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Abstract 

We use rich longitudinally matched administrative data on students and teachers in North 

Carolina to examine the patterns of differential effectiveness by teachers’ years of experience. 

The paper contributes to the literature by focusing on middle school teachers and by extending 

the analysis to student outcomes beyond test scores. Once we control statistically for the 

quality of individual teachers by the use of teacher fixed effects, we find large returns to 

experience for middle school teachers in the form both of higher test scores and improvements 

in student behavior, with the clearest behavioral effects emerging for reductions in student 

absenteeism. Moreover these returns extend well beyond the first few years of teaching. The 

paper contributes to policy debates by documenting that teachers can and do continue to learn 

on the job. 
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I. Introduction 

In the late 1980s, most of the nation’s teachers had considerable experience – only 17 percent 

had taught for five or fewer years. By 2008, however, about 28 percent – or more than one in four of 

America’s teachers – had five or fewer years of experience (Ingersoll and Merrill 2010). Some observers 

applaud this “greening” of the teaching force because they believe that experience is not crucial to 

teacher effectiveness. Others decry the trend because they believe that good teaching is a complex 

process that can best be mastered through years of classroom experience.  The purpose of this paper is 

to speak to this policy debate. In particular, we use longitudinally matched administrative data on 

middle school students and teachers in North Carolina to examine the patterns of differential 

effectiveness by teachers’ years of experience.  

 Most researchers and policy makers agree that regardless of how effective they may eventually 

become, novice teachers are typically less effective than their counterparts who have more experience. 

Under debate is the extent to which teachers continue to learn on the job beyond the first few years of 

teaching. In recent years, researchers have used administrative data from individual states and districts 

to examine how teaching experience contributes to student test scores. Research by Kane et al. (2008) 

concludes, for example, that while teachers have a steep learning curve for the first few years, the test 

score returns to experience level off after four or five years. Using data from New York City, Boyd et al. 

(2008) report a similar pattern for both elementary and middle school math teachers. Although studies 

by Clotfelter, Ladd and Vigdor (henceforth CLV), based on North Carolina data (2006, 2007a, and 2010) 

confirm that the returns to experience are largest in the first five years, they report some limited gains 

beyond that for both elementary school math and reading teachers, but none for high school teachers. 

Using Florida data, Harris and Sass (2011) find rising returns to experience through more than 20 years 

of experience for elementary and secondary school teachers, but negative returns for high school 
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teachers. Aaronson et al. (2007), which focuses on 9th grade teachers in Chicago, is one of the few 

studies to report no returns to experience.  

 The patterns undoubtedly differ across these and other studies in part because of the differing 

contexts. Another reason they may differ, however, is that researchers have used different statistical 

methods, ranging from cross sectional analysis (CLV 2006) to panel data with various fixed effects 

(Hanushek et al. 2005; CLV 2007), to two-stage models (Aaronson et al. 2007), to random assignment 

and natural experiments (Dee 2004). In addition, researchers specify the experience variable in different 

ways. Some researchers group experience levels into categories (CLV 2006, 2007, 2010), some constrain 

returns at higher levels to be zero (Rockoff 2004), and some use a detailed set of indicators (Boyd et al. 

2008). Two recent papers (Wiswall 2013; Papay and Kraft, forthcoming) have drawn close attention to 

the specification of the experience variables and to the identifying assumptions that underlie them. As 

we explain below, we combine the insights from these two recent papers with other modeling 

considerations for this paper. Hence, the first contribution of this paper is our careful attention to model 

specification.  

 A second contribution is our focus on returns to teacher experience in middle schools, an 

understudied level of schooling. In their 2011 summary of research on teacher experience, Harris and 

Sass (2011) include 22 estimates of experience effects for elementary school teachers (12 based on 

math test scores and 10 on reading scores) but only 7 for middle school teachers (4 for math and 3 for 

reading) and only 4 for high school teachers (2 for math, 1 for reading and 1 for combined math and 

reading scores. Although the federal No Child Left Behind Act required every state to test all students in 

math and reading annually in grades 3-8, several studies focus on teachers in the elementary grades 

alone. That is especially true for the many studies that rely on North Carolina statewide data because 

until recently it was not possible to match students to their teachers in middle schools in that state (CLV 

2007b; Harris and Sass 2011; Wiswall 2013; Xu, Ozek, and Hansen 2013).  
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 Starting in 2006, however, the North Carolina Department of Public Instruction has provided 

administrative data to the North Carolina Education Research Data Center in a form that links students 

to their teachers. As a result we are able to use panel data from 2007 to 2011 to examine North Carolina 

middle school teachers.  For the purposes of this study, we define middle school students as those in 

grades 6, 7, or 8 regardless of the type of school, e.g. middle, elementary, or K-12, that offers the grade. 

Given the differing existing findings related to experience for teachers at the elementary and the high 

school level and the special position of middle schools between the nurturing environment of 

elementary schools and the larger size and departmentalization of high schools, more attention to 

teachers at the middle school level is desirable.  

 A third contribution of the paper is that we broaden the types of returns to teacher experience 

beyond student test scores to include student behaviors. Clearly, effective teachers do more for 

students on a daily basis than simply imparting a narrow set of reading or math skills. Ideally, such 

teachers cultivate character, discipline and curiosity, and a variety of other capacities that are 

sometimes referred to as non-cognitive skills. Research has documented that non-cognitive capabilities 

in adolescence strongly influence educational attainment, employment, earnings, occupation, antisocial 

behavior and substance use in adulthood (Heckman, Stixrud, and Urzua 2006; Lleras 2008). We build 

here on the work of Jackson (2012a) who uses data on 9th grade teachers in North Carolina, combined 

with longitudinal survey data on the relationship between non cognitive skills and long run outcomes, to 

demonstrate that teachers contribute to the long run well-being of students not only by raising student 

test scores but also by developing their non-cognitive skills. Moreover, he shows that the teachers who 

are productive in one dimension are not always productive in the other dimension.  

  As we describe in more detail below, we are able to estimate how a teacher’s experience 

contributes to four non-test score outcome measures: absences, reported disruptive classroom 

offenses, time spent completing homework, and time spent reading for pleasure. Although these 
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behaviors depend in part on a student’s home or community environment, they also reflect important 

facets of learned motivation, perseverance, and self-control, and may be particularly important for the 

future success of middle school students. Evidence that more experienced teachers generate more 

positive outcomes along these dimensions as well for test scores would greatly strengthen the policy 

argument for pursuing policies designed to develop and retain experienced teachers.   

 Based on our preferred models, we find clear returns to experience in the form of higher 

student test scores. These returns rise at least through 12 years of experience both for middle school 

teachers of math and of English and language arts (ELA). Consistent with prior research, the returns to 

experience are largest during the first few years, especially for math teachers. Contrary to the received 

wisdom, however, the returns continue to rise well beyond the first five years for teachers of both 

subjects. Although the returns level off after 12 years for math teachers, our results imply that math 

teachers with 21-27 years were still 0.04 standard deviations more effective than they would have been 

after five years. For ELA, teachers with 21-27 years of experience were 0.04 standard deviations more 

effective as when they had five years of experience.  

 Despite somewhat more mixed patterns for the non-test outcomes and less precision, some 

evidence of positive returns to experience still emerge. The most consistent findings appear for 

teachers’ success in preventing student absences. In particular, experienced teachers effectively reduce 

the number of students with high levels of absenteeism across both ELA and math classrooms. In 

addition, experience appears to increase the ability of ELA teachers to encourage free reading and 

possibly time spent on homework (as reported by students). Also, weak evidence supports the view that 

math teachers become more effective in reducing disciplinary offenses, especially in the first several 

years of teaching. The statistical models on which these findings are based are similar to those used for 

the test scores, and hence address the various statistical challenges that arise in estimating any type of 

return to experience. We conclude that as individual teachers gain experience they become more 
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effective not only in raising test scores but also in contributing to other valued behaviors, such as 

attending school or reading outside of school.   

 Of course not all teachers are equally effective. Nor would we expect the returns to experience 

to be the same for all teachers in all school environments. Hence the first task for policy makers is to 

recruit high quality teachers. In light of our findings, the challenge then is to support their development 

and to retain them.  

