present a measure of teacher quality for this group of returning teachers, illuminating the effect that the time away has 
on teacher skills.  

So, are value-added scores appropriate to use in this context? The use of VAM has been criticized for its 
instability when compared to other quality measures such as observation scores (Darling-Hammond et al., 2011; Sass, 
2008), instability across test types (Papay, 2011), and instability across different years of observation (Loeb and 
Candelaria, 2012). Caution is necessary when using VAM within any teacher accountability, personnel management, 
or training system. The nature of the subject of this study merits additional caution: teachers who take some time off 
from their profession and later return make these decisions for a myriad of reasons (Raue and Gray, 2015). The reason 
why a teacher left is important and provides context for their performance in the subsequent years after a return. 



37  

Because of the lack of availability of relevant data on why teachers have left and subsequently returned and because 
of the complexity of human decision-making, value-added scores cannot capture all of the nuanced information that 
is important for personnel and training decisions. 

However, decisions must be made. Choices concerning teacher hiring and training should be informed by 
relevant information, which includes value-added scores. Previous literature has highlighted the importance of 
coupling value-added scores with principal or outside expert evaluations (Jacob and Lefgren, 2008), using multiple 
years of measures (Loeb and Candelaria, 2012). This paper takes the first steps towards understanding how time away 
from the classroom and the choice to return impacts these measures of teacher quality. While these measured effects 
should not be used to praise or degrade all returning teachers, they serve as a benchmark measure of what principals 
should expect when rehiring the average returning teacher. 

To ascertain a measure of teacher quality upon reentry into the classroom and the difference from the time 
of leaving, the measure is first needed upon exit from the classroom, which is best explored by Feng and Sass (2017). 
Teachers who have low value-added scores are the most likely to leave their current school. The pattern follows a U-
shaped curve, as the probability of leaving falls until reaching the average teacher, but rises again when considering 
the teachers with highest value-added scores. Teachers with scores on the high end of the spectrum do not reach the 
same probability level as at the low end. Knowing this pattern of behavior is important when considering teacher labor 
force policies that could differentially impact high or low value-added teachers. The present research will build on 
these findings to see whether the same pattern of value-added measures holds for those teachers who choose to come 
back into the classroom, or whether the distribution for returners is different from the distribution of those who left. 

The analysis compares outcomes using value-added scores, which were generated using the following general 
form, which is adapted from previous empirical models (Ost, 2014; Jackson and Bruegmann, 2009): 

𝒚𝒚𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 = 𝝀𝝀𝝀𝝀�𝒚𝒚𝒊𝒊,𝒕𝒕−𝟏𝟏� +𝝎𝝎𝒋𝒋(𝒊𝒊,𝒈𝒈),𝒕𝒕 + 𝜸𝜸𝑿𝑿(𝒊𝒊,𝒕𝒕) + 𝜿𝜿𝜿𝜿(𝒊𝒊,𝒕𝒕) + 𝝈𝝈𝑺𝑺𝒊𝒊𝒊𝒊𝒊𝒊 + 𝜽𝜽𝒈𝒈𝒈𝒈 + 𝜺𝜺𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊  [3.3] 
where y represents the test score of student i in grade g in school s in year t, who was in the classroom of teacher j. 
Likewise, 𝒚𝒚𝒊𝒊𝒊𝒊−𝟏𝟏 represents the lagged test score of student i in the previous year t-1. Information contained within the 
previous year’s test scores is allowed to take a functional form that best fits the actual persistence of the student’s 
learning. The parameter of interest, 𝝎𝝎, represents the teachers fixed-effect in year t indexed on a set of students i in 
grade g, allowing for the capture of a teacher-by-year estimator that is referenced against the average teacher for a 
given grade and year that will be used in the difference-in-differences model (Mihaly et al., 2010). The model controls 
for the student characteristics in vector X, which include a student’s FRL status, race, gender, LEP status, immigrant 
status, and special education status. Because the dataset does not identify which students are in a given class, peer 
characteristics are calculated for all students assigned to a given teacher in a given year, withholding the characteristics 
of the reference student. These measures are contained in vector R, which includes the percentage of peer students 
who share the student’s race, the average test score for these peers in the previous year, and class size. School 
characteristics are contained in vector S which include school-level measures of FRL and percent LEP. To control for 
differences across grades and years, 𝜽𝜽 is a grade-by-year fixed effect. 

 
3.5 Analysis and Findings 

 
3.5.1 Post-Absence Teacher Value Added Measures 

I begin by asking how teacher quality is affected, as measured by test-based value-added measures, when 
teachers are away from the classroom for one or more years? This analysis was performed across all tested subjects 
and the combined all-subjects variable, with and without control variables. As would be expected, the observed secular 
trends of VAM for all teachers are positive across different specifications, meaning that the average teacher’s VAM 
scores improve across time. The pre-exit difference in teachers with uninterrupted careers and those who leave and 
later returned that was observed in my previous paper is also confirmed in these models (Crouch, 2023). However, 
across all specifications, no statistically significant impact of the time away from the classroom is found across any 
of the specifications. 

Table 3.2 provides coefficients for the difference-in-differences analysis of returning teachers compared to 
matched teachers who did not leave the profession. Column 1 provides results for a teacher’s “super score” of VAM 
results across all subjects, thus allowing all teachers with available test scores to be included in this analysis, whereas 
Columns 2-5 provide results for individual subjects. As mentioned earlier, the second set of estimates in Table 3.2 
includes a set of covariates that were used in the creation of the matched teachers who are also included here to remove 
any remaining variation due to these predictive factors. While no coefficient of interest (𝜷𝜷𝑫𝑫𝒊𝒊𝒊𝒊) was ever found to be 
statistically significantly different from the null hypothesis, the coefficients were negative for math, social studies, 
and the all-subjects VAM. 
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 (1)  (2) (3) (4) (5) 
 Avg. VAM Math VAM Reading 

VAM 
Science 
VAM 

Soc. Studies 
VAM 

Returner#Post -0.017 
(0.018) 

-0.018 
(0.025) 

0.015 
(0.033) 

0.006 
(0.024) 

-0.009 
(0.029) 

Returner#Post w/ Controls -0.012 
(0.018) 

-0.010 
(0.025) 

0.017 
(0.035) 

0.011 
(0.024) 

-0.002 
(0.029) 

# of Teachers Observed w/o 
Controls 

23,605 14,334 15,642 12,569 10,665 

Note: Coefficients are change in VAM score with standard errors below in parentheses, with grade and year fixed 
effects. *p < 0.10; **p < 0.05; ***p < 0.01. Control variables includes the teacher’s gender, starting year, race, level 
of education, grade taught, and subject taught. 

Table 3.2: Difference-in-Differences Analysis of Teacher-Return Impact on Teacher Value Added Measures   
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3.5.2 Length of Absence and the Impact on Value-Added Measures 
Next, I consider whether teacher value-added scores are differentially impacted based on years away from 

the profession. As previously noted, the literature is well developed concerning VAM returns to experience, but little 
has been written about the effects of time away from the profession, though some has been written about short absences 
from the classroom (Henry and Redding, 2018).  

This analysis separates returning teachers, the treated group, by the number of years that the teacher spent 
away from the classroom. In Table 3.3, each column shows a separate analysis for the main interaction and for each 
number of years away from the classroom, where those with more than 6 years are not included due to low sample 
size. Table 3.3 shows statistically significant differences in a teacher’s VAM upon return for treated teachers for all 
content groupings except math. However, based on the number of years away from the classroom, there is a negative 
return for the length of time away. There does seem to be an enlargement of the size of the negative impact of years 
away for three to five years.  This is potentially related to two frameworks previously considered: first, leaving teachers 
have a license for a set number of years that expires if the teacher is not in the classroom, which is three years in 
Tennessee during the timeframe considered (Crouch, 2023), so a decline after three or more years away would coincide 
with the expiration of a standard teacher’s license and could be an indicator that the teacher was not planning to return 
to the classroom. Second, just as the literature on VAM scores shows that scores rise with increased years of 
experience, so this analysis shows that there is a steady decline over the years away in VAM scores. Finally, for the 
subject-specific analysis, reading and science returning teachers are found to have mostly offsetting returns. 

 
3.5.3 Timing of Leave Within a Career and the Impact on Value-Added Measures 

Another temporal question about a teacher’s return pattern considers when in their career a teacher left. Here, 
I ask whether teacher value-added scores are differentially impacted based on when in their career a teacher left. As 
discussed previously, the earliest years of a teacher’s career are typically the lowest in terms of VAM scores, and these 
years serve as a foundation for growth in later years (Harris and Sass, 2011; Kane et al., 2008; Podolsky and Darling 
Hammond, 2019; Rivkin et al., 2005). Figure 3.2 demonstrates how this pattern of low early career VAM scores 
continues for the current sample of returning teachers, with the bifurcated VAM numbers of a returning teacher spliced 
together for comparison against teachers with uninterrupted careers. While teachers with uninterrupted careers looks 
similar to the pattern found within the literature, teachers that leave and return have a similar upward trajectory but 
with more variation. 

For this analysis, I group categories of when a teacher could leave (after first through third years, fourth 
through sixth, seventh through ninth, or more) for comparison, where the first two categories correspond to cut-points 
for teacher licensing during the period when a teacher would have left the classroom. 

Table 3.4 considers this variation for when in a teacher’s career the absence from the classroom begins. 
Across various iterations of this model using the average VAM score or specific subject tests, I find that while VAM 
scores are statistically significantly higher on average across their career for teachers who left the classroom later in 
their careers and subsequently returned, the years after the return are worse for the later leavers. While this does not 
reflect on the comparative case against those teachers with uninterrupted careers, this is evidence that the time away 
would have a more deleterious effect for teachers who leave later in their respective careers. Teachers in their early 
years of formation are able to rise upon return, potentially because of the lower base upon leaving. 

 
3.5.4 Post-Return Movement of Value-Added Measures 

Finally, it may be of concern how the post-return VAM behavior is shaped. To what extent do teacher value-
added scores rebound after time away from the classroom? Do the scores of returning teachers rise after the initial 
year, stabilize, or decrease? As previously noted, whereas the literature shows an upward trend during the early years 
before stabilizing (Podolsky and Darling Hammond, 2019), it is unknown how performance would behave after an 
absence from the classroom. Also, it could be that the effects of time away from the profession are hidden in the 
analysis that considers all post years together, and an analysis that breaks out these post years could find positive or 
negative effects after the initial return. 

Table 3.5 shows the findings regarding the comparative VAM for the years following a return to the 
classroom for those who left and returned compared to their matched twins but differ in that they did not leave. I find 
that those who returned to the classroom achieve higher VAM scores that are statistically significantly higher in sixth 
year post return and eighth. The sixth-year post-return is associated with a 0.12 standard deviation increase in VAM 
and the eighth year with a 0.23 standard deviation increase in VAM. The finding for positive effects in the extended 
years of the return persists for reading, science, and social studies VAM, but not for math. Waiting until the sixth or 
later year to see effects is not an insignificant amount of time, and the literature is rife with calculations about how 
quickly beginning teachers leave. As seen in Figure 3.2, of the full sample of teachers who return to the classroom 
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after  
 (1)  (2) (3) (4) (5) 
 Avg. VAM Math VAM Reading 

VAM 
Science 
VAM 

Soc. Studies 
VAM 

Returner#Post 0.641*** 
(0.031) 

0.167 
(0.278) 

0.500** 
(0.209) 

0.758*** 
(0.290) 

-0.343** 
(0.168) 

1 Yr. Absence -0.640*** 
(0.034) 

-0.143 
(0.279) 

-0.509** 
(0.210) 

-0.710** 
(0.290) 

0.367** 
(0.170) 

2 Yr. Absence -0.638*** 
(0.043) 

-0.174 
(0.282) 

-0.285 
(0.221) 

-0.819*** 
(0.292) 

0.330* 
(0.176) 

3 Yr. Absence -0.743*** 
(0.050) 

-0.296 
(0.285) 

-0.583*** 
(0.223) 

-0.869*** 
(0.294) 

0.202 
(0.179) 

4 Yr. Absence -0.759*** 
(0.080) 

-0.233 
(0.286) 

-0.680*** 
(0.255) 

-0.763** 
(0.304) 

0.114 
(0.359) 

5 Yr. Absence -0.710*** 
(0.088) 

-0.422 
(0.404) 

-0.563** 
(0.228) 

-0.749** 
(0.327) 

- 

6 Yr. Absence -0.555*** 
(0.180) 

-0.448 
(0.327) 

0.606** 
(0.251) 

-1.196*** 
(0.358) 

- 

# of Teachers Observed 23,605 14,019 15,248 12,278 10,392 
Note: Coefficients are change in VAM score with standard errors below in parentheses, with grade and year fixed 
effects. *p < 0.10; **p < 0.05; ***p < 0.01. 

 
Table 3.3: Difference-in-Difference-in-Differences Analysis of Teacher-Return Impact on Teacher Value Added 
Measures and Years Away from the Classroom  
 
 

 
 
Figure 3.2: VAM Scores by Years of Experience for Teachers that Leave and Return and Teachers with 
Uninterrupted Careers 
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 (1)  (2) (3) (4) (5) 
 Avg. VAM Math VAM Reading 

VAM 
Science 
VAM 

Soc. Studies 
VAM 

Returner#Post -0.025 
(0.031) 

-0.011 
(0.047) 

-0.004 
(0.059) 

0.066 
(0.047) -0.061 (0.062) 

After 4th-6th Years 0.047*** 
(0.016) 

0.052* 
(0.027) 

0.040 
(0.025) 

0.044* 
(0.027) 

0.021 
(0.022) 

After 7th-9th Years 0.031 
(0.019) 

0.094*** 
(0.024) 

0.025 
(0.030) 

0.067*** 
(0.025) 

0.063** 
(0.027) 

After 10th Year and Later 0.081*** 
(0.022) 

0.101*** 
(0.023) 

0.117*** 
(0.033) 

0.034 
(0.023) 

0.062*** 
(0.021) 

Post#After 4th-6th Years -0.068*** 
(0.022) 

-0.063* 
(0.038) 

-0.029 
(0.032) 

-0.091** 
(0.038) 

-0.044 
(0.037) 

Post#After 7th-9th Years -0.073*** 
(0.024) 

-0.188*** 
(0.036) 

0.005 
(0.035) 

-0.127*** 
(0.037) 

-0.082** 
(0.040) 

Post#After 10th Year and 
Later 

-0.109*** 
(0.026) 

-0.152*** 
(0.034) 

-0.080** 
(0.036) 

-0.071** 
(0.034) 

-0.132*** 
(0.035) 

# of Teachers Observed 23,475 14,328 15,528 12,564 10,650 
Note: Coefficients are change in VAM score with standard errors below in parentheses, with grade and year fixed 
effects. Within returning, those who left in their 1st through 3rd year serve as the control group. *p < 0.10; **p < 
0.05; ***p < 0.01. 

