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Welcome Back, Teacher: A Quantitative Exploration of Teacher Labor Movement Out of and Returning to the Classroom and the Impact of Time Away on Teacher Quality Measures
P2: Returning Teachers and Student Test Scores: A Comparative Analysis
Abstract
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.
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.[footnoteRef:1] 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. [1:  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.] 

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 (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.

Literature Review
[bookmark: _Toc30053220]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?
[bookmark: _Hlk31017572]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 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[footnoteRef:2] 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.  [2:  A majority of the prior literature utilizes value-added scores as a proximate measure of human capital, though some studies have used non-cognitive measures (Gershenson, 2016; Jackson, 2018; Liu and Loeb, 2019) and principal evaluations (Kane and Staiger, 2012).] 

[bookmark: _Toc30053221]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 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.
[bookmark: _Toc30053222]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. 
[bookmark: _Toc30053224]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.

[bookmark: _Toc30053231]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.
[bookmark: _Toc30053236]

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 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.
[bookmark: _Toc30053237]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.
[bookmark: _Hlk136032202][bookmark: _Hlk34044788]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 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.
Table 1. Summary Statistics of Teachers from First Observed Year of Teaching: Teachers with Test Score-Based VAM
	
	(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.
[bookmark: _Toc30053238][bookmark: _Hlk135859387]
Methods
[bookmark: _Hlk135864251]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.
[bookmark: _Toc30053239]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 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. 
[bookmark: _Hlk34044842][bookmark: _Hlk34044861]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.
[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 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.
[bookmark: _Hlk34044900]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: 
	(1) 
[bookmark: _Hlk140342700][bookmark: _Hlk34044935]As seen above, the design allows for a clear comparison of the treated and non-treated groups both pre- 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, , 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 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, , 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 1 as an example of the treatment versus control contrast.
In Figure 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 1 below illustrates what these two groups could look like.
Figure 1. Example of a Hypothetical Outcome Measure Over Time

Beyond the base model found in Equation 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 (), treatment in a given year (), 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 1, but replaces the post-treatment categorical marker () 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.
[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. 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 1 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).
[bookmark: _Toc30053240]Methods: Value-Added Measures of Student Test Scores Before a Teacher Leaves and After a Teacher’s Return
[bookmark: _Hlk31017016]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.

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. 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.
[bookmark: _Hlk63863977]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):
(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,  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, , 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,  is a grade-by-year fixed effect.



Analysis and Findings
[bookmark: _Toc30053244]R1. 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.
[bookmark: _Hlk130760982]Table 2. Difference-in-Differences Analysis of Teacher-Return Impact on Teacher Value Added Measures
	
	(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 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 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 () 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. 
R2. 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, 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 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.
Table 3. Difference-in-Difference-in-Differences Analysis of Teacher-Return Impact on Teacher Value Added Measures and Years Away from the Classroom
	
	(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.
R3. 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 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. 
Figure 2. VAM Scores by Years of Experience for Teachers that Leave and Return and Teachers with Uninterrupted Careers
 [image: ]
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 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.
R4. 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 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 
Table 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
	-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 5. Difference-in-Difference Analysis of Teacher-Return Impact on Teacher Value Added Measures and VAM Change After Return
	
	(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.
Figure 3. Kaplan-Meier Survival Function for Returning Teachers and Subsequent Departure
[image: ]


Figure 4. VAM Scores Across Time, Compared Against the Time of the Matched Returning Teacher
[image: ]
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, of the full sample of teachers who return to the classroom after 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).[footnoteRef:3] [3:  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.] 

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 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,[footnoteRef:4] 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.  [4:  Analysis found in Appendix A.] 

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.[footnoteRef:5] [5:  Analysis found in Appendix B.] 



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 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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Appendix A. Parallel Trends Regression Analysis
	
	(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 B. Granger Test Analysis
	
	(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.

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
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