II. Why pay attention to teacher experience in middle school? 

Despite how simple good teaching may appear to the outside observer, extensive educational 

research, most of which is qualitative, shows that good teaching is in fact a complex process that poses 

challenges not present in other professions (Labaree 2000). The factors that make teaching difficult start 

with the problem of client cooperation. That is, the success of the teacher depends heavily on the active 

cooperation of the student. Cohen’s 1995 description is apt: students are not inanimate objects like 

blocks of wood that can be acted on by a carpenter; instead, they are people with their own motivations 

and will (Cohen 1995, p. 30). An associated factor is that the students are required to be in school, and 

many might not be there if they had a choice. Teachers also face the challenge of managing emotions. 

Further is the problem of structural isolation as most teachers teach in self-contained classrooms, where 

the first order of business may be to maintain control. Finally teachers have to deal with the chronic 

uncertainty about their effectiveness as a consequence of the challenges they face and the often 

contradictory purposes that societies impose on the educational endeavor.  

Like experts in other domains, experienced teachers quickly recognize patterns in what they 

observe, see more complexities than novices and bring to bear many sources of knowledge about how 

to respond to them. In addition they are flexible in their practice, and have a broad repertoire of skills 

that they can easily access and implement to achieve their goals (Berliner 2001, 2004). The implication is 
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that teachers can learn the basic tools of teaching in their pre-service training, but mastery of teaching 

requires extensive reflection that can only come with experience and exposure to a variety of classroom 

experiences.  

The process of teaching is likely to be particularly complex for middle school teachers because it 

happens amidst a critical period of cognitive, socio-emotional, and biological development of students 

who confront heightened social pressures from peers and gradual decline of parental oversight. As 

Laurence Steinberg summarizes, “adolescence is characterized by an increased need to regulate affect 

and behavior in accordance with long-term goals and consequences . . . Because developing brain, 

behavioral and cognitive systems mature at different rates and under the control of both common and 

independent biological processes, this period is often one of increased vulnerability and adjustment” 

(Steinberg 2005, p. 69). The experience of transitioning to middle school can overwhelm students who 

often face a larger, more heterogeneous set of peers, lower levels of student engagement, and 

classroom teachers with less experience and higher turnover (Byrnes and Ruby 2007). Behaviors that 

emerge for some students in middle school – including chronic absenteeism, failed courses, and 

suspensions – provide a fairly reliable warning sign of dropping out of high school (Balfanz, Herzog, and 

Mac Iver 2007). If indeed middle school represents such a critical turning point for many students, 

positive teacher influence or interference may be especially valuable.  

How experience plays out in practice at the middle school level is an empirical question. On the 

one hand experience may be particularly useful at this level because of the trials of teaching adolescent 

students. On the other hand, the challenges of teaching at the middle school level may lead to teacher 

burnout that could reduce the effectiveness of teachers who remain as teachers for extended periods of 

time. Consistent with these or other considerations teacher turnover rates are higher in middle schools 

than in other levels of schooling (Clotfelter et al. 2007; Boyd et al. 2008; Marinell and Coca 2013).  
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III. Data and Basic Models 

We rely on administrative data on teachers and students in North Carolina from the North 

Carolina Education Research Data Center. As we noted earlier, we define students in middle schools as 

those who are in grades 6, 7, or 8 regardless of the grade configuration of their schools. About 86 

percent of such students in North Carolina are in schools serving grades 6-8 and the other 14 percent 

are in schools with other grade configurations including, but not limited to, grades K-6 or 7-12. We work 

with about 250,000 students each year, for a total of about 1.2 million student-year observations. These 

data are available for the period 2006-2011 which permits us to work with the academic years 2006-07 

to 2010-2011 given that the models include lagged variables.   Prior to that time, it was not possible to 

link students to their teachers except through information on the proctors of the end-of-course exams. 

For elementary students the proctor was typically the teacher in a self-contained classroom, and was 

hence the relevant teacher for the analysis. For middle school students, that was often not the case. 1 

Starting in the 2005-2006 school year, the state has provided information on the teachers of each 

student by subject. In addition to permitting new analysis of teacher effectiveness at the middle school 

level, this data provides stronger teacher-subject-student links than at the elementary school level, 

where teachers are more frequently linked to the wrong subject (Harris and Sass 2011). 

Nonetheless, we must still determine the teachers who are likely to be most responsible for a 

student’s performance on the end-of-grade tests in reading and math and a student’s non-test 

behaviors. At the middle school level, students typically have some choice of classes and do not all enroll 

in the same set of courses. In addition a few students may enroll in more than one math or language 

arts course. As a result, the task of determining the main teacher is more complicated than at the 

                                                             
1 In a previous CLV effort to match students to teachers in middle school, only 34 percent of sixth grade students, 29 
percent of seventh grade students, and 26 percent of eighth grade students could be matched to their math teachers. 
(CLV 2007b).  Although the match rates were far higher for elementary school teachers, recent research has 
documented the potential for mismatch of students to teachers at that level as well (Isenberg, Teh and Walsh 2015).   
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elementary school level where often a single teacher in a self-contained classroom teaches both math 

and reading. It is also more complicated than at the high school level in North Carolina where end- of- 

course tests are more directly linked to courses and the teachers who teach them. Our strategy at the 

middle school level is to define the relevant teacher for math and for ELA for each student as the 

teacher of the most common math or ELA course taken by the student. For example, if an 8th grader 

takes the standard 8th grade math course (determined as the course with the highest proportion of 8th 

grade students), we assign as the student’s main math teacher the teacher of that student in that 

course. If a student does not take that course, we look for the next most enrolled math course that the 

student is enrolled in and use the teacher of that course as the main teacher. We follow a similar 

procedure for ELA.2 For each relevant teacher defined in this way, we can compute from the 

administrative records years of experience and credentials such as licensure test scores, National Board 

Certification, and competitiveness of the teacher’s undergraduate institution.  

At the student level, we have student test scores in math and English Language Arts (ELA) that 

can be matched over time. In addition, we make use of student level information on absenteeism, 

disciplinary offences, time spent on homework, and free time spent reading. Details about these student 

behavior measures appear in Section V. 

Our goal is to determine how one characteristic of teachers, namely their years of experience, 

affects their ability to improve the test scores of their students or to change their behavior in desirable 

ways. To do so, we estimate a variety of models at the level of the individual student. To simplify the 

presentation at this point, we focus here on test scores alone, leaving to later the modeling of student 

behaviors. Although we estimate separate models for student performance in math and English 

                                                             
2 For math 81.3 % of the students are in math (code 2001), 8.5 percent are in algebra 1 (code 2023). 4.7 % are in 
introductory mathematics (code 2020), 3.3 % are in accelerated middle school math (code 2003) and smaller 
percentages are in a variety of other courses. For language arts, 90.4 percent of the students are in language arts 
(code 1010), 6.1 % are in reading (code 1001), 1.0 percent are in English as Second Language (code 1038); and 
smaller percentages are in a variety of other courses.  
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Language Arts (ELA), we simplify here by referring to student achievement (A) as the outcome variable, 

without attention to subject.  Two primary modeling challenges arise. One relates to the non-random 

distribution of students to teachers. The other relates to the specification of the experience variables.    

Non-random distribution of students to teachers 
 

As has been well documented in the literature, students are not randomly distributed among teachers, 

with more advantaged students typically found in classrooms with more qualified teachers (Betts, 

Keuben, and Danenberg 2000; Lankford, Loeb and Wyckoff 2002; Clotfelter et al. 2007). Table 1 

illustrates that pattern for our North Carolina data. Although the same pattern holds for each middle 

school grade and for each year of our data, we illustrate it for teachers of 7th graders in 2010, with math 

teachers in the top panel and ELA teachers in the bottom panel. The students are grouped by their race 

and their family income, as measured by their eligibility for free or reduced price lunch. The columns 

refer to characteristics of the students’ teachers, with the entries representing the average proportions 

of teachers served by each specified group of students. In all cases, the teacher qualifications are 

defined so that higher proportions represent teachers with weaker qualifications. For example, moving 

down the first two columns, we see that compared to white students and, also in most cases to Hispanic 

students, black students have higher proportions of math teachers with limited experience defined 

either as 0-1 or 2-5 years. In particular, the probability that a black 7th grader has a teacher with 5 or 

fewer years of experience is 38 percent in contrast to 29 percent for a white student. Similarly, students 

who are eligible for free or reduced lunch also have higher proportions of inexperienced teachers than 

their counterparts from more advantaged families. Moving across the columns show that similar 

patterns emerge for other teacher characteristics, such as whether the teacher graduated from an 

uncompetitive college, has a licensure test score more than one standard deviation below the mean, 

does not have an advanced degree or is not Nationally board certified.  
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 These distributional patterns are of policy interest in their own right. To the extent that teacher 

qualifications are causally linked to student achievement or other outcomes, as studies have shown a 

number of them to be, an uneven distribution of students of the type shown in the table translates into 

uneven outcomes that work to the detriment of disadvantaged students. In addition, this nonrandom 

sorting is directly relevant for efforts to model how teachers affect student achievement and other 

outcomes. The concern is that any estimates of teacher effectiveness may be biased upward by the fact 

that the teachers with stronger qualifications are more likely to be teaching the more advantaged 

students.  