 
Table 3.4: Difference-in-Difference Analysis of Teacher-Return and Stage-of-Career at Time of Departure Impact 
on Teacher Value Added Measures  
 
 

 (1)  (2) (3) (4) (5) 
 Avg. VAM Math VAM Reading 

VAM 
Science 
VAM 

Soc. Studies 
VAM 

Returner#Post Year 1 -0.031 
(0.022) 

-0.030 
(0.037) 

0.011 
(0.037) 

-0.009 
(0.036) 

-0.075* 
(0.042) 

Returner#Post Year 2 -0.007 
(0.027) 

-0.033 
(0.041) 

0.013 
(0.040) 

0.027 
(0.041) 

0.063 
(0.043) 

Returner#Post Year 3 -0.031 
(0.031) 

0.033 
(0.045) 

-0.019 
(0.046) 

-0.031 
(0.044) 

-0.009 
(0.058) 

Returner#Post Year 4 -0.028 
(0.033) 

-0.065 
(0.054) 

0.003 
(0.048) 

-0.006 
(0.051) 

0.001 
(0.071) 

Returner#Post Year 5 0.002 
(0.046) 

-0.011 
(0.092) 

0.013 
(0.063) 

-0.002 
(0.080) 

0.207*** 
(0.047) 

Returner#Post Year 6 0.121** 
(0.057) 

0.132 
(0.099) 

0.073 
(0.059) 

0.221** 
(0.092) 

- 

Returner#Post Year 7 0.081 
(0.117) 

-0.072 
(0.225) 

0.488** 
(0.199) 

0.218** 
(0.111) 

- 

Returner#Post Year 8 0.225** 
(0.091) 

0.153 
(0.260) 

0.314*** 
(0.110) 

0.263* 
(0.147) 

- 

# of Teachers Observed 23,605 14,334 15,642 12,569 10,665 
Note: Coefficients are change in VAM score with standard errors below in parentheses, with grade and year fixed 
effects. *p < 0.10; **p < 0.05; ***p < 0.01. 

 
Table 3.5: Difference-in-Difference Analysis of Teacher-Return Impact on Teacher Value Added Measures and 
VAM Change After Return 
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Figure 3.3: Kaplan-Meier Survival Function for Returning Teachers and Subsequent Departure 

 

 
Figure 3.4: VAM Scores Across Time, Compared Against the Time of the Matched Returning Teacher 
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an absence (and not excluding those without test scores), only 18% of teachers remain in the classroom six years after 
returning from an absence (Crouch, 2023).6 

 
3.5.4.1 Analysis Validity Checks 

To establish that the base assumptions of the difference-in-differences model hold, I start with the parallel 
trends test, which would seek to detect if there are any statistical correlates that would suggest that treatment effects 
could be assigned to behavior of either the treatment or control groups prior to the time of treatment. Figure 3.4 gives 
a graphic illustration of VAM scores for the analytic sample of treatment and control teachers prior to and after the 
treated period. Both visually and through regression analysis,7 I fail to find a difference in VAM scores prior to 
treatment, thus making a stronger case for the validity of the construction of the treatment and control samples in terms 
of their comparability.  

I also ran the Granger test to show non-causation of leading treatments of pre-treatment outcomes by falsely 
assigning treatment to earlier years of pre-treatment time. This analysis failed to identify any false flags of significance 
for years prior to the actual treatment.8 

 
3.6 Discussion and Conclusion 

This analysis makes the first attempt within the research to understand the effects of leaving and subsequently 
returning to the classroom on the test-based performance of teachers upon their return. While previous research has 
considered the descriptive characteristics of these returning teachers (Crouch, 2023; DeAngelis, 2013; DeAngelis and 
Presley, 2007; Grissom and Reininger, 2012; Murnane et al., 1991; Plecki et al., 2006; Raue and Gray, 2015; 
Stinebrickner, 2002), this research is the first to provide evidence regarding what happens to these teachers during 
their time away. This research seeks to build on this previous research by using a  

difference-in-differences analysis and matching techniques to identify the plausible counterfactual. My 
research fails to show significant differences between returning teachers and teachers with uninterrupted careers that 
are matched based on observable characteristics when comparing the full samples in the post-return years. However, 
there are signs of improvement for returning teachers, as returning teachers outperform their counterparts six years 
after their return and in subsequent years in a comparison of VAM scores. 

Considering the within treatment variation, I find no difference based on the number of years away from the 
profession, though some negative findings are found for math teachers who spend more than three years away from 
the classroom. Also, there is variation within returners based on how early in their respective careers they left the 
classroom. While returning teachers have relatively low VAM scores in their early years like most teachers do, those 
who leave early compare more favorably upon their return comparing their post-return VAM scores to those of 
teachers who left the classroom later in their careers. 

One of the motivations for this study was the potential comparison of teachers for hiring into a classroom 
position, where one or more candidates was returning from time away from the classroom. Because quality teachers 
are the most important variable for improving a student’s later life outcome, there is an inherent economic value to 
improvements in the task of teacher sorting (Hanushek, 2011). This analysis does not demonstrate a clear difference 
between returning teachers and their counterfactual teacher with an uninterrupted career beyond small positive impacts 
six or more years after the time period of return. Despite these small differences, one difference is mechanical, 
specifically how much a teacher is paid. While some states have moved away from a uniformly defined minimum 
salary schedule, the predominant mode for deciding how teachers are paid is still based upon years of experience and 
educational background, whether decided at the district or state level (Hanushek, 2007). Because returning teachers 
take time off from their profession, yet do not receive a significant quality penalty because of their time away, there 
is potential value to hiring personnel when considering the relatively inexpensive labor inputs of a returning teacher 
compared to their counterfactual. A similar comparison could also be made to: a) a teacher with an uninterrupted 
career that has the same number of years of experience as the returning teacher; or b) a novice teacher who is entering 
the classroom for the first time. Either comparison is more favorable for the returning teacher based on the prior 
analysis.  

This research provides the first look at considering how time away from the classroom effects a measure of 
teacher quality, specifically VAM scores. Whereas previous research has considered short-term stints away from the 

 
6 Any observations that fail in the final year of the data because of right censoring are removed from this analysis, so 
that survival is a true measure of staying in the classroom. If the data would have been kept, the survival rates would 
be biased upwards. A full discussion of the Kaplan-Meier method can be found in Crouch (2023). 
7 Analysis found in Appendix C. 
8 Analysis found in Appendix D. 
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classroom (Dinerstein et al., 2019; Henry and Redding, 2018; Redding and Henry, 2019), a clear understanding of 
longer-term absences needs to be better understood. While this research sheds some light on the issue, there is still 
more work to be done. The third paper of this dissertation will consider an alternative source of quality measurement, 
the principal evaluation score, and there are other issues that arise when considering how the relationship of a teacher 
to their reviewer could impact return behavior. Those issues will be explored more fully there. In addition, there are 
unknown variables that could be mediators for this research that were not available for consideration. For example, is 
how the time spent away from the classroom impactful for VAM outcomes? Potential research could be done if the 
necessary data is available to tie candidates to their other employment or to health records that could shed light on 
family care issues, as has been noted in previous reviews of returning teachers (Grissom and Reininger, 2012; 
Zamarro, 2020). A better understanding of how human capital changes, whether through appreciation or depreciation, 
is an ongoing concern of the literature surrounding K-12 teachers. This research suggests that impacts are fairly muted 
in short-term measurements, though positive impacts are possible for returning teachers that persist during their second 
stint in the classroom. 
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CHAPTER 4 
 
 

Returning Teachers and Student Test Scores: A Comparative Analysis 
 
 

An underexplored avenue of addressing the teacher shortage crisis considers teachers that return to schools after some 
time away, and the connection that they have to their schools, districts, and principals. This research explores the 
relationships of returning teachers to their principals through a descriptive analysis of whether teachers return to the 
same school or district that they left from. This study also extends the analysis of how time away from the profession 
impacts teacher quality, specifically as measured by principal observation scores, difference-in-differences and 
matching methodology. While I find no statistically significant difference between returning teachers and matched 
teachers, the sample of returning teachers receive higher principal observation scores compared with teachers with 
equivalent experience at the time of return. Returning teachers could represent an untapped source of teacher talent 
that is underappreciated given their relative cost due to salary schedules. 
 
4.1 Introduction 

The composition of the teacher labor force has been well documented as the most important in-school factor 
for the success and economic mobility of students (Chetty et al., 2014; Hanushek, 2011), and therefore the vast 
majority of states seek to shape their teachers through rigorous teacher evaluation systems to ascertain which are high-
quality teachers (Steinberg and Donaldson, 2016). With the rise of teacher evaluation systems, a multiple-measure 
approach has gained traction that seeks to integrate reports on improvement of student test scores with classroom 
observations of teachers by principals and professional observers (Kane and Staiger, 2012; Steinberg and Donaldson, 
2016). There is some evidence that classroom observations are a reliable indicator of teacher quality (Garrett and 
Steinberg, 2016; Kane and Staiger, 2012), and sharing the observation data with teachers who have relatively low 
evaluation scores can lead to higher overall turnover and higher attrition; however the opposite is true among teachers 
with relatively higher scores, as there is higher retention among this group (Cullen et al., 2021; Rodriquez et al., 2021; 
Sartain and Steinberg, 2016; Steinberg and Sartain, 2015). Principal evaluations not only tell us about teacher quality, 
but also shape relationships between the principal, teacher, and their shared school. 

Even as classroom observations can positively sort teachers, interest in teachers’ career trajectory should not 
end there. Because many of the classroom observations systems institutionalize the instructional leadership of the 
principal through repeated observations of teachers, the classroom observation is an expansion of the principal-teacher 
relationship. In view of this relationship, this research considers a unique career pattern: following a teacher who is in 
the classroom, leaves the profession, and then returns to the classroom (Crouch, 2023a; Crouch, 2023b; DeAngelis, 
2013; Grissom and Reininger, 2012), with specific attention towards how a principal observation score is impacted 
by time away from the profession. In addition, this change in observation scores will be considered in light of whether 
the teacher returns to the same school or under the leadership of the same principal, thus adding a relational component 
to the analysis of teacher quality. 

There is expanding research that considers the relational demography of various actors in the work of 
education, including that of gender and race/ethnicity between principals and teachers (DelCorazon, 2022; Grissom 
et al., 2012), but little is known about the direct relationship between an individual teacher and their movement in 
relation to a previous principal. In the context of a returning teacher, this relationship has the potential to impact both 
their choice of which school to return to and their potential as a classroom teacher. The present research will also build 
upon a small portion of the returning teacher literature that has considered whether teachers return to their previous 
school, previous district, or returned to a new district entirely (Beaudin, 1995; DeAngelis, 2013). Also, this research 
will build upon previous papers within this dissertation that seek to understand the return of teachers to the classroom, 
but by focusing on principals’ classroom observations rather than test score-based VAM (Crouch, 2023a; Crouch, 
2023b).  

Building on this prior literature using administrative data and classroom observations from Tennessee, this 
analysis will first describe the return patterns of teachers with respect to prior principal relationships. This new 
evidence can be a baseline for understanding whether these prior relationships are attractive for enticing teachers to 
return to their previous school and classroom. Second, while some research has been done on the stability of classroom 
observation scores (Doan et al., 2019; Hill et al., 2012), it is of a separate interest to consider the growth of a teacher 
in their performance, specifically on a classroom observation evaluation, after time away from the classroom and 
whether familiarity with the teacher makes any difference. This difference between groups and across time is 
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considered in the difference-in-differences analysis of teachers that return to the classroom compared to those that 
never left in terms of their principal observation scores. Third, policymakers should be interested in the movement of 
a teacher’s quality rating from an observation rubric, and this case study of returning teachers provides a unique 
example of how career interruptions can impact measures of teacher quality. Explicitly, this study addresses the 
following questions: 

1. Are teachers less likely to return to the classroom or to the same school if their previous principal is no 
longer present? 

2. How are a teacher’s principal observation scores affected when the teacher is away from the classroom for 
one or more years?  

This paper proceeds as follows: in the next section, I will consider the background of teacher evaluation 
systems in the United States and particularly in Tennessee. Then a review of the literature on teacher return patterns, 
classroom observations as a measure of quality, and principal/teacher relationships will be considered. A description 
of the data and analytical strategy will follow, with the descriptive findings and results of the difference-in-differences 
analysis thereafter. The paper will conclude with a discussion of the potential implications of the findings. 

 
4.2 Literature Review 

Previous research within this dissertation has updated the literature on the sorting patterns of returning 
teachers and how they perform on VAM upon their returns (Crouch, 2023a; Crouch, 2023b). Building on the 
foundation of these previous papers, the following literature review considers the previous work that informs and 
motivates these questions pertaining to the development of the use of principal observations for evaluation, 
observation scores in respect to teacher movement and teacher quality, and teacher movement in relation to school 
leadership. 

 
4.2.1 Principal Observations for Evaluation 

An increasingly common part of teacher evaluation policy is a principal observation evaluation of a teacher’s 
performance and practice. There is a long history of teacher observations used for formative purposes, with diverse 
community standards playing a central role in forming the expectations of the teaching profession (Jewell, 2017). In 
1985, as the United States responded to the A Nation at Risk report, a RAND study of teacher evaluation practices 
found that: 1) “principals lacked sufficient resolve and competence to evaluate accurately,” 2) teachers resisted 
feedback, 3) there was a “lack of uniform evaluation practices,” and 4) evaluators did not have training to properly 
analyze and give feedback to teachers (Marzano et al., 2011; Wise et al., 1985). Consequently, previous iterations of 
statewide principal evaluation typically assigned teachers similar ratings despite large variation in teacher quality. 
Research has even documented that while the vast majority of teachers receive “proficient” or “exemplary” ratings, 
their principals on anonymous surveys will indicate that the number of teachers that receive the lowest categorization 
(“unsatisfactory” or “needs improvement”) should be 3 to 4 times higher than the teacher’s rating actually is (Kraft 
and Gilmour, 2017). More recently, however, improvements in these evaluations have been implemented as a part of 
NCLB waivers (Weisberg et al., 2009; Steinberg and Donaldson, 2016). 

