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Abstract
[bookmark: _Hlk100410081]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.
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 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. [bookmark: _Hlk134281106]Are teachers less likely to return to the classroom or to the same school if their previous principal is no longer present?
2. [bookmark: _Hlk134281242]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.
Literature Review
[bookmark: _Toc30053226]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.
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). 
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).
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.
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.
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 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.
Principal Observation Scores in Tennessee
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 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 to 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).
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 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 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 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 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 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 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 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.

Figure 1. Conceptual Model of Teacher Attrition and Reentry 
[image: ]
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.
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.
[bookmark: _Toc30053236]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.[footnoteRef:1] 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. [1:  The indicator to identify principals is not available until the 2003-2004 school year.] 

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,[footnoteRef:2] 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, three, and four[footnoteRef:3] 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:  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).]  [3:  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).] 

[bookmark: _Toc30053237]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.
[bookmark: _Toc30053238]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 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.
Table 1. Summary Statistics of Teachers from First Observed Year of Teaching: Teachers with Principal Observation Scores
	
	(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.
[bookmark: _Toc30053239]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.
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. 
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):
(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 , 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. 
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. 
[bookmark: _Hlk34044842][bookmark: _Hlk34044861]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.
[bookmark: _Hlk34044884]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., 1998). 
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.
[bookmark: _Hlk34044900]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: 
	(2) 
[bookmark: _Hlk140342700]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, , 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,  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, , 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,  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 2 as an example of the treatment versus control contrast.
In Figure 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 2 below illustrates what these two groups could look like.
Figure 2. Example Outcome Measure Over Time

Note: The comparison provided is for example purposes only and is meant to show a contrast of possible outcomes.
[bookmark: _Hlk34044951]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 2 is rerun, but with the insertion of a false-treatment term:
(2) 
The expectation is that the false-treatment term will not significantly predict the outcome (Wing et al., 2018).

Analysis and Findings
R1. 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 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 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 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 6 and 7 represent differences in return patterns by experience at departure and total time away, respectively. Figure 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 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 8 and 9 show the movement of teachers based on their licensure status. Figure 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 9, we see that those with alternative licensure have a high level of movement within the district, but not necessarily 


Figure 3. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers[image: ]
Note: All observed teachers included in the sample.
Figure 4. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by Gender
[image: ] Note: All observed teachers with gender identification included in the sample.
Figure 5. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by White/Non-White Status[image: ] 
Note: All observed teachers with race/ethnicity identification included in the sample.
Figure 6. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by Experience at Exit
[image: ] 
Note: All observed teachers included in the sample. 
Figure 7. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by Time Away from the Classroom
[image: ] Note: All observed teachers included in the sample. Return dates beyond 15 years are right-censored.
Figure 8. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by Licensure Status (Professional vs. Apprentice)
[image: ]Note: All observed teachers with licensure identification included in the sample. Licensure is either Apprenticeship or Professional.
Figure 9. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by Traditional vs. Alternative Licensure Status 
[image: ]
Note: All observed teachers with licensure identification included in the sample. Licensure is either Traditional or Alternative.
Figure 10. Return Patterns to Same School, Same District, or Other School Return for All Returning Teachers by Urban/Non-Urban Departing School
[image: ]
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 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
[image: ]      Note: All observed teachers with observed principal in pre- and post-years included in the sample.
Table 2. Cox Regression Analysis of Teacher Return Predictors in Relation to the Same Principal Present at Exit School
	
	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.





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 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 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 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. 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 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.
R2. 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.


[bookmark: _Hlk130760982]Table 3. Difference-in-Differences Analysis of Teacher-Return Impact on Principal Observation Scores
	
	(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.
The first set of analysis presented in Table 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 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 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 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 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 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), 
[bookmark: _Hlk137386742]Figure 12. Principal Observation Scores Across Time, Compared Against the Time of the Matched Returning Teacher
[image: ]
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.
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 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, 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.
Table 4. Difference-in-Differences Analysis of Teacher-Return Impact on Principal Observation Scores, Compared Against Teachers with Same Years of Experience
	[bookmark: _Hlk137393855]
	(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.

Discussion
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 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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Appendix A. TEAM Observation Rubric
	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).
Treat	1	2	3	4	5	6	7	8	9	0.4	0.43	0.46	0.35	0.39	0.43	Control	1	2	3	4	5	6	7	8	9	0.45	0.47	0.49	0.51	0.53	0.55000000000000004	0.57000000000000006	0.59000000000000008	0.6100000000000001	Unobserved	1	2	3	4	5	6	7	8	9	0.46	0.43	0.4	0.37	0.35	Year in Career


Quality Measure
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