 The standard approach for addressing this challenge is to control statistically as fully as possible 

for the characteristics of the students. Following the literature (see, for example, CLV 2007a, 2007b and 

Wiswall 2013), we use two approaches for doing so. In model 1 we control for the student’s prior year 

achievement and a number of both time invariant characteristics of students, such as their race or 

eligibility for free and reduced price lunch3, and time varying characteristics such as whether they are 

new to the school. In model 2, we replace the lagged achievement variable and the time invariant 

student characteristics with student fixed effects. These fixed effects capture both the observable and 

unobservable characteristics of the students that affect achievement, and might be viewed as a measure 

of the student’s ability and motivation. In both models we also include a number of classroom level 

variables to separate any teacher effects from classroom effects, and in model 1 we also include school 

fixed effects which means that we are identifying the teacher effects based on the within- school 

variation in teacher experience.   

  

                                                             
3 In practice, eligibility for free and reduced price lunch (FRPL) may not be time invariant because of possible 
changes in the income level of the students’ parents over time or because the student may choose not to participate 
in the program perhaps because of concerns about being stigmatized as poor. The fact that we are missing some 
FRPL data for some students for some years has forced us to define a time invariant variable based on whether we 
ever observe the child on FRPL in our sample.  



11 
 

Model 1 takes the form:   

Aijsgt = β0+ β1Ai,t-1 + β2TQjt + β3Xi + β4Xit + β5Cit + θj + δs + πgt + µijsgt   

And Model 2 takes the form 

Aijsgt = γ0 + γ1TQjt + γ2Xit + γ3Cit + θj + αi + πgt + µijsgt  

where Aijgjt is student achievement, for student i matched to teacher j, in school s, grade g and 

year t, and Ai,t-1 is lagged achievement. All the other variables are vectors. The vector TQjt represents 

time varying characteristics of teachers, such as their years of experience. As we explain below, the time 

invariant characteristics are captured by teacher fixed effects (θj).4 The vector Xi in model 1 refers to 

time-invariant student characteristics and Xit in both models refers to student characteristics that are 

time varying, such as whether the student has moved to a new school. The vector Cit refers to the 

classroom characteristics such as class size and composition of peers, including their average prior year 

achievement.5 In addition, both models include grade- by- year fixed effects (πgt), model 1 includes 

school fixed effects (δs), and model 2 includes student fixed effects (𝛼𝑖 ). The grade-by-year effects serve 

to control for differences across grades that may also differ by year, the school fixed effects for 

differences across schools, and the student fixed effects for observable and unobservable time-invariant 

aspects of student ability. The final term, uijsgt, is an error term for the ith student.6 

                                                             
4 If we were not including teacher fixed effects, this vector would include variables such as the teacher’s licensure 
test score, National Board certification, advanced degree and competitiveness of her undergraduate institution.  
5 Jackson (2012a; 2012b) argues that at the high school level it is also important to control for a student’s track 
because more experienced teachers may sort into tracks with unobservably higher achieving students or because 
tracks with more experienced teachers may provide other forms of supports. Those arguments are far less 
compelling for this study of middle school teachers, because while tracking may still occur in middle schools it is 
likely to be specific to a subject such as math rather than applying to a large set of courses as in, for example, the 
college track at the high school level. We follow the recommendation of Protik et al. (2013) and include as a control 
variable the mean lagged average achievement in the teacher’s class as well as other class characteristics. We note as 
well that the inclusion of student fixed effects in model 2 obviates Jackson’s first concern.  
6 In an earlier version of this paper, we also included results for models in which the dependent variable was 
expressed as the gain in test scores. That approach solves the endogeneity problem associated with having the 
lagged achievement variable on the right hand side of the equation, but at a big cost. In effect it constrains the 
coefficient on the lagged term to be 1, which would imply there is no decay in learning from one year to the next.   
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 Neither approach is perfect. In the model 1 specification, the lagged achievement variable 

serves as a proxy for all the prior inputs, including those at the family, school and community levels, that 

influenced student achievement prior to year t. Although the inclusion of lagged achievement makes 

intuitive sense in that one would not want to attribute to say, a student’s 7th grade teacher, all the 

student’s achievement up to that time, this specification requires some significant assumptions about 

linearity and constancy of decay that may not all be met in practice. 7  Within such a model, the 

coefficient β1 on the lagged term is typically interpreted as the share of knowledge that persists from 

one year to the next, or alternatively (1- β1) is the rate at which knowledge decays. If the error terms are 

serially correlated over time as they are likely to be, however, At-1 is not fully exogenous.8 Moreover, 

measurement error poses another statistical problem, albeit one we are able to address in our modeling 

effort. Nonetheless equation 1 has become the standard starting point for estimating the effects of 

teacher credentials on student achievement.9 

 The model 2 specification with student fixed effects excludes the lagged achievement term. 

Although, technically, lagged achievement could be included, that is not desirable in our sample both 

not only because it would be endogenous but also because of the limited number of observations for 

each student. As shown in a technical note by Rivkin (2006), the coefficients of interest that emerge 

from this model 2 specification are likely to be slightly downward biased. 

 

 

                                                             
7 One assumption is that the effect of teacher credentials in the contemporaneous year is constant across years and 
the relationship is linear. The second is that any decay in student achievement, or knowledge, from year to the next 
occurs at a constant rate. As a result, the rate at which a student’s knowledge persists from one year to the next 
occurs at a constant rate designated by the coefficient β1 in the model (CLV 2007b; Ladd 2008). 
8 Todd and Wolpin (2003) emphasize that unless the student ability endowment decays at the same rate as the input 
effects, the lagged term representing baseline achievement will be correlated with the error term and the coefficients 
cannot be consistently estimated with OLS. Moreover, the endogeneity of the baseline achievement will affect not 
only the coefficient of the lagged term but also estimates of all the input effects. 
9 We also estimated alternative model 1 regressions that included cross-subject lagged test scores to more fully 
account for prior student achievement. The findings related to the teacher experience variables were not affected.    
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Specification of the teacher experience variables 

The starting point for specifying the teacher experience variables is the inclusion of teacher fixed 

effects in both models. They are needed so that we can separate the contribution of additional years of 

experience to teachers’ effectiveness from time invariant measures of teacher quality. As noted by 

Wiswall (2013), the problem is in part one of selection; the teachers who choose to remain in teaching 

may differ in terms of quality from those who choose to leave. In addition, teachers of different vintages 

may be of different quality. By including teacher fixed effects, we are in effect holding teacher quality 

constant as we focus on the returns to additional years of teaching.  

Once we control for teacher fixed effects, however, the year variable (or in our case the grade-

by-year) variable which is intended to control for state-wide changes in policy or tests that affect 

student achievement is perfectly correlated with the experience variable for the typical teacher who 

remains in the same grade. Researchers have approached this problem in various ways. One is to 

identify the experience effects from the performances of the teachers with discontinuous career paths 

for whom the departures and returns break the correlation. Papay and Kraft (forthcoming) correctly 

criticize such an approach on the ground that such teachers are atypical and clearly not representative 

of all teachers. Another far more common approach is to group the teacher experience variables into 

bins (e.g. 1-2, 3-5, 6-10, > 10 years) and to estimate an average experience effect for each of the bins. 

With this approach, the year effects are identified by variation within each of the bins, and then those 

year effects are, in effect, used in the estimation of the returns to experience. Underlying this approach 

is the assumption that the returns to experience are similar within each of the bins. If the returns are 

rising, as they undoubtedly would be during the early years of a teacher’s career, which are included in 

the initial bins, the year effects will be overestimated which leaves too little of the remaining variation 

to show up as experience effects. Hence, that approach is likely to lead to severe underestimates of the 

returns to experience. A more sophisticated version of this model uses individual indicator variables for 
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the early years of experience, say through year 10, and then simply constrains the experience effect to 

be zero for later years as in Rockoff (2004). That approach is undoubtedly superior to the standard bins 

approach but imposes an assumption of no returns after year 10 that might well not be correct.  