 
4.2.2 Principal Observation Scores and Teacher Quality 

What purpose do principal observations and ratings play within the teacher evaluation system? In addition to 
seeking to quantify and measure teacher quality that can be used for accountability purposes, school leadership can 
systematically assess how a teacher’s performance can be improved in a qualitative way. One study looked at 
observation measures across states and found that these rating systems often included procedures for the observing 
principal to use a detailed rubric so that teachers could clearly understand expectations, to provide evidence for the 
rating given so that teachers could connect scores to particular practices, and to provide structured feedback so that 
more certainty would be sought with each teacher reviewed (Goldring et al., 2015). Other qualitative research found 
that the new era of principal evaluations of teachers introduced “a common language” for conversations between 
principals and teachers, but that reformed observation systems have not clarified the purpose of the evaluation nor do 
the systems make principals experts in subject matters outside of their training (Kraft and Gilmour, 2016). 

The components of an effective evaluation system are also related to how a principal can potentially improve 
his or her teachers and subsequently experience student academic growth. Time spent evaluating and coaching 
teachers has been found to be associated with improvements in academic outcome (Grissom et al., 2013), though other 
studies have found more support for effective principals identifying with stronger organizational management skills 
complimenting by instructional leadership (Grissom and Loeb, 2011). The time used for principal observations has 
expanded the role of the principal, which can lead to “infrequent and brief” conversations about a teacher’s 
performance (Kraft and Gilmour, 2016). 
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How would a principal observation of a teacher impact academic performance? Some studies have shown 
that the introduction of such a system within an overall teacher evaluation reform package (Dee and Wyckoff, 2015; 
Hanushek et al., 2023) or as a focused endeavor (Taylor and Tyler, 2012) has had a positive effect on overall academic 
performance, while other studies failed to find a meaningful impact (Bleiberg et al., 2021). The next section addresses 
these mechanics, considering how the principal evaluation score as a measure of quality could help to selectively push 
out or retain teachers of various quality. 

Can principal observations effectively identify teacher quality? Early studies showed that principals were 
able to identify effective teachers, especially those in the upper and lower ends of the distribution of quality based on 
student test scores (Jacob and Lefgren, 2008). The comprehensive MET study (Kane and Staiger, 2012) issued a report 
on principal observation programs, with several key findings including that measurement of quality was robust to 
several different rubrics tested and the importance of observing teachers over several periods. The researchers also 
found that combining observation scores with VAM and student surveys increased the predictive nature of identifying 
effective teachers in the future and the reliability of the measure (Ibid). The combined measure including observation 
scores was found to be a better predictor of future outcomes, including outcomes that were not included in the regular 
standardized testing, when compared to experience or advanced education (Ibid). Because observation scores have the 
potential to predict contemporaneous teacher effectiveness and the persistent effectiveness of teachers, they are a 
policy-relevant measure in discussions of teacher quality. 

 
4.2.2.1 Principal Observation Scores, Teacher Quality, and Teacher Movement 

Modern principal evaluations may serve as both summative and formative assessments of teacher quality, 
but the effect on a teacher may develop into movement out of the classroom, school, or profession entirely. While 
these evaluations serve a summative function in that they can be used for teacher merit pay programs or tenure 
decisions, principals may also seek to better form the teacher’s practice by providing feedback to directly address 
needs of the teacher and to improve their quality. As a summative tool, principals can use their evaluations as a nudge 
towards teacher turnover for lower performing teachers or towards retention for higher performers (Grissom and 
Bartanen, 2019). How teachers receive feedback from principals and other school leaders can encourage attrition but 
can also serve as a guide towards improvement in their practice as teachers (Kraft, Papay, and Chi, 2020; Kraft et al., 
2018). 

Other studies have considered how the introduction of a new teacher evaluation system using observation 
scores effects the movement of teachers in and out of the profession. A meta-analysis of teacher turnover found that 
across five studies, the introduction of a teacher evaluation system lowered teacher attrition at a statistically significant 
rate (Nguyen et al., 2020). A counter-narrative is that more robust teacher evaluation systems with expanded penalties 
or increased uncertainty could potentially adversely impact the labor supply. Rothstein (2015) advanced such a 
theoretical model, and subsequent evidence from variation in implementation timing for evaluation packages gave 
evidence for a decrease in the number of new licensed teachers and increased the number of unfilled positions in hard-
to-staff schools (Kraft, Brunner, Dougherty, and Schwegman, 2020). For the collective literature that considers the 
sorting of current teachers, the common finding is that teachers that are observed to be less effective have higher levels 
of attrition, and teachers that are observed to be more effective have lower levels of attrition (Cullen et al., 2021; Dee 
and Wyckoff, 2015; Rodriquez et al., 2021; Sartain and Steinberg, 2016; Steinberg and Sartain, 2015). And in contrast 
to the Kraft et al. (2020) consideration of effects on the teacher pipeline of teacher evaluation implementation, analysis 
of the Washington, D.C. IMPACT program shows evidence of continuing to improve teacher quality several years 
after implementation (Dee et al., 2021; James and Wyckoff, 2020). Prior evidence highlights that while current teacher 
sorting could be somewhat beneficial, the systemic effects on the incoming pipeline of teachers could counteract some 
of the benefits, though this evidence is mixed. 

However, a teacher’s response to a principal observation may have a first-order effect of movement out of 
the classroom, but the complete effect may only occur with a return to the classroom, when the teacher chooses which 
school to return to and whether to return under the leadership of a previous principal and past reviewer. Returning 
teachers are simultaneously responding to knowledge about their previous observations and to the presence of a 
teacher evaluation system that could seem restrictive. 

 
4.2.3 Relational Teacher Movement and School Leadership 

Based on proximity and authority, principals are the most readily positioned to act on information about the 
quality of a teacher. For this reason, the relationship between the principal and the teacher is pivotal. How a principal 
manages and relates to teachers can have an impact on the academic performance of a teacher, movement of teachers 
out of or between schools, and measures of quality such as the principal observation score. 

The principal as a driver of the educational experience has long been a focus of the literature on improving 
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school quality. One line of study has considered measures of the teacher’s perception of their school leader tied to the 
school’s performance (Griffith, 2004; Grissom and Loeb, 2011; Kraft and Papay, 2014). Measures of strongly 
supportive environments were correlated with stronger school performance (Kraft and Papay, 2014). While some 
research has considered the impact of principals on overall school quality (Bartanen et al., 2019; Clark et al., 2009), 
more recent research has been able to tie principals to their impact on individual teachers, and thus their collective 
impact within a school. Grissom et al. (2015) considers the various ways that a principal’s impact could be measured, 
whether within a static year, as a comparison within a school after a principal switch, or across time during the tenure 
of one principal. How the principal impacts academic achievement has various facets. Instructional leadership, 
especially when paired with a robust evaluation framework, can allow for conversations that build the capacity of 
teachers to improve their practice (Kraft and Gilmour, 2016). Also, race congruence has been considered as one 
potential pathway, but the evidence finds that racial congruence matters only between the principal and students and 
not between the principal and teachers (Bartanen and Grissom, 2023). In consideration of principals shaping their 
teachers through formative observations and related summative incentive structures, research has shown that same-
race principals will give teachers higher average observation scores (Grissom and Bartanen, 2022). The relationship 
of the principal to the teacher is the clearest pathway to school improvement, even though their biases may cloud 
rational judgement. 

A second line of study has considered the impact of the principal on teacher turnover decisions. Within this 
literature, early focus was on perceptions of the principal and school leadership (Boyd et al., 2011; Grissom, 2011; 
Ladd, 2011). These studies found perceptions of school leader quality to be the strongest predictor of turnover 
decisions (Boyd et al., 2011). More recent research has found a direct tie between the quality of the principal, measured 
both by an outside observer and by teacher’s perceptions of principal quality, and the “strategic retention” of teachers 
(Grissom and Bartanen, 2019), where effective principals experienced lower teacher turnover overall, were more able 
to retain high-quality teachers, and were able to have lower-quality teachers not return to their schools. How does the 
principal go about accomplishing this task? Several pathways have been suggested, including how leaders include 
teachers in the decision-making process (Jackson, 2012), improving school climate (Dahlkamp et al., 2017), tailoring 
the expectations of the job to the desires of the person (Player et al., 2017), or some sort of demographic relational 
match. Demographic matches have previously shown to favor higher retention rates for those who are managed by a 
same-race principal (Grissom and Keiser, 2011). Research on gender shows that female teachers are more often 
satisfied with their jobs and less likely to turnover, and male teachers have more pronounced departure rates, especially 
with female principals (Grissom et al., 2012). Still other research has suggested that principals seek to mold their 
workforce by enforcing a standard of behavior that has little to do with academic performance and more to do with 
their beliefs about the way a teacher should act (Harris et al., 2014), which is reinforced by their interpretation of a 
principal observation rubric. 

The principal carries vast influence over the composition of the school building’s teacher workforce and over 
how the school is judged for accountability (Engel et al., 2018). Research into the hiring of teachers has shown that 
principals often seek “pliable” teachers that have less experience with evidence of good teaching skills, but strong 
content knowledge that is harder to teach on the job (Harris et al., 2010), all of which is more easily known of a teacher 
you have prior experience with. Concerning the evaluation of teachers, a school leader’s decisions to trust various 
pieces of the teacher evaluation framework may be biased towards the framework because of the leader’s own 
involvement in choosing the observation rubric and performing the observation (Goldring et al., 2015). Teachers who 
return to a principal they have worked with before may be at an advantage in terms of having a colleague or set of 
colleagues who knows the teacher’s strengths, weaknesses, and work history. This research specifically considers 
whether a teacher has the same principal as a covariate in the difference-in-differences analysis and will specifically 
consider how teacher-principal relationships might affect return behavior. 

 
4.3 Principal Observation Scores in Tennessee 

 
4.3.1 Background 

As I use administrative data from the state of Tennessee for this research, I will now provide an overview of 
how principal observation scores work in the state of Tennessee. In 2010, Tennessee and Delaware were selected from 
amongst 16 finalists as the winners of the first round of the Race to the Top program during the Obama administration, 
awarding Tennessee’s ambitious reform package with a $500 million grant (Tennessee, 2010). Part of the reform 
package was the implementation of the Tennessee Educator Acceleration Model (TEAM) system that would be used 
across the state to evaluate teacher performance beginning in the 2011-2012 school year. According to statute, multiple 
measures were to be used for evaluation, including student test scores and principal/third-party observation scores. 
Observations were typically done by the local principal, with observations counting for 50% of the overall evaluation 
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score (Baker et al., 2013; Grissom and Bartanen, 2019). The observations used a standard evaluation rubric called the 
TEAM rubric, which will be further outlined in the data section and in Appendix A. Combined with student value 
added data (TVAAS) and student proficiency, each teacher is assigned a “Level of Effectiveness” rating that is 
translates their numeric score into a 1 to 5 rating.  

In 2011, Tennessee enacted a law that allowed for teacher dismissal to be tied to the effectiveness as measured 
by a TEAM rating. Specifically, any teacher who previously had received tenure could be returned to probationary 
status, unless tenure was achieved prior to July 1, 2011 (Baker et al., 2013). With the loss of tenure, the process of 
teacher dismissal is less encumbered, though research by Kraft and Gilmour has shown that Tennessee rated more 
teachers at the highest levels than any other surveyed state (2017). Tennessee, among other states, required dismissal 
after two consecutive years of inadequate performance (Baker et al., 2013). In contrast to the “sticks” of teacher 
removal, Tennessee used the “carrot” of retention bonuses for teachers that were found to be highly effective under 
the TEAM rating system, with bonuses reserved for teachers that were teaching in under-resourced schools (Springer 
et al., 2016).  

While districts had some say in what evaluation rubric they used, 82% of teachers were in districts that used 
the TEAM rubric, which was based on the TAP teaching standards (TN SCORE, 2012). A principal then has an 
opportunity to reflect with the teacher how their actions in the classroom compare to the standards, as principals were 
to incorporate formative conferences into their assessments of teachers, thus encouraging growth of the teachers in 
their profession (Rodriquez et al., 2020). Principals were armed with action items from the standards and assessment 
that were used for feedback to improve the practice of the teachers, which may include specific tasks or materials for 
the teacher to use (Ibid). In addition to principal feedback and intervention, the state of Tennessee also experimented 
with pairing high- and low-performance teachers, based on the rubric, for mentoring purposes, which was found to 
statistically significantly improve student test scores in the classrooms of paired low-performing teachers in 
subsequent years compared to students in the classroom of low-performance teachers that were not mentored in the 
program (Papay et al., 2020). 

 
4.3.2 Conceptual Framework 

From this background on principal observation ratings in Tennessee, the relation of teacher movement to 
principals and these scores, and from previous research (Crouch, 2023a; Crouch; 2023b), I form a conceptual 
framework that seeks to understand how the school leader interacts with different career paths of teachers out of and 
into the classroom. As seen in Figure 4.1, I conceptualize teacher attrition and subsequent reentry into the classroom 
through the decision made over time. All teachers in the classroom begin in the first frame, the steady state before any 
teacher movement. For each of these teachers, a set of character traits is known while they are in the classroom. The 
specific traits listed in Figure 4.1 are derived from the literature on teacher attrition, which has examined over one 
hundred different covariates and their relationship to the likelihood of teacher attrition (Nguyen et al., 2020). These 
specific covariates were selected based upon their strong relationship to attrition in previous research, their fit within 
the conceptual framework, and their availability within the data. Similar covariates to those included in this conceptual 
framework have also been examined in other studies that considered returning teachers (DeAngelis, 2013; DeAngelis 
and Presley, 2007; Grissom and Reininger, 2012; Murnane et al., 1991; Raue and Gray, 2015; Stinebrickner, 2002).  

Some of the traits in Figure 4.1 are not subject to change (Stable Characteristics), while others incrementally 
increase at a standard rate (Trend Characteristics). Trend Characteristics are italicized to show that change is expected 
from one frame to another. While age increases at the same rate for all, career decisions of different teachers, like 
whether or not to stay in the classroom, will move their teaching experience differentially.  

A third group of observable variables that may impact teacher attrition and reentry are those that are highly 
contextualized and unique to a matched teacher-environment relationship (Variable Characteristics). In Figure 4.1, 
these bolded Variable Characteristics are non-static variables and could potentially vary even if a teacher remained in 
the same school setting, such as teachers changing the grade-level taught (Ost, 2014) or principal turnover (Bartanen 
et al., 2019). These bolded terms include salary, VAM scores, Principal observation scores, classroom characteristics 
for the specific teacher, the school grade taught by the teacher, school-level characteristics, and who the principal is 
at a teacher’s school in frame 1. This study focuses on principal observation scores and principal/teacher matching as 
the variables of interest for their impact on teacher movement. 

After the initial stint in the classroom, teachers have a wide array of career outcomes, some of which are 
chosen voluntarily and others that are not. First, the majority of teachers, from one year (t) to the next (t+1), stay in 
the classroom. Second, a smaller cohort of teachers move from the classroom to some administrative position outside 
of the classroom. These career options can range from specialist to counselor to principal to superintendent and many 
others. While these individuals are still a part of the school community, they would not retain their position and its 
sole focus on a given classroom of students. Even though these professionals have left the classroom, it is possible for  
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Note: The figure above represents potential sequential career paths of teachers, with a specific focus on a path that 
returns the teacher to the classroom. 
 

Figure 4.1: Conceptual Model of Teacher Attrition and Reentry  
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them to reenter the classroom at a later date. Third, a sizeable number of teachers leave the classroom and school in a 
given year. Figure 4.1 provides a list of some of the reasons why a teacher might leave the classroom, such as sickness, 
child rearing, retirement, or involuntary dismissal (partially adapted from Billingsley, 1993).  

It is possible that a teacher leaves for a combination of reasons, or leaves for one reason and a subsequent 
life event that is unrelated to the initial reason for leaving keeps them away from employment as a teacher. Altogether, 
the causes of attrition from the profession are myriad (e.g., involuntary termination, changed job for convenience or 
pay, raise children or take care of family member, expand education; Raue and Gray, 2015), but the resulting teacher 
vacancy is the same. Of these teachers that leave the profession, some will eventually make the decision to seek to 
reenter the classroom after the time away (z>1). While some research has considered time away from the classroom 
that is a small portion of the academic year (Henry and Redding, 2018), my research is consistent with prior research 
on returning teachers that leave the classroom for some number of years (z). As indicated in Figure 4.1, there are many 
different variables that could affect a teacher’s decision to return, including measures of his or her teacher quality 
prior to leaving, their licensure status, their own age, or their own gender, among many other variables. Previous 
research has shown that this group of teachers ranges from 25 (state-level sample) to 40 percent (national 
representative sample) of those who previously left the profession (DeAngelis, 2013; Grissom and Reininger, 2012), 
and that these groups are substantively different from these other groups (Crouch, 2023a). 

This analysis considers the relational nature of a principal/teacher connection for returning to the classroom, 
how their observation scores are impacted by time away, and whether returning to a previous principal relationship 
impacts these observation scores. Previous research has not documented any of these relationships, save same 
school/district return rates (DeAngelis, 2013). However, since prior research tells us that principals see observation 
scores as particularly valid (84% of principals surveyed trusted observation scores compared to 56% trusting VAM) 
(Goldring et al., 2015), and that there is a strong relationship between observation measures and teacher attrition 
decisions (Grissom and Bartanen, 2019), principal observation scores that approximate teacher quality are relevant 
concerns as to how they relate to the likelihood of teachers returning to the classroom. Given the importance of 
observation scores as a signal of underlying teacher skills and abilities, I hypothesize that teachers with principal 
observation scores from the higher end of the distribution of those who leave will be more likely to return in subsequent 
time periods. 

 
4.4 Data 

This dissertation uses administrative data from the state of Tennessee, provided by the Tennessee Department 
of Education (TDOE) through the Tennessee Education Research Alliance (TERA), allowing for a detailed look into 
the exit and reentry patterns of teachers who return to the classroom and a comparison of a principal’s observations 
of these teachers.  A summary of the relevant data is provided below. 

 
4.4.1 Tennessee 

Administrative data were collected for teachers, other school professionals, students, and the schools from 
the 2001-2002 to 2017-2018 academic years, with records for 166,805 unique school employees, 139,463 of which 
served as teachers in public school classrooms, and 5,308 uniquely observed principals. Pertinent information is 
available for which years a teacher was in the classroom, the teacher’s age, years of experience, gender, highest degree 
completed, school taught in, and the race of the teacher, and information is likewise available concerning principals.9 
Beyond teachers in the classroom and the principal of a school, different school employees are also available, so if a 
teacher or principal switched titles within the Tennessee system and moved to another role, his or her career path can 
be properly accounted for. If Tennessee education personnel took an out-of-state job or a private school job, the 
individual would be unobserved in the data, but the years of experience would be recognized. 

The observed evaluation of teachers by school leaders in Tennessee serves as a data point to understand the 
development of teacher quality within the state. In Tennessee, teachers are given a one to five rating by a principal, 
assistant principal, or other trained observer based on the TEAM observation rubric,10 which counts for more than 
50% of a teacher’s evaluation rating of their level of effectiveness (LOE) for a given year (Doan, 2019). The 
observation scores that are used in the evaluation system are the average rating that a teacher receives across however 
many observations the teacher received during the academic year, rendering a summative rating that lies between one 
and five, inclusively (Hunter, 2018). The one to five rating is a composite of sub-ratings from four separate domains: 
Instruction, Environment, Planning, and Professionalism. Each domain is comprised of multiple measures that are 

 
9 The indicator to identify principals is not available until the 2003-2004 school year. 
10 Districts have the option to use other observation rubrics, but TEAM is the dominant system used as over 85% of 
LEAs use this framework and 85% of teachers work in districts that use this framework (Hunter, 2018). 
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graded within each observation visit to a teacher’s classroom, except for the measurements of Professionalism which 
are graded once at the end of the academic year (Ibid). The four domains contain twelve, four, three, and four11 
indicators, respectively, all of which can be found in Appendix A (Ibid). Previous work considering the Tennessee 
TEAM teacher observation framework has found that these observations serve as valid indicators of teacher quality, 
as increased observation scores predict better outcomes in terms of test scores, non-cognitive outcomes, and college 
and early-career outcomes (Doan, 2019). The main analysis will consider the composite measure across all four sub-
groups, with additional analyses to consider whether a specific category is affected. If a teacher’s time away from the 
classroom is associated with changes in observation scores, these associated policy relevant outcomes would likely 
also be impacted. 

 
4.4.1.1 Teacher Sample Selection 

There are 166,805 unique school employees within the dataset, of which 139,463 are classified for this 
analysis as classroom teachers. Although a broad range of school employees receive observation scores, this analysis 
will focus on classroom teachers. Of the 139,463 teachers in the sample, 12,782 teachers are included who take some 
length of time away from the classroom and return within the timeframe of the dataset; these teachers who have 
returned to the classroom represent the group that is to be described by this research. This leaves 126,681 teachers 
who did not experience a gap in time served. This second group is the comparison group, providing a sample to which 
the returning teachers can be compared. Whether a teacher chose or did not choose to leave, did or did not have 
previous plans to leave, or had a sudden emergency cause a needed leave of absence is important when seeking to 
understand why teachers leave and what types of professional development could be appropriate upon their return, 
but this information is not necessary to understand the average differences across these two groups. 

Within these two groups only a sub-sample have the necessary outcome variables to be a part of the principal 
observation difference-in-differences analysis: a principal observation score in an observed year prior to leaving the 
classroom and after returning to the classroom. From the full sample of teachers in the dataset, 78,305 classroom 
teachers received observation scores during the timeframe of when the data was collected. Of the returning teachers, 
8,366 remain in the sample (65% of all returning teachers; 11% of the remaining sample), and of the comparison 
teachers, 69,939 remain in the sample (55% of all comparison teachers; 89% of the remaining sample). Principal 
observation scores, which were created by the TDOE, are collected for teachers in kindergarten classrooms through 
high school, including some teachers of non-tested subjects and specializations such as special education or music 
teachers. While all classroom teachers have the potential to be in the analytical sample, if a teacher was missing other 
data that could not be inferred from other parts of the data, then the teacher was dropped from the sample (1% of 
observed teachers).  

From the 8,366 returning teachers that have observation scores, 1,368 had observation scores that were 
observed prior to and after their leave from the classroom, both of which are necessary for the full analysis. Table 4.1 
compares the observable characteristics of those teachers who remain in the classroom compared to those who do not, 
and finds that teachers who exit the classroom and later return are more likely to have started their career with a 
master’s degree or higher credential, more likely to be a minority teacher, and more likely to be a middle school 
teacher. Because of this imbalance across the data, I match treatment and control teachers based on observed 
characteristics from pre-treatment observations before performing the difference-in-differences analysis. 

 
4.5 Methods 

The description of methods is divided into two sections: the first section briefly explains the approach used 
for the difference-in-differences analysis using teacher matching; and second, there is a consideration of the proper 
validity checks for a difference-in-differences analysis. 

 
4.5.1 Modeling Teacher Movement and Teacher Return 

The first research question addressed will first build a descriptive analysis of teachers who return within the 
timeframe of the panel data, specifically considering whether the teacher return to the same principal, school, and 
district that they departed from. To best model the movement of those teachers who do return, a survival analysis 
model is used, which helps identify a failed occurrence of an event within a panel over the course of time (Miller, 
1981; Willett and Singer, 1993). Here, the “failed occurrence” is when a teacher who has previously left “fails” to 
remain outside of the teacher labor force and thus returns to the classroom.  

 
11 An earlier version of the rubric had ten Professionalism indicators (Hunter, 2018), but the data used here use the 
adapted rubric with four Professionalism indicators (Doan, 2019). 
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 (1) (2) (3) 
 Teachers with 

Uninterrupted Careers 
Returning 
Teachers 

Difference 

Master’s Degree or More 0.498 0.661 -0.162*** 
Minority Teacher 0.089 0.138 -0.049*** 
Female 0.792 0.800 -0.008 
Elementary Teacher 0.469 0.437 0.032* 
Middle School Teacher 0.174 0.427 -0.253*** 
High School Teacher 0.255 0.056 0.199*** 
Observations 69,939 1,358  

Note: All data represents the first observed year of a teacher. Teachers in column 1 represent all  
teachers without missing years in-between years in the classroom. 
 
Table 4.1: Summary Statistics of Teachers from First Observed Year of Teaching: Teachers with Principal 
Observation Scores 
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Survival analysis also considers censored data. Type I censored data is defined as data that is unobserved 
because the observation ceases. In this case, teachers are unobserved in their career paths because we do not know 
what they do beyond the years found in the dataset. In this case, there is Type I censored data because there is a 
predefined timeframe for analysis (i.e., the years of data available from Tennessee up to the present date), and there 
is the possibility that teachers who have left the classroom may return at some time beyond the observed data (Miller, 
1981). Type I censoring has implications for how the different types of teachers, as identified in the conceptual 
framework, are identified. Because I am not able to identify all future years when a teacher may return to the 
classroom, it is impossible to completely rule out that a teacher may eventually return. Therefore, I labeled all teachers 
who leave after the age of 55 and are not later identified in the data as retired, where the age of 55 is the earliest where 
a teacher could reach full retirement benefits in the state of Tennessee (TeacherPensions.org, 2020). Despite this rule, 
this group of older teachers is still of interest, as one state, North Carolina, has begun to incentivize retired teachers to 
return to high-need schools (Rehire High-Need Teachers, S.B. 399, 2019). Also, teachers who left the profession 
within the last 5 years of the data timeframe but are not over the age of 55 may be prime candidates for returning but 
could choose to return after the most recently observed year.  

The survival function is estimated using the Kaplan-Meier estimator (Kaplan and Meier, 1958), but further 
coefficient adjusted analysis using the Cox regression, which is able to control for observed differences in teachers 
(Miller, 1981) and has been used by other similar studies (Grissom and Reininger, 2012; Murnane et al., 1991). The 
survival function using the Cox regression is defined as follows (Royston and Lambert, 2011): 

ℎ𝑗𝑗 �(𝑡𝑡)�𝑥𝑥𝑗𝑗� = ℎ0(𝑡𝑡)𝑒𝑒𝑒𝑒𝑒𝑒�𝑥𝑥𝑗𝑗𝛽𝛽�  [4.1] 
Where the function is defined for teacher j as the hazard ratio that is conditional on the covariates for teacher j 
contained in vector x. The hazard function without the Cox regression is defined as ℎ0(𝑡𝑡) = ℎ𝑖𝑖�(𝑡𝑡)�𝑥𝑥 = 0�, but 
previous work on teacher attrition and teachers returning to the profession informs this model, and as discussed in the 
conceptual framework I include predictors of returning to the classroom including controls for a teacher’s gender, 
years of teaching experience, education level, and the level of school (i.e., elementary, middle, or high school) that 
the teacher previously taught in. 
 
4.5.1.1 Difference-in-Differences Using Matching Methods 

The purpose of this analysis is to analyze whether there is an effect on teacher quality as measured by 
effectiveness ratings from principals when a teacher takes time away from the classroom and then later returns to the 
classroom. The model of this paper is meant to test what effect this absence from the classroom has on a teacher’s 
human capital, whether in terms of appreciation or depreciation. In this investigation, issues quickly arise concerning 
whether such an estimation is possible: because teachers choose whether or not to “receive the treatment” of spending 
time out of the classroom, there is most likely some degree of selection bias that will affect the experimental design. 
To the degree that the reason teachers choose to take time off is correlated with measures of human capital, selection 
bias is an issue in the model. For this reason, non-experimental methods are needed to best adjust for these expected 
differences to plausibly estimate the effect of this decision.  