Papay and Kraft (forthcoming) have proposed an alternative two-stage approach. They 

recommend that one first estimate year effects from a model that does not include teacher fixed effects 

and then in the second stage estimate the experience effects within a model in which the year effects 

are constrained to be those that were estimated in the first stage. The identifying assumption of this 

approach is that the returns to teacher experience do not differ across cohorts of teachers within the 

years of the sample. That is, a teacher with 10 years of experience in the first year of the sample (in our 

case 2007) and a teacher with 10 years of experience in the last year of our sample (here, 2011) would 

be equally effective on average. If, for a given amount of experience, the more recent cohorts of 

teachers are more effective than the earlier cohorts on average, perhaps because of rising state 

standards for teachers, a rising supply of qualified teachers, or differentially high attrition of higher 

quality teachers, the estimated experience effects will be downward biased. As we document later, we 

find that at specified experience levels, the recent cohorts in our data are indeed more effective than 

earlier cohorts and this is true despite differentially low attrition rates of the higher quality teachers 

within a single cohort. Hence the identifying assumption of the two-stage approach is not met in our 

data. Nonetheless, we present one set of results using Papay and Kraft’s two-stage approach for 

purposes of comparison.  

Our preferred specifications are those with indicator variables for experience for each of the 

years 1-12, with the higher experience levels grouped into bins. Given prior evidence and the findings 

we present below that teachers improve at a more rapid rate during their early years, it is far preferable 

to use bins for the latter years than for the early years. This procedure minimizes the bias in the 
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estimated year effects, and permits one to estimate a less biased set of experienced effects. As we note 

later, the main patterns are not very sensitive to the number of indicator variables we include. 

IV. Achievement Results 

The main achievement results for the experience variables for both math and English Language 

Arts teachers are reported in Table 2. For each subject the table include results from the lagged 

achievement specification (model 1), the student fixed effect specification (model 2), and the two-stage 

approach (based on the model 2 specification). All models include teacher fixed effects. Figure 1 shows 

these results graphically for our preferred model 2 specifications.  

Model 1 includes controls for a number of student characteristics including race, parental 

education, eligibility for free or reduced price lunch, special status such as limited English, gifted, and 

special needs, and grade retention. In addition it includes the student’s lagged achievement.  We report 

model 1 estimates derived from an errors-in-variables regression procedure to correct for measurement 

error in the lagged achievement variable.10 All the models include two other time-varying student 

variables: an indicator that the student changed schools and an indicator that the student made a 

structural school change such as a move from an elementary school to a middle school. In addition, they 

all include indicators for whether the teacher is the same race as the student, or is the same gender as 

the student. Finally all the models include a large set of classroom characteristics, including a series of 

class size indicators and measures reflecting the composition of the class. These variables help us 

                                                             
10 From the North Carolina Department of Public Instruction (2014), we know typical reliability scores for reading 
and math End of Grade assessments (0.89 for reading and 0.92 for math). With this information, we implement the 
eivreg command in Stata to correct for measurement error. This procedure requires first demeaning variables by 
teacher and school, then estimating the errors-in-variables regression, and finally correcting the standard errors with 
a degrees of freedom adjustment. 
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distinguish the effects of teachers from the effects of the classrooms in which they teach. The full models 

are included in appendix Table A1. 

The entries in the table are the contributions of experience to student test scores. Because we 

have normalized the test scores to have a mean of 0 and standard deviation of 1, each of the entries refers 

to fractions of a standard deviation. Although a coefficient of, say, 0.06 which represents six hundredths 

of a standard deviation may appear small, in fact we argue below that it is large enough to be meaningful 

and policy relevant. Given the coefficients increase with years of experience we conclude that on average 

teachers become more productive as they gain experience.  

Two points are worth noting. First, the subject-specific returns to experience are quite similar 

across the three specifications. In most cases, however, and especially for math, the two-stage results (in 

columns 3 and 6) are somewhat smaller than those from the comparable single stage model (in columns 

2 and 5). That pattern is consistent with our finding that the key assumption underlying the two- stage 

approach is not met, especially for math teachers. In particular we find that controlling for years of 

experience, teachers in the older cohorts in our sample (e.g. those with 10 years of experience in 2007) 

are somewhat less effective than those in the younger cohorts (e.g. those who do not have 10 years of 

experience until 2011), where effectiveness is measured by coefficients on the teacher fixed effects. 11 As 

a consequence, the first stage of the two-stage model is attributing too much of the achievement to the 

year variables, which in turn leads to a small downward bias in the experience coefficients. We have no 

strong reason to prefer either of the two basic models over the other, but have a slight preference for 

                                                             
11 For the majority of teachers of a given experience level, fixed effect estimates were larger on average in 2011 than 
2007 (p<0.01). This group includes: math teachers with 5 years of experience (.004 in 2011 to -.001 in 2007), ELA 
teachers with 10 years of experience (.006 to -.006), math teachers with 10 years of experience (.005 to -.011), and 
math teachers with 20 years of experience (.026 to -.002). For one group, ELA teachers with 5 years of experience, 
fixed effect estimates were instead larger on average in 2007 than in 2011 (-.005 to .010, p<0.01and for ELA 
teachers with 20 years of experience, we cannot reject the null hypothesis that fixed effect estimates are equal 
between 2007 and 2011, an outcome come that may due to small sample size. These test results suggest that the 
experience results for math teachers in the two-stage model are likely to be downward but the direction of bias for 
ELA teachers is somewhat less clear.  
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model 2 both because it avoids concerns about the endogeneity of the lagged achievement term in model 

1 and because that specification makes most sense for the non-test score models we present below. The 

reader should interpret the model 2 results as conservative, however, given that that those models 

exclude the lagged achievement term.   

Second, the returns to experience differ in magnitude across the two subjects. Consider the model 

2 estimates for math teachers. Consistent with prior research, the largest returns to experience appear in 

the early years. Specifically, one year of experience enables a teacher to raise student achievement by 

about 0.07 standard deviations more than having no experience. Importantly, however, that typica l 

teacher continues to become more productive as she gains more experience, although at a lower rate. By 

her fifth year, her productivity is 0.13 standard deviations higher than with no experience, and continues 

to rise until a peak of close to 0.18 standard deviations after 12 years. At that point, her productivity levels 

off, but does not decline until after 28 years of experience. Figure 1a portrays this rising pattern 

graphically, with confidence intervals around each estimate.  

From the model 2 estimates for ELA teachers, we see that the initial jump in productivity for 

teachers with one year of experience is far smaller than for math teachers at about 0.02 standard 

deviations. One potential explanation for this smaller coefficient is that the skill needed to teach middle 

school English at a minimal level may be less than the skill needed to teach middle school math so that 

ELA teachers with no experience are, in effect, more effective than math teachers with no experience. A 

related possibility is that learning how to teach English well at the middle school level may be easier than 

learning how to teach math given the less technical nature of the ELA material. A third is that teachers 

may have less effect on verbal test scores than on math test scores because of the larger contribution of 

non-school factors such as the family. In any case, the pattern suggests that the typical ELA teacher, like 

the math teacher, becomes more productive over time. In this case, her productivity continues to increase 
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monotonically at least through 12 years of experience after which time it levels off, at least according to 

model 2. After about 25 years of experience, a teacher of given quality is about 0.05 standard deviations 

more effective in raising test scores as when she had five years of experience. The pattern is portrayed in 

Figure 1b.12  

Formal Wald tests confirm our graphical evidence that the effect of 12 years of experience is 

significantly greater than the effect of 4 years of experience for both math and ELA teachers. That is, 

teachers continue to improve well after their first few years of teaching.    