To best understand this effect, both in terms of direction and magnitude, I operationalize a difference-in-
differences quasi-experimental design combined with matching treatment and control teachers (Abadie, 2005; 
Blundell et al., 2004). This allows the analysis to be done in two steps: first, a control group is defined for the treated 
group based on coarsened exact matches across pre-treatment observed characteristics, comparing “treated” returning 
teachers and “control” teachers with uninterrupted careers over the course of their career paths, thus creating a stratum 
for each group of matched teachers; second, a difference-in-differences quasi-experimental design is used to 
understand how teachers perform upon their return to the classroom, compared to those who are otherwise similar 
with uninterrupted careers. Because of the multiple time periods represented in the dataset and the ability of the 
individual teachers to enter into treatment at different points in time, I follow the difference-in-differences framework 
suggested by Callaway and Sant’Anna (2021) by computing group-time average treatment effects for the treated 
subpopulation, or ATT(g,t), which is the average treatment effect in time-period t for those teachers who were first 
treated in time-period g. These different comparison groups of treated and control teachers are then weighted by group 
size to estimate a single effect parameter, and looked at as separate groups to consider if there are heterogeneous 
effects by time away or other observable characteristics. This approach also allows for comparisons across different 
levels of dosage, to see if there is a treatment effect that is based on the length of exposure to treatment. The following 
paragraphs establish how this is done in two steps, first by matching and second by the subsequent difference-in-
differences analysis. 

The first step matches treated teachers with non-treated, control teachers for comparison using matching 
methods, an estimation method often used with non-experimental labor market studies (Kluve et al., 2008; Heckman 
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et al., 1997). Matching methods are used to evaluate treatment effects and balance data when treatment assignment is 
non-random, with consideration given to the “distance” between the observed covariates (Stuart, 2010; Guo and 
Fraser, 2010). Several different measures of distance exist, but exact matching minimizes the differences in covariates 
by requiring that a treated and control teacher share the exact same covariates. For this analysis, I use exact matching 
on all binary or categorical covariates and coarsened exact matching on continuous covariates. Coarsened exact 
matching (CEM) is a “monotonic imbalance-reducing matching method,” thus allowing for balance across variables 
after the matching process that can then be used for analysis (Blackwell et al., 2009). Specifically, the only continuous 
covariate is the pre-leave value-added score, which is binned to find the nearest match for treated teachers. Because 
treatment and control teachers are plausibly imbalanced on observable characteristics before matching, balance is 
achieved by excluding treated and control teachers who are not matched on observed covariates. Treated teachers can 
be matched to several control teachers as there is no restriction to the number of treated or control teachers in a given 
stratum, with resulting weights being incorporated to subsequent analysis to account for the different numbers of 
matched teachers within each stratum. Based on previous work concerning what predicts a teacher leaving and 
returning the classroom (DeAngelis, 2013; Grissom and Reininger, 2012), the matching process is generated from a 
set of observable characteristics, which includes the teacher’s gender, starting year, race, level of education, grade 
taught, and subject taught. To validate that the variables selected is the most efficient, I will test to see if the selected 
variables have the highest within-sample prediction rate of treatment, so that variables are kept that increase the 
prediction rate at a significant level (Caliendo and Kopeinig, 2008; Heckman et al., 1997).  

The data must meet several requirements for matching methods to be used (Stuart, 2010; Guo and Fraser, 
2010; Caliendo and Kopeinig, 2008). First, the matched groups must meet the conditional independence assumption, 
which assumes that conditional on the covariates used for creating the matched strata, whether or not a given individual 
is treated is independent of the outcome of interest (Lechner, 1999), though there is room for relaxation within these 
parameters where only mean independence is met (Heckman et al., 1997). Because it is reasonable to question this 
assumption, since one could argue that treatment is known by the principal supplying the observation score, which is 
the outcome of interest, results are presented with and without matching variables included as control variables within 
the resulting findings. 

Second, common support is required, meaning that treated and non-treated observations must overlap to make 
an exact match or nearby match for continuous variables, and higher levels of overlapping meaning a more highly 
powered estimator (Caliendo and Kopeinig, 2008). If there are certain values of covariates for which exact matches 
cannot be made or where the coarsened matches cannot be matched with a nearby observation, it would be hazardous 
to extrapolate any of the resulting findings into this grouping of teachers. Of the treated teachers, only 16 returning 
teachers (1% of the treatment group) are unmatched, thus showing strong common support. 

After treatment and control groups are created using matching methods, the second step is to use these newly 
created groups with the difference-in-differences quasi-experimental design to ascertain what effect could be 
proscribed to the treatment. The two-way fixed effects difference-in-differences equation is as follows:  

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼𝑡𝑡 + µ𝑖𝑖𝑖𝑖 + 𝛽𝛽𝐷𝐷𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑿𝑿𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜋𝜋𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜃𝜃𝑔𝑔 + 𝜀𝜀𝑖𝑖𝑖𝑖  [4.2] 
As seen above, the difference-in-differences design allows for a clear comparison of the treated and non-treated 
groups both pre- and post-treatment. The outcome of interest, y, corresponds with the principal observation scores 
that are attached to an individual teacher, i, in a given year, t, and grade, g. On the right-hand side of the equation, 
the leading term, α, is a year fixed effect that is differentiated for each teacher, i, in a given year, t. The second term, 
µ𝑖𝑖𝑖𝑖, is a group-level fixed effect for each teacher, i, in a given year, t, that separates those that were ever treated from 
those that were never treated. Next, 𝛽𝛽 shows the post-treatment difference that can be plausibly assigned to the 
treatment status, which is the main parameter of interest for this analysis, paired with D as an indicator variable for 
whether teacher i is treated in year t and all subsequent observations. Even though the treatment and control groups 
were selected using matching methods, this equation also includes a set of covariates, X, attached to an individual 
teacher, i, in a given year, t, and grade, g, that were used in the creation of the matched teachers to remove any 
remaining variation due to these predictive factors. Group fixed effects, µ𝑖𝑖𝑖𝑖, and individual covariates captured in X 
are aggregated at different levels, which helps to avoid collinearity. Some teachers may have other important factors 
change during the period in question, such as whether they switched schools, grade taught, or supervising principal, 
the outcome measures of fellow teachers, and socio-demographic school characteristics (i.e., percent of students that 
are non-white, percent of students eligible for free or reduced priced lunch), which are observed in vector S for an 
individual teacher, i, in a given year, t, school, s, and grade, g. Finally, to control for differences across grades, g, 𝜃𝜃 
is a grade-level fixed effect. 

By itself, this model is capable of calculating a singular parameter that would be the homogeneous average 
treatment effect for the treated population (ATT), but because the present research is concerned with more than just 
the standard ATT, I use the Callaway and Sant’Anna framework (2021) to compute a group-time average treatment 
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effects for the treated subpopulation, or ATT(g,t). Different parameters are calculated for each of the different 
groups of teachers who reenter in various different years, g, and the subsequent years after their return, t. All of 
these different parameters then collapse to the ATT. This meta-analytic creation of the overall treatment effect is 
useful because it allows sub-analyses by group characteristics, such as dosage effects based on the number of years 
away from the classroom or dynamic treatment effects that consider how returning teacher quality changes in the 
second year and beyond after his or her return. 

For this analysis, the “treatment” must be critically considered because the treatment is the removal of treated 
teachers from the observed data set, sometimes for several years. Because of this strange quality of the observed data, 
the difference-in-differences design is established as follows: the pre-treatment period begins when a given treated 
teacher starts his or her career, or at the beginning of the data set, and ends when the treated teacher leaves an observed 
classroom. The post-treatment phase begins when a treated teacher returns to an observed classroom, leaving a “hole” 
in the difference-in-differences design. Consider Figure 4.2 as an example of the treatment versus control contrast. 

In Figure 4.2, control teachers are observed pre- and post-treatment, as well as in the unobserved years when 
treated teachers are absent. The treated teachers are observed only in pre-treatment time and post-treatment time, and 
are missing during the unobserved period. These teachers are validated as “missing and absent from the teacher 
workforce” rather than “missing due to data issues” based on a check of their experience upon return, where we would 
expect that returning teachers would only have one additional year of experience upon return. For my difference-in-
differences design, the pre-treatment years for this example group would include years 1 to 3, and the treatment years 
would be years 7 through 9. Though the continuing formation of control teacher human capital during years 4 through 
6 is interesting for descriptive purposes, these unobserved years do not inform the outcomes of interest. Example 
Figure 4.2 below illustrates what these two groups could look like. 

 
4.5.1.1.1 Validity Checks 

When evaluating the efficacy of an intervention, the best-case scenario is that individuals are assigned to 
treatment and control groups at random. Most often, when this scenario is not possible or, as in this case, when research 
is looking retrospectively at previously collected data, quasi-experimental methods are required. Since this research 
uses difference-in-differences paired with coarsened matching methods, there are a few validity checks that must be 
done which can raise the probability that the estimates are getting close to a plausibly causal claim. These checks 
include monitoring for parallel trends of treatment and control groups prior to the treatment, anticipatory actions ahead 
of the intervention, that there is no relationship between who is treated and the outcome of interest, a stable group 
composition (which is guaranteed here by the matching process), the Granger test of leading treatment, and spillover 
effects (Wing et al., 2018; Zimmer et al., 2017; Granger, 1969). Spillovers should not be an issue if teachers are not 
matched to other teachers within their returning schools. 

Prior to treatment, treatment and control groups should meet the parallel trends assumption, giving credence 
to the notion that without treatment, the trends would have been the same. Beyond graphical evidence of the data 
meeting this test, statistical tests can verify if the outcomes measures prior to the treatment were statistically similar 
enough to fulfill this assumption. This is also related to checking for Ashenfelter dips (Ashenfelter and Card, 1985), 
which are anticipatory effects prior to treatment. In the present case, this could occur if teachers changed their behavior 
in the year prior to leaving in a systematically different way than teachers who were not leaving, either by putting in 
extra or abated effort. Because teachers are matched on pre-treatment outcome measures, parallel trends should not 
be an issue by construction (Blundell et al., 2004), but these tests should still be performed. Therefore, I will perform 
a pairwise comparison test of pre-treatment outcome variables for the matched treated and control groups. Where pre-
treatment outcome measures are not available, consistency of other malleable characteristics will be tested in the years 
prior to a treated teacher leaving the classroom. 

Concerning whether there is a relationship between who is treated and the outcome of interest, the matching 
plays an important role. As outlined earlier, the prior literature would lead to a prediction that lower value-added 
teachers are more likely to leave the profession, thus making up the group that can return to the classroom (Goldhaber 
et al., 2011; Feng and Sass, 2017). Teachers are matched on observable variables that likely affect the probability of 
being a part of the treatment group (e.g., years of experience, age, quality measures), which allows for this issue to be 
plausibly ignorable (Lechner, 1999; Heckman et al., 1997). To the degree that there are still unknown variables that 
cause the treated to take on the treatment, this would represent a limitation of this type of analysis. 

Finally, Granger tests seek to show how the measurement of one variable in a time-series or panel dataset 
predict another, future variable (Granger, 1969). Here, I use the Granger test to show non-causation of leading 
treatments of pre-treatment outcomes. This provides additional evidence that the identified treatment is actually 
driving the observed relationship, and not some preexisting relationship. To perform this test, Equation 4.2 is rerun, 
but with the insertion of a false-treatment term: 
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Note: The comparison provided is for example purposes only and is meant to show a contrast of possible outcomes. 
 

Figure 4.2: Example Outcome Measure Over Time 
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𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽𝑡𝑡 + 𝛽𝛽1𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝐸𝐸𝐸𝐸𝐸𝐸𝑟𝑟𝑖𝑖𝑖𝑖 + 𝛽𝛽3(𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝑟𝑟𝑖𝑖𝑖𝑖) + ⋯+ ∑ 𝛽𝛽3,𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑖𝑖+𝑠𝑠
𝑆𝑆
𝑠𝑠=1 + 𝜀𝜀𝑖𝑖𝑖𝑖  [4.3] 

The expectation is that the false-treatment term will not significantly predict the outcome (Wing et al., 2018). 
 

4.6 Analysis and Findings 
 

4.6.1 Teacher Return Patterns and Principal Connections 
This analysis begins by considering the return patterns of teachers to principals, schools, and districts through 

which they were previously employed. To better understand the relationship of teachers to a specific school and district 
and thus their relationship to a specific geographic place and potentially a given set of people, I ask the following 
question: Are teachers less likely to return to the same school or district if their previous principal is no longer present? 
In answering this question, it helps us to better understand if ties from the first stint in teaching have influence in 
bringing teachers back to their classrooms, at least in ways that can be directly measured in this data. 

To understand this potential influencer, I first replicate and update the analysis of Karen DeAngelis (2013) 
to consider the return patterns of different subgroups of teachers. As seen in Figure 4.3, 17% of teachers return to the 
same school that they left from and 27% return to a different school in the same district, and the remaining 56% 
returned to teach in a new district. This can be compared to 28%, 19%, and 53%, respectively, from DeAngelis in her 
analysis of Illinois returning teachers. While the numbers are similar, there is a show of movement from returning to 
the same school to a movement within the district. 

Figure 4.4 shows differences in return patterns by gender. Female teachers return to their same school (18% 
vs. 16%) and same district (28% vs. 24%) at higher rates than their male counterparts. Figure 4.5 shows a sharp 
distinction in return patterns across racial lines. White teachers are much more likely to return to their same school 
(19% vs. 10%) but much less likely than non-white teachers to return to a different school within the same district 
(24% vs. 39%). 

Figures 4.6 and 4.7 represent differences in return patterns by experience at departure and total time away, 
respectively. Figure 4.6 shows how more established teachers with 4 or more years of experience are more likely to 
return to their old school or district, while those with 3 or fewer years are more mobile outside of the district. The 
cutoff of 4 or more years was chosen to align with the expected achievement of professional licensure status. Figure 
4.7 is displayed across a wide spectrum of years, one to fifteen years away, showing a fairly consistent pattern of a 
yearly decline in the proportion of teachers that return to their same school that they left from. This could be explained 
by a position that is “held” for them in the short term or a lack of familiarity with the principal, school leaders, and 
other teachers the longer they are away, loosening the grip that would pull them back in. Interestingly, while the within 
district return does have a slightly downward movement, it is not as stark as the same school movement. While the 
search radius for a return position is inelastic in the short-run, it is not surprising that a longer time horizon would 
move teachers toward a much more elastic labor market, willing to move to various locations throughout the state. 