One might be concerned about potential bias in our estimated returns to experience given 

different cohorts of teachers may have different average abilities and our estimates are based on only five 

years of data. We note, however, that differences in average cohort quality will not bias our estimates as 

long as the returns to experience do not differ across cohorts. That is true because the teacher fixed 

effects adjust for the quality differences. Thus, the observation (documented below) that the younger 

teachers in our sample are of higher quality than the older teachers is not a problem as long as the average 

returns to experience do not differ across cohorts.13  Similarly, the use of teacher fixed effects obviates 

the need to adjust for attrition rates that differ by teacher quality under the same condition, namely that 

average returns to experience are similar among the stayers and the leavers. 14   

                                                             
12 Results from alternative experience variable specifications were consistent with our main results. Model 1 and 
model 2 regressions with single indicators for the first twenty years of teaching experience, instead of only the first 
twelve, and then bins after 21 years, generated nearly identical results to those presented in Table 2. 
13 We have confirmed this assertion by running simple simulations. These simulations are based on 600 teachers for 
whom we specify the same true experience profile, but different average quality levels by cohort. In contrast to 
regressions based on models without teacher fixed effects which generate biased estimates of the true experience 
profile, models with teacher fixed effects generate the correct estimates.     
14 Once again, simple simulations confirm that even extreme levels of differential attrition do not bias the estimates 
of returns to experience. Consistent with the patterns in our actual data, we set higher departure rates for teachers of 
lower quality than those with higher quality. Specifically, the chances of departing after each year teaching were 
0.05 percent in the top 10th percentile of ability, 0.5% in the top 25th to 10th percentile, 2.5% in the 75th to 25th 
percentile, 12.5% in the bottom 25th to 10th percentile, and 25% in the bottom 10th percentile. Estimates with teacher 
fixed effects were statistically indistinguishable from true returns to experience. 
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Potentially more problematic would be differences by cohort (or between stayers and leavers) in 

the returns to experience, although it is difficult to predict the direction of the bias.  If the returns to 

experience are higher for the younger cohorts, our estimates will overestimate the returns in the early 

years because the younger cohorts are overrepresented in the set of teachers used to estimate the returns 

in the early years and will underestimate returns in the later years. Correspondingly, if the returns to 

experience are higher for the older cohorts, our estimates will underestimate the returns to experience 

in the early years because the older cohorts are underrepresented and will overestimate the returns in 

the later years. Although such biases are possible, statistical tests (described in appendix Table A2) based 

on our short five year sample provide no indication that they are likely to be large. 15 In principle, one could 

avoid biases of this type by estimating the models for a single cohort of teachers. Given our five year 

sample window, however, restricting the sample to a single cohort reduces the typical sample size from 

over 1.2 million observations to about 25,000 observations and does not provide the variability we need 

to estimate reasonable models. 

Comparisons to (mis)specifications of the teacher variables 

Importantly, our estimates need not mean that a typical NC middle school teacher with many 

years of experience is far more effective than a typical teacher with less experience. The reason is that 

by including teacher fixed effects in our models, we are in effect inferring returns to experience for 

individual teachers, and are thereby, in effect, holding constant the teacher’s time invariant 

characteristics such as her basic ability and motivation. If it were the case that the average basic ability 

(and/or motivation) of teachers differed across cohorts of teachers grouped by their years of 

experience, the patterns generated from models without teacher fixed effects could potentially differ 

                                                             
15 These tests allow for the selected experience effects (those for years 5, 7, 9 and 11) to differ between the early and late cohorts.  In Table A2 the coefficients of the interaction 

terms are very small and only one is even marginally significant.  These coefficients provide no support for the conclusion that that returns to experience differ by cohort across a 

range of experience levels, although we fully acknowledge that the test applies only  to comparisons of returns to experience among adjacent cohorts.   
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quite substantially from those generated by our preferred models. The results reported in columns 1 

and 2 of Table 3 which come from models with no teacher fixed effects illustrate that is indeed the case. 

Although these alternative models include a number of teacher-specific characteristics and credentials, 

they do not fully control for teacher ability and motivation. The differences between these reported 

patterns and those from our preferred models are quite large. Without the teacher fixed effects, the 

coefficients for math teachers rise from 0.061 to a peak of 0.077 and for ELA teachers, they rise from 

0.020 to a peak of 0.033. These increases are far smaller than the comparable increases from 0.071 to 

0.170 for math and from 0.021 to 0.079 for ELA that emerge from our preferred models with teacher 

fixed effects.  

The differences in the estimated experience trajectories are attributable to the fact that low 

ability teachers are overrepresented among the more experienced teachers within our sample. At first, 

this pattern might seem surprising in light of various studies showing that less effective teachers (as 

measured by the gains in their students’ test scores) are more likely to leave the profession than more 

effective teachers during the early years of their careers (Hanushek et al. 2005; Krieg 2006; Boyd et al. 

2008; Goldhaber, Gross, and Player 2011). And indeed that departure pattern is evident in our data as 

well. Of the group of new ELA teachers entering in 2007, those that remain in our data in 2011 have 

fixed effect estimates 0.036 standard deviations higher than those who leave the data during this time 

period. For math teachers, the gap between those who stay and those who leave is 0.073 standard 

deviations.  

But something far more important is driving the experience patterns, namely, that despite these 

differential departure rates, the more experienced cohorts of teachers have less basic ability than the 

more recent cohorts.  A snapshot of ELA teachers teaching during the 2008-2009 school year, shows 

that average fixed effect coefficients are 0.019 for teachers with less than five years of experience, -

0.005 for teachers with five to fifteen years of experience, and -0.020 for teachers with over fifteen 
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years of experience. This pattern appears for math teachers as well, with average fixed effect 

coefficients of 0.045 for teachers with less than five years of experience, -0.025 for teachers with five to 

fifteen years of experience, and -0.023 for teachers with over fifteen years of experience. Had the 

departure rates not differed by teacher quality, that pattern would have been even stronger. Possible 

explanations for this pattern could include general labor market trends as well as the fact that over the 

relevant period, North Carolina raised the standards for a growing number of teachers.    

Finally, we confirm that the specification of the experience variables themselves matters and, in 

particular, that the common practice of putting the experience variables into categories or bins rather 

than including indicators for each level of experience leads to seriously downward biased estimates of 

the returns to experience. The results in columns 3 and 4 of Table 3 show returns to experience when 

experience is specified by a series of bins: 1-2 years, 3-5 years, 6-12 years, 13-20 years, 21-27 years, and 

28-plus years. As we noted earlier, any significant increases in teacher productivity within these bins 

would be picked up by the grade- by- year fixed effects, rather than by the experience variables, thereby 

leading to downward biased estimates of the returns to experience. As seen in Table 3, coefficients for 

math teachers rise from 0.0667 for 1-2 years of experience to a peak of 0.0910 for 6-12 years of 

experience. And for ELA teachers, the coefficients rise from only 0.0166 for 1-2 years of experience to 

0.0234 for 6-12 years of experience. As predicted, these estimated returns to experience are much 

smaller than in our preferred model specification with more detailed experience variables.  

The bottom line is that many prior studies may bias the test-based returns to experience either 

because they do not control for teacher fixed effects or they incorrectly specify the experience variables, 

or both. 

Interpretation of the Estimated Effects 

One way to put our preferred coefficient estimates into perspective is to compare them to other 

coefficients. In Table 4 we report results for the student-level coefficients from model 1. The signs of 
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most of these student level variables are consistent with our expectations based on extensive prior 

research on student achievement. In particular, students from less advantaged backgrounds as defined 

by race, education level of parents, and income all exhibit lower math and reading scores than their less 

advantaged counterparts. Students who are identified as gifted perform better, and those identified as 

having special needs, who are limited English proficient, or who are repeating the grade perform less 

well. In addition, students who are moving into a new school not as part of a structural change, as well 

as those making a structural change such as from an elementary school to a middle school, also perform 

less well than those not moving from one school to another. Finally male students do about the same as 

female students in math but less well in ELA.   

The comparison of coefficients shows that the returns to experience for math teachers are large 

relative to many of the student level coefficients in the math equation. Consider, for example, the 0.129 

coefficient for math teachers with 5 years of experience (from model 2). This estimate suggests that 5 

years of teaching experience is more than enough to offset the -0.032 negative effect of being a black 

student or the -0.044 effect of being eligible for a subsidized lunch, all other factors held constant. At 

the same time it is not sufficiently large to offset a combination of disadvantaging factors, such a being 

black, being eligible for subsidized lunch and having a parent who is a high school dropout. In sum, the 

effects of teacher experience for math teachers are quite large, but experience alone may not suffice to 

offset all the challenges that children with multiple disadvantages bring to the classroom.   

Compared to the math teachers, the returns to experience for ELA teachers are less impressive 

relative to the magnitudes of the student-level coefficients. The coefficient of about 0.078 for a teacher 

with 12 years with experience is only somewhat larger than the -0.068 coefficient for black students and 

clearly not sufficient to offset the combined effects on being black and almost any other disadvantaging 

characteristics. In general these patterns are consistent with earlier research that highlights the 
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relatively stronger role of family background and the home environment relative to teachers for reading 

than for math. Experience for ELA teachers is still important, but other factors are even more important . 

V. Non-test student outcomes 

Prior research has shown that high quality teachers as measured by the gains in test scores of 

their students can generate substantial, long term economic value for their students (Chetty, Friedman, 

and Rockoff 2011). Additional evidence suggests, however, that the long-term value of teachers may be 

significantly higher if one considers how teachers affect not just test scores, but a fuller range of non-

test student behaviors. For example, Jackson (2012a) finds that the causal effects of ninth grade 

teachers on outcomes such as absences, suspensions, grades, and on-time grade progression predict 

subsequent dropout and college plans above and beyond the prediction from teacher effects on test 

scores alone. For that reason, in this section we broaden the concept of teacher productivity beyond 

student test scores.  

Our administrative data enable us to examine how teacher experience affects four specific 

measures of student behaviors: number of days absent, number of reported disruptive classroom 

offenses, amount of time spent completing homework, and amount of time spent reading for pleasure . 

Although not a comprehensive set, these behavioral measures serve as appropriate proxies for what are 

sometime referred to as non-cognitive capabilities, known to benefit students’ later education, 

economic, or social outcomes. For example, attendance as early as sixth grade strongly predicts the 

likelihood of graduating from high school (Allensworth et al. 2007; Balfanz et al. 2007). Teachers who 

successfully encourage students to put forth effort on their homework or to manage their classroom 

behavior are developing self-discipline, which the literature shows does a better job of predicting 

adolescent academic performance than IQ (Duckworth and Seligman 2005). Academic curiosity – 

measured by free time reading in our study – motivates proactive and intentional learning behaviors 
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which, in turn, result in the increased acquisition of academic and social skills (Kashdan, Rose, and 

Fincham 2004). And measures of student self-control, such as that required to remain respectful and 

focused in class, strongly predict adult health, wealth, and public safety (Moffitt et al. 2011). Moreover, 

the interaction of negative student behaviors such as not doing homework, skipping school, and acting 

out in class, can worsen undesirable outcomes (Balfanz et al. 2007).  

Measurement of Student Behaviors 

Two measures appear in school administrative data: number of days absent and number of 

reported student offenses. We limit offenses to those recorded as disorderly conduct, inappropriate 

language/disrespect, insubordination, disruptive behavior, disrespect of faculty/staff, or skipping class. 

These offense categories represent behaviors plausibly affected by teachers and are indicative of lack of 

student self-control. Because the distributions of both absence and disciplinary offense counts are highly 

non-normal (as shown in Table 6), we would prefer to use Poisson or negative binomial regression 

models to explain the variation in these variables. The use of high-dimensional fixed effects, however, 

combined with the large size of our dataset renders these alternative regression models 

computationally infeasible. Therefore, we transform the absence and disciplinary offense outcomes into 

dichotomous variables and use linear probability models. For absences, we construct an indicator of 

whether or not a student has an absentee rate above the 75th percentile of the overall distribution. For 

offenses, we construct an indicator of whether or not the student commits any disciplinary offenses that 

year. As a sensitivity check, we also examine absence and offense indicators based on different 

thresholds: greater than 25th percentile absences, greater than median absences, greater than 90th 

percentile absences, greater than 1 offense, and greater than 2 offenses.  

End-of-grade test forms in the North Carolina administrative data set include questions 

regarding the amount of time students spend completing homework and amount of free time students 



25 
 

they devote to reading. Students are asked to choose among a number of different bins representing 

time spent on a weekly basis. For time on homework the bins are: has homework but does not do it, less 

than one hour, between 1 and 3 hours, more than 3 but less than 5 hours, between 5 and 10 hours, and 

more than 10 hours. For reading these are: none, about 30 minutes, about 1 hour, between 1 and 2 

hours, and more than 2 hours. We include these measures, recoded as approximate number of hours, as 

the final two of our non-test outcomes. Tables 5 and 6 summarize the distribution of all non-test 

outcome variables across the sample of students.  

Each of these measures –absences, offenses, homework, and free reading – has advantages and 

disadvantages. The most objective and obvious measure of the four is student absences in that it tends 

to be reliably tracked and reported by school administrators. Moreover, it is the behavior that has been 

most clearly linked to a student’s future success either because of its direct connection to learning (it is 

hard for students to learn if they do not come to class) or because of what it indicates about student 

motivation. One potential disadvantage of this measure is that it refers to absences from school, not 

from a particular class. As a result even if teachers as a group influence student absenteeism, an 

individual math or ELA teacher may have a more limited effect, which conceivably might not be picked 

up by our analysis of individual teachers.  

The data on student offenses are based on voluntary teacher reports, and teachers may differ 

somewhat in the offenses they choose to report. We do not expect differential reporting propensities of 

teachers to significantly bias our estimates, however, because any teacher or administrator at the school 

can report offenses, and not just the math or ELA teacher matched to the student. This measure 

provides potentially useful information about undesirable student behaviors in school that are not 

captured by typical suspension records and that might be influenced by effective teachers.  

The measures of homework and free reading time have the potential to provide insight into 

student effort and motivation outside the classroom. However, they contain two sources of 



26 
 

measurement error. First, the variables are categorical, and do not measure the time spent reading or 

doing homework in a continuous fashion. Second, these measures are self-reported by students. As long 

as the measurement error is randomly distributed across students, though, it does not pose a serious 

statistical problem for us because our use of the measures as outcome variables implies that any error is 

contained in the error terms. 

Non-Test Returns to Teacher Experience 

Our data set and regression models remain the same as for model 2 above with a few 

modifications. Whereas a student’s English and language arts (ELA) and math teachers each uniquely 

contribute to reading and math test scores respectively, either one of the teachers could contribute to a 

student’s more general behaviors. However, for absences, classroom offenses, and amount of time 

spent completing homework, we estimate separate models for each of the ELA and math classroom 

samples.16 For the amount of free time spent reading, we use only the sample of students matched with 

ELA teachers. For absences and offenses, we estimate linear probability models in which the dependent 

variable takes on the value 1 for absences (or offenses) that exceed a specified threshold. For time on 

homework and free reading, we use ordinarily least squares regressions to explain variation in the 

dependent variables which are specified as continuous variables in fractions of hours.   

Figure 2 and 3 display graphically the returns to years of teaching experience for these four 

outcomes based on our preferred model 2 specification, based on the results reported in Table 7 (for 

ELA teachers) and Table 8 (for math teachers). Although the confidence intervals are very large in some 

                                                             
16 In addition to the results reported in Tables 7 and 8 below, we estimated an alternative set of non-test regressions 
using a “stacked” dataset of students matched to both their math and ELA teachers.  Most students appear twice in 
each year of this dataset for each outcome measure.  In these analyses we are in effect estimating the average effects 
of teacher experience across the two subjects. For absenteeism, the estimated experience coefficients from this 
stacked model range from -0.018 for one year of experience to -0.12 for 28+ years of experience which are very 
similar to the results reported in Tables 7 and 8 below. The advantage of this alternative approach is that the 
standard errors are slightly smaller. The disadvantage is that it obscures one of the key findings from the subject-
specific models of absenteeism, namely that the patterns and magnitudes are similar for math and ELA teachers.       
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cases – and much larger than those for test scores – the point estimates generally suggest positive 

returns from experience across a variety of student behaviors, for both ELA and math teachers.  

For the absence and offense measures, both of which represent problematic student behaviors, 

negative coefficients that are becoming larger in magnitude would signify that teachers become more 

productive with experience. The coefficients on the experience variables for our absence measure 

represent estimated reductions in the probability that a student has a high annual absentee rate (one in 

the top quartile). For student offenses the coefficients measure reductions in the probability that a 

student has any disciplinary offense that year when offenses include disorderly conduct, inappropriate 

language/disrespect, insubordination, disruptive behavior, disrespect of faculty/staff, or skipping class. 

For homework effort and free reading, both of which are positive outcomes, if the coefficients increase 

with years of experience we conclude that on average teachers become more productive in fostering 

these positive student behaviors as they gain experience. For these measures, the coefficients on 

experience correspond to changes in the number of hours per week dedicated to homework or free 

reading. 