Figures 4.8 and 4.9 show the movement of teachers based on their licensure status. Figure 4.8 compares those 
with advanced professional licensure against those with a novice “apprenticeship” licensure, the differences of which 
were covered in the first paper of this dissertation (Crouch, 2023a). Professional licensure status leads to higher levels 
of same school and same district returns compared to apprenticeship licenses. In Figure 4.9, we see that those with 
alternative licensure have a high level of movement within the district, but not necessarily staying within the same 
school. This could be signal that alternative licenses bring local talent into the school, but do not create long-term 
stability that is as likely to return to the same school. 

Figure 4.10 compares teachers leaving urban and non-urban schools at exit. Teachers who leave from urban 
schools and later return are more likely to return to the same district, but not the same school. This is a function of 
urban districts being large, meaning that there are more schools for teachers to choose from within a relatively small 
geographic radius. On the other hand, non-urban teachers have a higher proportion returning to the same school. 
Because non-urban includes rural, it could be a geographic lock on the options of the returning teacher. 

Finally, Figure 4.11 considers teachers that return to the leadership of the principal they were under when 
they originally left their job. Not surprisingly, 67% of teachers that return to the same principal do so in the same 
school that they left from. Returning under the same principal in the same district but at a different school accounts 
for 17% of returning teachers, with 15% of teachers that return under the same principal outside of the district that 
they were both previously in. The majority of teachers, 87%, do not return under the same principal. This group of 
teachers does represent a smaller proportion of teachers returning to the same school than the overall proportions 
represented in Figure 4.3. 

So far, the information provided has helped our understanding of how returning teachers related to the school 
and district that they left, and finally how those interact with returning to the principal that was at the exit school.  
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Note: All observed teachers included in the sample. 
 
Figure 4.3: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers 
 
 

  
Note: All observed teachers with gender identification included in the sample. 
 
Figure 4.4: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Gender 
 

  
Note: All observed teachers with race/ethnicity identification included in the sample. 
 
Figure 4.5: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
White/Non-White Status 
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Note: All observed teachers included in the sample.  
 
Figure 4.6: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Experience at Exit 
 

  
Note: All observed teachers included in the sample. Return dates beyond 15 years are right-censored. 
 
Figure 4.7: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Time Away from the Classroom 
 

 
Note: All observed teachers with licensure identification included in the sample. Licensure is either Apprenticeship 
or Professional. 
 
Figure 4.8: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Licensure Status (Professional vs. Apprentice) 
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Note: All observed teachers with licensure identification included in the sample. Licensure is either Traditional or 
Alternative. 
 
Figure 4.9: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Traditional vs. Alternative Licensure Status 
 

 
Note: All observed teachers with urbanicity identification included in the sample. Categories are based on district of 
departure. Non-urban includes rural, town, or suburb. 
 
Figure 4.10: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Urban/Non-Urban Departing School 
 

       
Note: All observed teachers with observed principal in pre- and post-years included in the sample. 
 
Figure 4.11: Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by 
Whether the Teacher Had the Same Principal Upon Return 
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However, to be ascertain the impact that having the same principal present at the school that the teacher left from at 
the time of return has on the likelihood of a teacher returning to that school, it is most appropriate to use a Cox 
regression. Table 4.2 shows that for a teacher that left a school where the principal is still present, the hazard ratio of 
returning to work is over twice that of those who left from a school where the principal is no longer present. Even 
when controlling for other factors, the hazard ratio remains high for those who left from schools with stable leadership. 
This is the clearest evidence that teachers are more likely to return if their previous principal is still present. This could 
be for a multitude of reasons, but perhaps one of them is because of the relationship that remains from the teacher’s 
previous stint of employment. How this impacts the principal’s perception of the quality of the returning teacher is the 
focus of the next section of this analysis. 

 
4.6.2 Changes in Principal Observation Scores after a Return 

Earlier in this dissertation, I compared returning teachers to a matched sample of teachers that did not take 
time away from the classroom, finding no statistically significant differences in VAM scores (Crouch, 2023b). While 
VAM scores are constructed using student test scores of those students assigned to a given teacher, an alternative 
measure of teacher quality is the principal observation score based on the quality rubric outlined in Appendix A. The 
observation score is a unique selected measure using a known rubric of quality within a professional setting. The 
following performs a similar analysis using matching and difference-in-differences methods to compare returning 
teachers to their counterfactual counterparts when considering their overall principal observation score and instruction, 
environment, planning, and professionalism sub-scores. 

The first set of analysis presented in Table 4.3 considers a simple difference-in-differences analysis of 
observation scores, with the post-period representing the year a teacher returns to the classroom. As mentioned earlier, 
the second set of estimates in Table 4.3 includes a set of covariates that were used in the creation of the matched 
teachers who are also included here to remove any remaining variation due to these predictive factors. The hypothesis 
of this analysis is that the coefficients of interest in Table 4.3 will be negative, based on a depreciation in the specific 
human capital that is captured in the principal observation score as a measure of teaching quality. This analysis does 
not find that the main variable of interest, the interaction of treated teachers in the years after their time away, is 
statistically significant in the overall observation score or any of the sub-scores that aggregate into the overall score. 
Of the coefficients listed in Table 4.3, only one is negative, but the standard errors prevent any meaningful conclusion 
on whether teachers that left and returned are either better, worse, or the same compared to their matched comparison 
group. Based on these coefficients and the large standard errors, this analysis fails to reject the null hypothesis that 
returning teachers are significantly lower performing than their control counterparts. For comparison, the smallest 
standard deviation of the overall observation score or sub-component in any given year is 0.6, and all of these 
coefficients are comparatively smaller. 

In considering the validity of the difference-in-differences analysis, Figure 4.12 provides a visual check of 
the parallel trends assumption for the years prior to the treatment, which is the treated teacher’s time away from the 
classroom. To interpret Figure 4.12, the figure removes the hole in the treated teacher’s career. So, for example, if a 
treated teacher taught for five years, those pre-departure years are represented to the left of year zero as negative years 
and the final year before departure is year zero. The unobserved years for the treated teacher, the “hole” years, are 
removed from the graph for both the treated and control teachers. For example, those unobserved years could by one 
or more, but are removed from the graph; consider three years missed for this example. The post-treatment years when 
the teacher returns are captured by the positive years of relative time. To finish the example, the observed years pick 
up in year 1, where the treated teacher would have one additional year of experience based on returning that year, and 
the matched comparison teacher is the control for as if the teacher had not left. For the example, the treated returning 
teacher would be in his or her sixth year and the matched teacher would be in his or her ninth year. 

No statistically significant difference is found in the years prior to exit. It should be noted that observation 
scores are available for seven academic years (2011-2012 through 2017-2018), but since “treatment time” is re-
centered around the time period when a treated teacher is out of the profession, there is the potential to see five pre- 
or post-years relative to a treatment time. So, time periods closer to the treatment intervention have a higher 
concentration of the observations in the sample. 

 
4.6.2.1 Treatment Comparison to Teachers with Same Experience Upon Return 

By construction, the main analysis presented above compares treated returning teachers with teachers that 
are the same on all available measurable characteristics but did not take time away from the classroom. So, by 
construction, the comparison group has more years of experience than the treated group upon their return. This next 
analysis makes a comparison of treated teachers against a comparison set that has an equal number of years of 
experience in the first year of return. Years of experience in the first post-return year are used for matching, and then  
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 Model 1 Model 2 
Same Principal at Exit 
School 

2.609*** 
(0.000) 

1.652*** 
(0.000) 

Female 
 

0.852*** 
(0.001) 

Age at Exit 
 

0.788*** 
(0.000) 

Age Sq. at Exit 
 

1.002*** 
(0.000) 

Salary at Exit ($1,000s) 
 

0.962*** 
(0.000) 

Minority Teacher 
 

1.492*** 
(0.000) 

Years of Experience at 
Exit (>3.5)  

1.088*** 
(0.000) 

Masters at Exit 
 

1.242*** 
(0.000) 

Professional Licensure 
 

1.050 
(0.332) 

Urban School at Exit 
 

1.179*** 
(0.000) 

School at Exit 
Middle  

1.028 
(0.571) 

School at Exit 
High School  

1.093** 
(0.031) 

# of Teachers Observed 14,478 3,503 
Note: Coefficients are hazard ratios with standard errors below in parentheses, clustered at the teacher level. Salary 
transformed to $1,000s. *p < 0.10; **p < 0.05; ***p < 0.01. 
 
Table 4.2: Cox Regression Analysis of Teacher Return Predictors in Relation to the Same Principal Present at Exit 
School  
 
 

 (1)  (2) (3) (4) (5) 
 Overall 

Score 
Instruction 

Score 
Planning 

Score 
Environ. 

Score 
Professional. 

Score 
Returner#Post 0.031 

(0.047) 
0.128 
(0.054) 

0.047 
(0.059) 

0.059 
(0.083) 

0.297 
(0.263) 

Returner#Post w/ Controls -0.012 
(0.047) 

0.078 
(0.054) 

0.008 
(0.059) 

0.011 
(0.079) 

0.336 
(0.280) 

# of Teachers Observed w/o 
Controls 

55,612 39,855 45,663 20,309 1,742 

Note: Coefficients are change in Principal Observation score with standard errors below in parentheses, with grade 
and year fixed effects. *p < 0.10; **p < 0.05; ***p < 0.01. 
 
Table 4.3: Difference-in-Differences Analysis of Teacher-Return Impact on Principal Observation Scores 
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Figure 4.12: Principal Observation Scores Across Time, Compared Against the Time of the Matched Returning 
Teacher 
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all subsequent matching is done on the most recent observed year of a given teacher. This is important for the policy 
relevant question of whether the returning teachers compare favorably to similar teachers that would be paid the same 
for their year of teaching service. Because, like most states, Tennessee uses years of experience and education level 
to determine wages, a comparison that considers equal experience is relevant for personnel efficiency within a school. 
For this and all previous analyses, education level is part of the matching and control variables. 

As seen in Table 4.4, treated returning teachers see a statistically significant bump in the overall principal 
observation score upon their return to the classroom. On a scale ranging from one to five, the returning teacher receives 
a 0.3-point increase compared to their matched alternative with equivalent years of experience. These findings are 
robust to the related outcomes of the various sub-score components of the observation score. Results are similar across 
all analyses with and without controls. 

 
4.7 Discussion and Conclusion 

Teachers that take time off from their profession and then return represent a significant proportion 
of potential returners and worthy of focus based on the percentage who return (Crouch, 2023a; 
DeAngelis, 2013; Grissom and Reininger, 2012), but consideration of the quality of the returning teacher 
is not fully understood (Crouch, 2023a). From this research, I seek to better understand how teachers 
relate to the sources that are most likely to be instrumental in their recalibration to the profession, 
specifically the school and district they choose to return to and the principal under which they serve. This 
research finds, first, that teachers who leave later in their career and, relatedly, have professional licensure 
status, those that return quickly, and those that return under the same principal are those most likely to 
return to the same school from which they left. Second, non-white and teachers leaving from urban 
schools have a high likelihood of returning to a different school than they left but within the same district. 
Third, while this research is unable to reject that returning teachers are significantly different than their 
counterparts that never left in terms of principal observation scores, there is a significant difference in 
favor of returning teachers when they are paired with demographically similar teachers who have equal 
experience upon the return of the teacher that left. While the first and second findings replicates and 
expands previous research (DeAngelis, 2013), the impact of time away on principal observation scores 
represents new findings and a new point of comparison for how returning teachers are evaluated. 

Concerning the findings of a favorable comparison with teachers that have equivalent years of 
experience, an apt question arises of which group is the proper comparison to those teachers who are 
returning. Of the three possible options, each has a certain appeal. The present research focuses on the 
match sample that considers the closest counterfactual to the career that the returning teacher could have 
had if they had chosen not to leave. Across this research and previous work (Crouch, 2023b), these 
analyses have mainly failed to reject equality between the two groups.  

This paper also considers the returning teacher compared to a matched teacher with equivalent 
years of experience upon return, and this comparison is favorable for the returning teacher. If a school 
leader making hiring decisions is making a decision based on financial considerations, choosing between 
two teachers that would require an equivalent salary, this research is the first piece of evidence that the 
returning teacher, bringing their varied experience with them, is not only worthy of consideration but 
superior on a validated measure of a quality. Even though the returning teacher misses out on one or more 
years of experience, the average returning teacher is able to demonstrate higher principal observation 
scores and higher subcomponents compared than matched teachers with equivalent years of experience, 
hinting at continued building of human capital during their time away from the profession that generally 
improves the observed quality of their teaching.  

The third option is a comparison against new-to-the-profession teachers, which are likely the 
alternative when a returning teacher is being considered for hire. Given the favorable comparison against 
the group that we would expect to be in the middle years in terms of career development, this analysis is 
at least favorable in terms of comparisons to likely hiring alternatives. For comparison, a first-year 
teacher in Tennessee has an average TEAM overall observation score of 3.38, and the average score rises 
each year through the 11th year of experience (3.97) before plateauing in subsequent years. Given that 
returning teachers perform better than a comparison teacher with the same number of years of experience 
upon return, comparing to a first-year teacher would be a clear advantage for the returning teacher in  
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 (1)  (2) (3) (4) (5) 
 Overall Score Instruction 

Score 
Planning Score Environmental 

Score 
Professional. 

Score 
Returner -0.338*** 

(0.028) 
-0.350*** 

(0.037) 
-0.360*** 

(0.032) 
-0.261*** 

(0.056) 
-0.508*** 

(0.159) 
Post -0.391*** 

(0.009) 
-0.286*** 

(0.010) 
-0.394*** 

(0.010) 
-0.254*** 

(0.014) 
-0.330*** 

(0.047) 
Returner#Post 0.397*** 

(0.048) 
0.383*** 

(0.054) 
0.413*** 

(0.060) 
0.287*** 

(0.084) 
0.518** 
(0.265) 

# of Teachers 
Observed 42,062 30,523 34,485 15,349 1,296 

Note: Coefficients are change in Principal Observation score with standard errors below in parentheses, with grade 
and year fixed effects. *p < 0.10; **p < 0.05; ***p < 0.01. 
 
Table 4.4: Difference-in-Differences Analysis of Teacher-Return Impact on Principal Observation Scores, 
Compared Against Teachers with Same Years of Experience 
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terms of principal observation scores though not in salary, thus presenting a tradeoff. 
The present research does have some limitations that are important to note. First, principal 

observation scores are only available for seven academic years for this study, which is less than was 
available for the earlier study on VAM (Crouch, 2023b) and does not cover the full data panel of 17 years 
of school personnel and teacher movement data that is also in use. As additional years of analysis are 
added or other states come along with more robust data sets, replication of this work could potentially 
find effects that were not visible or present in the current sample. Second, the lack of variation in 
principal evaluation scores makes it difficult to identify differences in teacher quality, a problem that has 
previously been identified as “The Widget Effect” (Weisberg et al., 2009). As states continue to address 
rater reliability and enhancing rubrics to identify variation in teacher quality, it would important to 
replicate this and other studies. 

This research sheds new light on the context factors of where a teacher chooses to return. This 
research is motivated by two underlying questions: first, how does time away effect the performance of a 
teacher, and second, what can be done to maximize the efficacy of those who do decide to return? This 
analysis provides some, though not complete, evidence on the former question, with a favorable 
comparison to teachers with equivalent experience upon return, who would be paid the same amount. On 
the latter question, as school leaders better understand the return patterns of former teachers, how to 
support returning teachers should be an active area of research and ever-changing practice. As schools 
and districts struggle with teacher shortages and various staffing issues, leaders who can offer effective 
support to those who have familiarity with the profession will be at a distinct advantage in the quality of 
services that they are able to offer to students.  
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CHAPTER 5 
 
 

Conclusion 
 

As concern grows about teacher attrition and the resulting teacher shortages, one underexplored solution is the return 
of teachers who previously left. These papers provide an updated descriptive and comparative look at these teachers 
in the specific context of the state of Tennessee. In addition to observable characteristics, this research is the first to 
offer a descriptive analysis of how teachers performed prior to leaving, both in terms of test-based value-added 
measures (VAM) and in principal rating scores. Teachers that returned are more likely to be younger, return within 5 
years, and fully licensed. Measures of a teacher's quality prior to exit are not as salient, but they do operate as a sorting 
mechanism within gender to predict returns. I also explore the relationships of returning teachers to their principals 
through a descriptive analysis of whether teachers return to the same school or district that they left from. Further, this 
study also provides a first attempt to quantify the impact of their absence on the VAM score and principal ratings of 
are turning teacher compared to teachers with uninterrupted careers. Using a difference-in-differences and matching 
methodology, I find no statistically significant difference between returning teachers and matched teachers, though 
the sample of returning teachers outperforms on VAM scores six years after returning, and the sample of returning 
teachers receive higher principal ratings compared with teachers with equivalent experience at the time of return. 
Returning teachers could represent an untapped source of teacher talent that is underappreciated given their relative 
cost due to salary schedules.
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Appendices 
 
 

Instruction: Standards 
and Objectives 

Instruction: Academic 
Feedback 

Environment: Expectations Professionalism: 
Growing and 
Developing 

Instruction: Motivating 
Students 

Instruction: Grouping 
Students 

Environment: Managing 
Student Behavior 

Professionalism: 
Reflecting on Teaching 

Instruction: Presenting 
Instructional Content 

Instruction: Teacher 
Content Knowledge 

Environment: Environment Professionalism: 
Community 
Involvement 

Instruction: Lesson 
Structure and Pacing 

Instruction: Teacher 
Knowledge of Students 

Environment: Respectful 
Culture 

Professionalism: 
School Responsibilities 

Instruction: Activities 
and Materials 

Instruction: Thinking Planning: Instructional 
Plans 

Planning: Assessment 

Instruction: Questioning Instruction: Problem 
Solving 

Planning: Student Work  

Adapted from Doan (2019) and Hunter (2018) 

 

Appendix A: TEAM Observation Rubric 
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 Teachers in Tested 
Grades (3-8)  

Teachers in Non-Tested 
Grades (K-2, 9-12, Non-Core 
Subjects) 

 Mean S.D. Mean S.D. 

Stable Characteristics    

Female 0.836 0.370 0.761*** 0.426 

Non-White 0.191 0.393 0.176*** 0.381 

Composite Characteristics   

Average Career Principal Evaluation (1-5) 3.831 0.566 3.801*** 0.558 

Beginning-of-Career Characteristics   

School in Urban Setting 0.076 0.265 0.086*** 0.280 

End-of-Career Characteristics   

Master's Degree or Higher at Exit 0.417 0.493 0.426 0.495 

Master's Degree or Higher 0.587 0.492 0.562*** 0.496 

# of Teachers Observed 60,699  78,760  

Note: ∗p < 0.10; ∗∗p < 0.05; ∗∗∗p < 0.01. Differences indicated by asterisks are relative to teachers in tested grades. 

 
Appendix B: Tested Grade versus Non-Tested Grade Teacher Comparison   
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 (1)  (2) (3) 
(4) 

Treated#Relative_Time Contrast Standard 
Error 

95% Confidence Interval 

1 vs. 0 -0.006    0.006 -0.019 0.006 
Note: Coefficient of Contrast indicates the average difference between treated and control groups in years prior to 
treatment, which are labeled “Relative Time” years. *p < 0.10; **p < 0.05; ***p < 0.01. 

 
Appendix C: Parallel Trends Regression Analysis 
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 (1)  (2) (3) 
(4) 

Granger Pre-Treatment 
Variable 

Coefficient Standard 
Error 

95% Confidence Interval 

Pre-Leave N1 -0.012 0.025 -0.060 0.037 
Pre-Leave N2 0.014 0.027 -0.039 0.067 
Pre-Leave N3 0.024 0.035 -0.045 0.093 
Pre-Leave N4 0.072 0.083 -0.091 0.236 
Pre-Leave N5 -0.066 0.084 -0.231 0.100 

Note: Coefficient indicates the effect detected in years prior to a treated teacher leaving the classroom compared to 
their matched control teacher, seeking to detect any effects in false treatment years. *p < 0.10; **p < 0.05; ***p < 
0.01. 

 