English / language arts teacher sample 

The clearest effects emerge for student absences. One year of experience enables an ELA 

teacher to reduce the proportion of students with high absenteeism by 2.0 percentage points and these 

reductions increase as she continues to gain experience. A teacher of given quality who obtains over 21 

years of experience on average reduces the incidence of high student absenteeism by 14.5 percentage 

points (See Table 7 and Figure 2a). Provided what we know about the link between high absenteeism 

and long-term educational outcomes (Allensworth et al. 2007; Balfanz et al. 2007), a reduction of 14.5 

percentage points from a single school year with a more experienced teacher seems highly policy-
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relevant.17 This estimate implies that in an average classroom, replacing a new teacher with an 

experienced teacher could reduce the proportion of students with high absenteeism by more than half. 

It is less clear whether ELA teachers become more effective at classroom management as they gain 

experience – the rate of student disruptive offenses increases briefly in the third and fourth years of 

teaching but then decreases across higher experience levels.  For the most part, these estimates for 

classroom offenses are not statistically significant.   

Table 7 also shows that the first 20 years of experience do little to enhance ELA teacher 

productivity in terms of inducing students to devote more effort to homework.  Although the 

coefficients are generally positive and increasing, they are imprecise and we cannot rule out the 

possibility that they reflect chance alone. The only (weakly) significant results emerge for teachers 

above 21 years of experience which suggest that very experienced teachers may promote 10-14 minute 

increases in the amount of time students spend on homework per week. A far clearer gradient arises 

with respect to free reading. As an ELA teacher’s experience increases, she significantly improves the 

amount of free time her students spend reading, with modest but steadily increasing returns to a peak 

of at 21-27 years. The 0.050 coefficient for that experience level translates into about three extra 

minutes reading for pleasure weekly, about a 10 percent increase of the most frequently reported time 

of 30 minutes.   

 

                                                             
17 Appendix tables A4 and A5 show results for absences and offenses with different threshold values. For absences, 
we replace the 75th percentile threshold of 10 absences with several other values: 25th percentile (3 absences), 
median (6 absences), and 90th percentile (17 absences). These results show clearly that experienced teachers are 
more capable of reducing absences for students with very low levels of attendance than for students with already 
high levels of attendance. For example, ELA and math teachers with 21-27 years of experience reduce the number 
of students with over 3 absences by 5.6 and 4.4 percent respectively. However, ELA and math teachers with the 
same level of experience reduce the number of students with over 17 absences by 18.8 and 12.2 percent. Returns to 
teacher experience in terms of attendance are therefore highest for higher-risk students. This pattern makes sense. 
Although teachers may not be able to prevent a student from getting sick, they may be able to influence attendance 
for students with truancy problems. For disciplinary offenses, the strongest results are for the threshold of whether 
students have any reported offenses rather than for higher number of offenses. This pattern may reflect the small 
number of students in any given year with multiple infractions related to disorderly conduct, inappropriate 
language/disrespect, insubordination, disruptive behavior, disrespect of faculty/staff, or skipping class. 
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Math teacher sample 

For the math teachers (Table 8 and Figure 3), once again substantial returns to teacher 

experience emerge for student absenteeism, with the absolute value of the coefficients increasing in 

magnitude across years of math teacher experience. Two years of math teaching experience leads to a 

reduction in the proportion of students with high absenteeism by 3.8 percentage points, an effect that 

rises to an 11.5 percentage point reduction for teachers with extensive experience.  The results also 

suggest moderate returns for math teachers in the form of fewer students with reported disruptive 

offenses. By her second year of experience, a teacher reduces the number of students with disciplinary 

offenses by 1.9 percentage points. She continues to become more productive in classroom management 

until 21-27 years of experience, associated with 2.3 percent fewer students with disciplinary offense 

records. At best, teacher experience weakly predicts increased student effort on homework for the first 

four years, but then the effects fade out.  

In sum, the evidence shows that returns to teacher experience emerge not only in the form of 

higher student test scores, but also in the form of some improved student behaviors. The clearest non-

test score patterns emerge for student absenteeism and do so for both math and ELA teachers.  For 

both types of teachers, Wald tests indicate that the estimated coefficients for teachers with 12 years of 

experience exceed those for teachers with 4 years of experience. Similarly, more experienced ELA 

teachers also show some success in promoting reading for pleasure  with the differences between 12 

and 4 years again being statistically significant.  The findings for student offenses are far less clear.18 

                                                             
18 One possible concern is that, despite our best efforts at unbiased identification of returns to teacher experience, 
perhaps there is some underlying relation between, for example, the experience levels of all teachers at a school with 
a student’s behavior. As a falsification test, we regress a student’s non-test outcomes on the experience level of a 
student’s teacher in the following year.  For six of our seven non-test outcomes, including both absences indicators, 
there is no significant effect of the experience of a student’s teacher in time t-1 on the student’s behaviors in time t.  
Only for disciplinary offenses, for ELA teachers do we find that higher teacher experience in the following year is 
associated with higher likelihood of a disciplinary offense in the current year.  This finding may indicate some 
sorting of students to teachers over time, but not in the expected direction and only in the case of offenses, for which 
our results are not significant in any case.  
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VI. Conclusions and implications for policy debates 
 

The findings are quite clear. There appear to be large returns to experience for middle school 

teachers in the form both of higher test scores and improvements in student behavior, with the clearest 

behavioral effects emerging for reductions in student absenteeism. Moreover these returns extend well 

beyond the first few years of teaching. The findings for student test scores challenge the conventional 

wisdom that teachers essentially stop improving after the first few years of teaching. Instead, teachers 

continue to develop long into their teaching careers. The findings related to absenteeism, and the 

suggestive evidence for other behaviors, show that experience can be beneficial to students in ways other 

than simply developing their cognitive skills. Despite our efforts to extend the analysis to student 

outcomes beyond test scores, we remind the reader that we are still providing at most a partial picture of 

the full set of potential contributions that teacher experience may make to the schooling of children. 

Other contributions would include, for example, the mentoring of new teachers and the institutional 

memory needed to provide a coherent school environment over time.  

Importantly, our findings do not imply that a typical or average teacher with many years of 

experience is necessarily far more effective than a typical teacher with fewer years. The reason is that by 

including teacher fixed effects in our preferred models we are able to separate the returns to additional 

years of experience from other factors that may influence the average effectiveness of teachers at any 

experience level, such as differential departure rates from the sample by teacher quality or vintage effects. 

In our sample, the higher intrinsic average quality of the younger cohorts of teachers relative to the older 

cohorts means that when we remove teacher fixed effects from our models, the measured relationship 

between experience and gains in student test scores is sharply attenuated. This pattern arises because 

those models confound returns to experience with vintage effects. Even in our models with teacher fixed 

effects, our conclusions must be tempered by the fact that we do not observe all teachers over a full 
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career. As we described in detail above, differences in returns to experience by cohort could lead to either 

upward or downward biases in our estimates of the returns to experience.  

Given the structure of current salary schedules which provide higher salaries for more 

experienced teachers, some policy makers may be tempted to try to save money by hiring higher quality, 

but relatively cheap, inexperienced teachers and not worrying about retaining their more experienced 

teachers who may have been hired at a time of lower standards. But, based on the estimates provided 

here, such a strategy makes sense only if two conditions hold. One is that the new cohort of inexperienced 

teachers has far greater intrinsic quality on average than the experienced teachers. The other is that the 

new high-quality teachers can be induced to remain in the profession for sufficiently long periods for the 

schools to benefit from the significant returns to teacher experience. If high quality teachers do not 

remain in the schools, the schools face high costs both in the form of teacher turnover and in the form of 

the loss in productivity that comes with experience. Thus, the first imperative for schools is to recruit high 

quality teachers. The challenge then is to provide working environments for them that support their 

development and to pursue policies that explicitly recognize the value of experience and that are designed 

to retain those teachers.  

With its attention to some of the non-test score behaviors of students, this research also speaks 

to a second policy issue, the one highlighted by Jackson in his 2012 paper on the contributions of teachers 

to the non-cognitive skills of their students. Because much of the current empirical literature on teacher 

effectiveness focuses on the ability of teachers to raise the test scores of their students, it is easy to lose 

sight of the other contributions that teachers make to their students. This paper provides additional 

support for the conclusion that teachers do more than simply raise test scores. Moreover, consistent with 

Jackson’s findings (Jackson, 2012, p. 23) it suggests that measures of effectiveness that focus on test 

scores alone may understate the contribution of ELA teachers relative to math teachers. L ike many other 
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researchers, we find that experienced ELA teachers make smaller contributions to gains in test scores than 

experienced math teachers. At the same time, our finding that experienced ELA teachers contribute to 

improvements in student behaviors, such as by reducing absenteeism, at rates comparable to experienced 

math teachers implies that a broader measure of teacher effectiveness would better capture the relative 

value of ELA teachers. 
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Figures 

Figure 1a. Test score results. Math.  
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Figure 1b. Test score results. Reading.
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Figure 2. Non-test student outcome results. ELA teacher sample. 
2a. Probability of having more than 10 absences.      