Appendix D: Granger Test Analysis 
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	CHAPTER 1
	CHAPTER 2
	2.1 Introduction
	2.2 Literature Review
	To organize what is currently known about teacher exit, return, and what impacts those choices, I use the following literature review to explore the following topics: factors associated with leaving the classroom, those associated with returning to th...
	2.2.1 Leaving the Teaching Profession
	Over the past seventy years, the dynamics of movement between schools and attrition from the profession within teacher labor markets has been the subject of a growing literature increasingly concerned with teachers leaving the classroom (Borman and Do...
	2.2.2 Returning to the Teaching Profession
	Two national studies on teacher reentry exist, one using data from the 1979 National Longitudinal Surveys of Youth (NLSY) (Grissom and Reininger, 2012) and the other from the National Longitudinal Study of the High School Class of 1972 (NLS-72) (Stine...
	2.2.2.1 Return Rates of Teachers who Left
	Across nationwide and state-level studies in the literature, there are some stylized findings that have emerged. First, of teachers who leave the profession, between 25% and 40% will return to the classroom within five years of leaving the classroom (...
	2.2.2.2 Females in the Teaching Profession
	Second, there are disagreements in the literature on whether women and men return to the profession at similar rates, especially during the first five years after leaving. DeAngelis (2013), the only study that finds no difference between men and women...
	2.2.2.3 Returning Teachers and Teacher Sorting Across Geography
	Third, other findings have emerged regarding the schools to which teachers return. Considering only the sample of teachers who left and returned, teachers who left rural and town schools were the least likely to eventually return to their exit school ...
	2.2.3 Value-Added Measures in Teacher Policy and Teacher Return
	Previous literature on returning teachers has not made the connection between teacher effectiveness using value-added scores, whether created using student test scores or non-cognitive measures such as student attendance, and the decision of teachers ...
	So, are value-added scores appropriate to use in this context? The use of VAM has been criticized for its instability when compared to other quality measures such as observation scores (Darling-Hammond et al., 2011; Sass, 2008), instability across tes...
	However, decisions must be made. Choices concerning teacher hiring and training should be informed by relevant information, which includes value-added scores. Previous literature has highlighted the importance of coupling value-added scores with princ...
	Feng and Sass (2017) provide the first steps in answering the research questions posed here. To ascertain a measure of teacher quality upon reentry into the classroom and the difference from the time of leaving, the measure is first needed upon exit f...
	2.3 Teacher Licensing in Tennessee
	2.3.1 Background
	As I use administrative data from the state of Tennessee for this research, I will now provide an overview of how teacher licensing works in the state of Tennessee. As with all states, “all persons employed, or seeking to be employed, as an educator” ...
	Licensing of teachers considers two key pieces for teachers who have taken some time away from the classroom, as outlined in Tennessee Educator Licensure Policy (5.502d). The first is a set of preparation guidelines. This list of guidelines includes d...
	The second factor considered for licensing of teachers is the length of absence, whereas teachers are able to keep an active license without teaching for a certain amount of time. The term of a license is given upon receipt, and is dependent upon the ...
	As described above, more experienced teachers can obtain longer-term licenses. To achieve the rank of professional teacher, the individual must possess thirty professional development points (PDPs) and must have previously accrued three years of exper...
	2.3.2 Conceptual Framework
	Based on this legislative and regulatory framework of the process for teacher reentry in Tennessee, I form a conceptual framework that considers how the regulatory framework interacts with different career paths of teachers out of and into the classro...
	After the stint in the classroom, teachers have a wide array of career outcomes, some of which are chosen voluntarily and others that are not. First, the majority of teachers, from one year (t) to the next (t+1), stay in the classroom. Second, a small...
	It is possible that a teacher leaves for a combination of reasons, or leaves for one reason and a subsequent life event that is unrelated to the initial reason for leaving keeps them away from employment as a teacher. Altogether, the causes of attriti...
	While some research has considered time away from the classroom that is a small portion of the academic year (Henry and Redding, 2018), my research is consistent with prior research on returning teachers that leave the classroom for some number of yea...
	The research questions that motivate this paper seek to better understand the differences between the groups represented in this conceptual framework, specifically what observable characteristics of returning teachers are related to increased likeliho...
	2.4 Data
	This dissertation uses administrative data from the state of Tennessee, provided by the Tennessee Department of Education (TDOE) through the Tennessee Education Research Alliance (TERA), allowing for a detailed look into the exit and reentry patterns ...
	Administrative data were collected for teachers, other school professionals, students, and the schools from the 2001-2002 to 2017-2018 academic years, with records for 166,872 unique school employees, 109,845 of which served as teachers in public scho...
	The dataset also links students to teachers so that teacher-specific value-added scores can be calculated. In grades 3-8, standardized student test scores are available for reading, math, science, and social studies achievement. Student demographic da...
	Separately, the observed evaluation of teachers by school leaders in Tennessee serves as another data point to understand the development of teacher quality within the state. In Tennessee, teachers are given a one to five rating by a principal, assist...
	Previous work considering the Tennessee TEAM teacher observation framework has found that these observations serve as valid indicators of teacher quality, as increased observation scores predict better outcomes in terms of test scores, non-cognitive o...
	2.4.1 Teacher Sample Selection
	Of the 109,845 teachers in the sample, 12,540 teachers are included who take some length of time away from the classroom and return within the timeframe of the dataset; these teachers who have returned to the classroom represent the group that is to b...
	Within these two groups only a sub-sample have the necessary outcome variable measurements to be a part of the VAM and principal observation analysis. For this research, I am particularly concerned with those teachers who have ties to student test sco...
	2.5 Analytic Strategy
	2.5.1 Modeling Teacher Movement and Teacher Return
	This paper will first build a descriptive analysis of teachers who return within the timeframe of the panel data, exiting teachers who do not return within the timeframe of the panel data, and teachers who do not take a year or more away from teaching...
	Survival analysis also considers censored data. Type I censored data is defined as data that is unobserved because the observation ceases. In this case, teachers are unobserved in their career paths because we do not know what they do beyond the years...
	The survival function is estimated using the Kaplan-Meier estimator (Kaplan and Meier, 1958), but further coefficient adjusted analysis using the Cox regression, which is able to control for observed differences in teachers (Miller, 1981) and has been...
	Where the function is defined for teacher j as the hazard ratio that is conditional on the covariates for teacher j contained in vector x. The hazard function without the Cox regression is defined as ,𝒉-𝟎.,𝒕.=,𝒉-𝒊.,,𝒕.-𝒙=𝟎., but previous work ...
	2.5.2 Modeling Teacher Value-Added Measures (VAM)
	2.6 Analysis and Findings
	2.6.1 Characteristics Associated with Returning to the Classroom
	As with previous research that has explored the characteristics of the reentering population, I begin the analysis by offering descriptive comparisons between teachers who leave and later return, teachers who leave and do not return within the sample ...
	returners and permanent leavers are statistically significantly worse than teachers with no time away in both career average math VAM scores and principal observation scores. This trend continues with both the first and last observations of a teacher’...
	Compared to the previous literature that has considered returning teachers, this analysis finds similar patterns. Like Grissom and Reininger (2012) and DeAngelis (2013), this sample of leavers continues to find that the returning group is statisticall...
	2.6.1.1 Labor Trends
	Considering teacher labor trends over time, permanently leaving teachers seems to have a strong correlation with the size of the teacher labor force, while teachers that leave and later return is a stable trend. Figure 2.2 shows the overall size of th...
	Over time, the percentage of new teachers that leave the classroom and later return fluctuates. Figure 2.3 considers the work patterns of only those teachers that entered in a given year that are new teachers with no previous experience, with separate...
	2.6.1.2 Predictors of a Teacher’s Likelihood of Returning to the Profession
	Beyond descriptive statistics of the different categories of teacher career paths and how prevalent these career paths are across time, the observable characteristics of teachers that leave the profession can serve as predictors for whether the teache...
	Considering the overall return rate, Figure 2.6 through 2.16 shows that over a 15-year period, 15% of those who leave the classroom later return before the dataset is right censored. Figures 2.7 through 2.16 feature those observable characteristics fr...
	By using a Cox regression test of each variable on its own, I was able to test whether the different survival curves are statistically different from each other. Of these measures, those that showed the two curves to be statistically significantly dif...
	The complex combination of factors effecting whether a teacher reenters should also be considered in addition to single variables, so I use the Cox regression analysis to simultaneously consider all variables that are of interest in predicting reentry...
	Table 2.2, in Models 1 and 2, shows the combined results for the nine factors considered in Figures 2.7 through 2.16.2F  Model 2 differs only in that an age-squared term was added to consider various functional forms of the variable relationships. Aga...
	2.6.2 Teacher Quality Measures and Return Patterns
	Previous research has not considered whether a teacher’s likelihood of return in some way responds to their perceived quality prior to leaving the classroom. If a teacher’s personal view of their personal performance in the classroom is able to respon...
	observation prior to exit from the classroom. Figures 2.17 through 2.20 present various measures of quality, different comparisons across the spreads of those measurements, and the resulting return patterns for teachers who have left. Figure 2.17 show...
	In Table 2.2, Models 3, 4, and 5 allow for the comparison of Cox regression analyses that include measures of VAM scores, principal evaluation scores, and both within the same model. For those observable variables that were previously included, no var...
	For the newly included quality measures, only one measure is found to be significant across any of the models. In Model 5, which includes both VAM score and principal evaluation score prior to exit, an increase in the principal evaluation score is ass...
	2.6.3 Differences of Quality Measures Across Teacher Groups
	To this point, I have considered the moderating impact of observed variables on the likelihood of returning to the classroom for those teachers that have left, including stable characteristics, trend characteristics that mechanically increase over tim...
	This leads to the third research question addressed here: Are the potential differences in observed quality homogeneous across different groups of teachers? DeAngelis (2013) bifurcated her analysis by gender and separately by urbanicity, and I add to ...
	Figures 2.21 through 2.24 present the Kaplan-Meir Survival Functions of VAM scores interacted with gender status, minority status, urbanicity of school at exit, and licensure status at exit, respectively; Figures 2.25 through 2.28 present the same var...
	2.7 Discussion and Conclusion
	This analysis allows for a broad look across different types of teachers and across almost two decades of observations, showing the return patterns of teachers to the classroom with consideration for the various observable factors that moderate their ...
	the classroom within five years of leaving (DeAngelis, 2013; DeAngelis and Presley, 2007; Grissom and Reininger, 2012; Murnane et al., 1991; Plecki et al., 2006; Raue and Gray, 2015; Stinebrickner, 2002). While there have been many reasons for shortag...
	Following the lead of previous research, I hypothesized that female teachers would outpace their male counterparts in their return rates to the classroom. The present analysis does not present clear findings. Whereas I do see patterns similar to previ...
	A contribution of this paper, as called for by previous research, is the consideration of teacher quality measures from their time in the classroom prior to exit as a moderator in the decision of whether or not to return. I find no evidence that eithe...
	These findings provide new insight into the association between licensure status and the decision to return to the classroom, a linkage that has not been previously considered. As with previous studies, I find that the majority of returners leave earl...
	This descriptive study was not able to capture every nuance of the choice sets that teachers face in deciding whether to return to the classroom. Important factors, such as family status and the link to childcare policy have been highlighted in previo...
	CHAPTER 3
	3.1 Introduction
	Teacher quality stands as the most important in-school variable in determining a student’s academic and career earning outcomes (Chetty et al., 2014; Kane and Staiger, 2008; Raudenbush, 2014). In adjacent studies, education researchers have also tried...
	The connection between teacher quality and teacher attrition is only the beginning of the story. Education researchers have paid minimal attention to the multiple career paths of teachers, and what receives less attention is that a sizeable number of ...
	Previous papers on teacher reentry have presented a descriptive look at what types of teachers are most likely to reenter: elementary teachers are more likely than secondary teachers to reenter, teachers with high certification test scores are more li...
	In this dissertation paper, I will consider how returning teachers compare to teachers who did not take extended time away from the classroom in terms of teacher value-added models (VAM). To best understand this comparison between those who return to ...
	The current research is solely concerned with test-based value-added measures as a means of considering an observable outcome that compares returning teachers and teachers who do not take leave from the classroom during the observed time period. The t...
	Test-based value-added measures use student test scores for those students in a given teacher’s classroom in a specific year to quantify how the teacher impacted the learning of students. While some have previously criticized the shortcomings of using...
	1. How is teacher quality affected, as measured by test-based value-added measures, when teachers are away from the classroom for one or more years?
	2. Are teacher value-added scores differentially impacted based on years away from the profession?
	3. Are teacher value-added scores differentially impacted based on when in their career a teacher left?
	4. To what extent do teacher value-added scores rebound after time away from the classroom?
	This research will develop a knowledgebase surrounding how time away from the classroom affects teachers, specifically in terms of test-based value-added measures. It will be the first analysis to pair data about teacher exit and reentry with test-bas...
	3.2 Literature Review
	3.2.1 Modeling Teacher Quality Growth as Human Capital Formation
	Mincer and Ofek (1982) find that time away from a profession depreciates human capital, as demonstrated by generally lower wages for returners to the workforce after time away. Human capital is generally defined as “the stock of skills that the labor ...
	Teacher productivity is the measure of educational outcomes (e.g., student knowledge, student behaviors, or student degrees completed) per teacher. Because salaries do not accurately measure teacher productivity, different measures are needed, several...
	The effect of long-term absences from the classroom, however, whether a year or longer, on human capital formation and their effect on student achievement has not been explored. When considering how career choices shape human capital development, this...
	Prior research has developed a basic framework of the path of teacher human capital formation over time. A finding that has been often replicated is that teacher quality grows during the first few years in the classroom (Harris and Sass, 2011; Clotfel...
	3.2.2 Teacher Experience and Human Capital Development
	What do we know about the effects of teacher experience on teacher human capital? Generally, the literature finds that early career experience increases teacher human capital and productivity as measured by student achievement on test scores (Harris a...
	Beyond these average gains to experience that most teachers undergo, there are also heterogenous effects across different types of schools. Not only is the average teacher more effective in low-poverty schools, but there are more pronounced gains to e...
	Alongside general gains to experience, Ost (2014) presents a more nuanced understanding of additional considerations that must be made in how teacher human capital develops. Not only do teachers gain “general human capital” from additional years of te...
	3.2.3 Teacher Career Paths and Human Capital Development
	In addition to teacher experience, there are other teacher career path choices that have been shown to impact a teacher’s human capital accumulation. For example, there are differences in teacher quality when comparing teachers from varying teacher pr...
	3.2.4 Teacher Human Capital Depreciation Related to Leaving
	There has been some consideration of the effect of short-term absences on teacher quality (Henry and Redding, 2018; Redding and Henry, 2019). When students lose teachers during the school year, these students experience a negative shock that is clearl...
	Across the teacher human capital development research, there is evidence that teacher experience, teacher career paths, and within-school supports are associated with higher student achievement. Previous research has also shown that these factors are ...
	Based on this review of the formation of human capital and how a teacher’s time away from the classroom may play a critical role in the formation process, I rely upon the conceptual framework and knowledge of how teachers sort into decisions on whethe...
	3.3 Data
	This dissertation uses administrative data from the state of Tennessee, provided by the Tennessee Department of Education (TDOE) through the Tennessee Education Research Alliance (TERA), allowing for a detailed look into the exit and reentry patterns ...
	3.3.1 Tennessee
	These data were collected for teachers, other school professionals, students, and the schools from the 2001-2002 to 2017-2018 academic years, with records for 166,805 unique school employees, 139,463 of which served as teachers in public school classr...
	The dataset also links students to teachers so that teacher-specific value-added scores can be calculated. In grades 3-8, standardized student test scores are available for reading, math, science, and social studies achievement. For analysis purposes,...
	3.3.1.1 Teacher Sample Selection
	Of the 139,463 teachers in the sample, 12,782 teachers are included who take some length of time away from the classroom and return within the timeframe of the dataset; these teachers who have returned to the classroom experience the treatment that is...
	Within these two groups, treatment and control, only a sub-sample have the necessary outcome variable measurements to be a part of the analysis. For this paper, I am particularly concerned with those teachers who have ties to student test scores, whic...
	3.4 Methods
	The description of methods is divided into three sections: the first section explains the approach used for the difference-in-differences analysis using teacher matching; second, there is a consideration of the proper validity checks for a difference-...
	3.4.1 Difference-in-Differences Using Matching Methods
	The purpose of this analysis is to analyze whether there is an effect on teacher quality as measured by value-added on student test scores-based VAM outcomes and effectiveness ratings from principals when a teacher takes time away from the classroom a...
	some degree of selection bias that will affect the estimator. To the degree that the reason teachers choose to take time off is correlated with measures of human capital, selection bias is an issue in the model. For this reason, non-experimental metho...
	In order to best understand this effect, both in terms of direction and magnitude, I operationalize a difference-in-differences design combined with matching treatment and control teachers (Abadie, 2005; Blundell et al., 2004). This allows the analysi...
	The first step matches treated teachers with non-treated, control teachers for comparison using matching methods, an estimation method often used with non-experimental labor market studies (Kluve et al., 2008; Heckman et al., 1997). Matching methods a...
	Coarsened exact matching (CEM) is a “monotonic imbalance-reducing matching method,” thus allowing for balance across variables after the matching process that can then be used for analysis (Blackwell et al., 2009). Specifically, the only continuous co...
	The data must meet several requirements for matching methods to be used (Stuart, 2010; Guo and Fraser, 2010; Caliendo and Kopeinig, 2008). First, the matched groups must meet the conditional independence assumption, which assumes that conditional on t...
	After treatment and control groups are created using matching methods, the second step is to use these newly created groups with a difference-in-differences quasi-experimental design to ascertain what effect could be proscribed to the treatment. The t...
	,𝒚-𝒊𝒕𝒈.=,,𝜶-𝒊𝒕.+,µ-𝒊𝒕.+𝜷,𝑫-𝒊𝒕.+𝜸,𝑿-𝒊𝒕𝒈.+𝝅,𝑺-𝒊𝒔𝒕.+,𝜽-𝒈.+𝜺-𝒊𝒕.  [3.1]
	By itself, this model is capable of calculating a singular parameter that would be the homogeneous average treatment effect for the treated population (ATT), but because the present research is concerned with more than just the standard ATT, I use the...
	For this analysis, the “treatment” must be critically considered because the treatment is the removal of treated teachers from the observed data set, sometimes for several years. Because of this strange quality of the observed data, the difference-in-...
	In Figure 3.1, control teachers are observed pre- and post-treatment, as well as in the unobserved years when treated teachers are absent. The treated teachers are observed only in pre-treatment time and post-treatment time, and are missing during the...
	Beyond the base model found in Equation 3.1 which informs Research Questions 1, Research Question 2 adds to the base equation by amending the difference-in-differences model to create a difference-in-difference-in-differences model that uses the inter...
	3.4.1.1 Validity Checks
	When evaluating the efficacy of an intervention, the best-case scenario is that individuals are assigned to treatment and control groups at random. Most often, when this scenario is not possible or, as in this case, when research is looking retrospect...
	Prior to treatment, treatment and control groups should meet the parallel trends assumption, giving credence to the notion that without treatment, the trends would have been the same. Beyond graphical evidence of the data meeting this test, statistica...
	Concerning whether there is a relationship between who is treated and the outcome of interest, the matching plays an important role. As outlined earlier, the prior literature would lead to a prediction that lower value-added teachers are more likely t...
	Finally, Granger tests seek to show how the measurement of one variable in a time-series or panel dataset predict another, future variable (Granger, 1969). Here, I use the Granger test to show non-causation of leading treatments of pre-treatment outco...
	,𝒚-𝒊𝒕𝒈.=,𝜷-𝒕.+,𝜷-𝟏.𝑷𝒐𝒔,𝒕-𝒊𝒕.+,𝜷-𝟐.𝑬𝒗𝒆,𝒓-𝒊𝒕.+,𝜷-𝟑.,𝑷𝒐𝒔,𝒕-𝒊𝒕.∗𝑬𝒗𝒆,𝒓-𝒊𝒕..+…+,𝒔=𝟏-𝑺-,𝜷-𝟑,𝑷𝒐𝒔,𝒕-𝒊+𝒔...+,𝜺-𝒊𝒕. [3.2]
	The expectation is that the false-treatment term will not significantly predict the outcome (Wing et al., 2018).
	3.4.2 Value-Added Measures of Student Test Scores Before a Teacher Leaves and After a Teacher’s Return
	In this paper, I use value-added scores based on student standardized test scores. There is a large literature on how to properly frame these measures, so the following section considers some of those issues and then presents the value-added scores as...
	3.4.2.1 Value-Added Measures in Teacher Policy and Teacher Return
	Previous literature on returning teachers has not made the connection between teacher effectiveness using value-added scores and the decision of teachers to return to the profession. While some previous research has considered the importance of teache...
	So, are value-added scores appropriate to use in this context? The use of VAM has been criticized for its instability when compared to other quality measures such as observation scores (Darling-Hammond et al., 2011; Sass, 2008), instability across tes...
	However, decisions must be made. Choices concerning teacher hiring and training should be informed by relevant information, which includes value-added scores. Previous literature has highlighted the importance of coupling value-added scores with princ...
	To ascertain a measure of teacher quality upon reentry into the classroom and the difference from the time of leaving, the measure is first needed upon exit from the classroom, which is best explored by Feng and Sass (2017). Teachers who have low valu...
	The analysis compares outcomes using value-added scores, which were generated using the following general form, which is adapted from previous empirical models (Ost, 2014; Jackson and Bruegmann, 2009):
	,𝒚-𝒊𝒋𝒈𝒔𝒕.=𝝀𝒇,,𝒚-𝒊,𝒕−𝟏..+,𝝎-𝒋,𝒊,𝒈.,  𝒕.+𝜸,𝑿-,𝒊,𝒕..+,𝜿𝑹-,𝒊,𝒕..+𝝈,𝑺-𝒊𝒔𝒕.+,𝜽-𝒈𝒕.+,𝜺-𝒊𝒋𝒈𝒔𝒕.  [3.3]
	where y represents the test score of student i in grade g in school s in year t, who was in the classroom of teacher j. Likewise, ,𝒚-𝒊𝒕−𝟏. represents the lagged test score of student i in the previous year t-1. Information contained within the pre...
	3.5 Analysis and Findings
	3.5.1 Post-Absence Teacher Value Added Measures
	I begin by asking how teacher quality is affected, as measured by test-based value-added measures, when teachers are away from the classroom for one or more years? This analysis was performed across all tested subjects and the combined all-subjects va...
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