 
2b. Probability of having at least one reported offense. 
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2c. Amount of time spent on homework.  

     
2d. Amount of time spent reading for enjoyment. 
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Figure 3. Non-test outcome results. Math teacher sample. 
3a. Probability of having more than 10 absences.    

 
3b. Probability of having at least one reported offense. 
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3c. Amount of time spent on homework. 
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Table 1. Proportions of groups of students who have teachers with particular credentials: 
7th grade, 2010. 

 Experience 
0-1 years 

Experience 
2-5 years 

Uncom- 
petitive 
College  

Test score 
< -1 SD 

Without 
Advanced 

Degree 

Without 
National 

Board 
Certification 

Math Teachers 
By race of student 
Black 0.13 0.25 0.29 0.16 0.70 0.94 
Hispanic 0.13 0.24 0.23 0.10 0.70 0.91 
White 0.09 0.20 0.22 0.07 0.65 0.86 
By eligibility for free lunch  
Free lunch eligible 0.12 0.23 0.27 0.12 0.69 0.91 
Not free lunch eligible 0.09 0.21 0.21 0.08 0.65 0.86 

English/Language Arts Teachers 
By race of student       
Black 0.10 0.28 0.23 0.14 0.64 0.90 
Hispanic 0.06 0.23 0.18 0.06 0.62 0.84 
White 0.08 0.27 0.19 0.09 0.63 0.86 
By eligibility for free lunch      
Free lunch eligible 0.08 0.27 0.22 0.10 0.64 0.88 
Not free lunch eligible 0.07 0.23 0.17 0.06 0.60 0.84 
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Table 2. Returns to experience for math and ELA teachers. Models 1, 2, and two-stage. 
 
 Math ELA 
Teacher experience Model 1a Model 2 2-Stage Model 1a Model 2 2-Stage 
No experience (base)       
Experience 1 year 0.0662** 0.0708** 0.0695** 0.0246** 0.0206** 0.0181** 
 (0.004) (0.004) (0.004) (0.004) (0.005) (0.004) 
Experience 2 years 0.0917** 0.0909** 0.0891** 0.0312** 0.0277** 0.0272** 
 (0.004) (0.005) (0.005) (0.004) (0.005) (0.005) 
Experience 3 years 0.1013** 0.0973** 0.0956** 0.0373** 0.0361** 0.0380** 
 (0.005) (0.006) (0.005) (0.005) (0.006) (0.006) 
Experience 4 years 0.1151** 0.1104** 0.1070** 0.0389** 0.0341** 0.0374** 
 (0.005) (0.007) (0.006) (0.005) (0.007) (0.007) 
Experience 5 years 0.1372** 0.1290** 0.1280** 0.0402** 0.0395** 0.0454** 
 (0.006) (0.007) (0.007) (0.006) (0.008) (0.008) 
Experience 6 years 0.1406** 0.1405** 0.1374** 0.0422** 0.0426** 0.0499** 
 (0.006) (0.008) (0.008) (0.007) (0.009) (0.008) 
Experience 7 years 0.1530** 0.1513** 0.1492** 0.0494** 0.0494** 0.0567** 
 (0.007) (0.009) (0.008) (0.007) (0.010) (0.009) 
Experience 8 years 0.1610** 0.1502** 0.1466** 0.0512** 0.0528** 0.0623** 
 (0.007) (0.010) (0.009) (0.008) (0.011) (0.010) 
Experience 9 years 0.1567** 0.1471** 0.1431** 0.0520** 0.0596** 0.0686** 
 (0.008) (0.011) (0.010) (0.009) (0.012) (0.011) 
Experience 10 years 0.1621** 0.1570** 0.1516** 0.0665** 0.0671** 0.0790** 
 (0.009) (0.011) (0.010) (0.009) (0.013) (0.011) 
Experience 11 years 0.1688** 0.1694** 0.1637** 0.0698** 0.0722** 0.0856** 
 (0.009) (0.012) (0.011) (0.010) (0.014) (0.012) 
Experience 12 years 0.1766** 0.1770** 0.1695** 0.0726** 0.0779** 0.0915** 
 (0.010) (0.013) (0.012) (0.011) (0.015) (0.013) 
Experience 13-20  0.1716** 0.1752** 0.1679** 0.0801** 0.0765** 0.0920** 
years (0.011) (0.014) (0.013) (0.012) (0.016) (0.014) 
Experience 21-27  0.1848** 0.1701** 0.1621** 0.0825** 0.0789** 0.1009** 
years (0.012) (0.016) (0.014) (0.014) (0.018) (0.016) 
Experience 28+  0.1711** 0.1545** 0.1468** 0.0792** 0.0790** 0.1042** 
years (0.014) (0.018) (0.016) (0.016) (0.021) (0.019) 
       
       
Year x Grade FE YES YES YES YES YES YES 
School FE YES NO NO YES NO NO 
Student FE NO YES YES NO YES YES 
Teacher FE YES YES YES YES YES YES 
       
Observations 1,237,088 1,237,088 1,322,296 1,241,452 1,241,452 1,316,972 
R-squared 0.712 0.936 0.947 0.689 0.925 0.951 
Robust standard errors in parentheses; refer to full table in appendix. 
a Model 1 estimates use errors-in-variables regression to correct for measurement error of the 
lagged test score. 
** p<0.01, * p<0.05, + p<0.1     
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Table 3. Returns to experience for math and ELA teachers . Alternative specifications 
(Model 2). 
 

Teacher 
Experience 

No teacher fixed effects  
Teacher 
Experience 

Bins of experience level 
Math ELA Math ELA 
(1) (2) (3) (4) 

No experience 
(base)   

   

1 year 0.0608** 0.0199** 1-2 years 0.0667** 0.0166** 
 (0.003) (0.003)  (0.004) (0.004) 
2 years 0.0630** 0.0284**    
 (0.004) (0.003)    
3 years 0.0648** 0.0320** 3-5 years 0.0748** 0.0213** 
 (0.003) (0.004)  (0.005) (0.005) 
4 years 0.0613** 0.0251**    
 (0.004) (0.004)    
5 years 0.0670** 0.0296**    
 (0.004) (0.004)    
6 years 0.0742** 0.0291** 6-12 years 0.0910** 0.0234** 
 (0.004) (0.004)  (0.006) (0.006) 
7 years 0.0776** 0.0326**    
 (0.004) (0.004)    
8 years 0.0631** 0.0325**    
 (0.004) (0.004)    
9 years 0.0577** 0.0306**    
 (0.004) (0.004)    
10 years 0.0593** 0.0334**    
 (0.004) (0.004)    
11 years 0.0678** 0.0290**    
 (0.004) (0.004)    
12 years 0.0686** 0.0314**    
 (0.004) (0.004)    
13-20 years 0.0710** 0.0343** 13-20 years 0.0851** 0.0170* 
 (0.003) (0.003)  (0.006) (0.007) 
21-27 years 0.0750** 0.0361** 21-27 years 0.0730** 0.0125+ 
 (0.003) (0.003)  (0.007) (0.008) 
28-plus years 0.0645** 0.0378** 28-plus years 0.0576** 0.0086 
 (0.003) (0.003)  (0.005) (0.006) 
      
Year x Grade FE YES YES  YES YES 
School FE NO NO  NO NO 
Student FE YES YES  YES YES 
Teacher FE NO NO  YES YES 
      
Observations 1,206,749 1,215,900  1,281,770 1,281,412 
R-squared 0.019 0.015  0.923 0.935 
Robust standard errors in parentheses.  
** p<0.01, * p<0.05, + p<0.1  
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Table 4. Coefficients of student level variables from model 1.  
 
Student variables Math ELA 
Male  -0.0102** -0.0020 
 (0.001) (0.001) 
Black  -0.0320** -0.0681** 
 (0.002) (0.002) 
Hispanic 0.0301** 0.0075** 
 (0.002) (0.002) 
Other race 0.0393** 0.0029 
 (0.002) (0.002) 
Age in grade 3 -0.0499** -0.0437** 
 (0.001) (0.001) 
Parent college graduate 
(base)   
   
Parent comm. college 
graduate -0.0252** -0.0201** 
 (0.001) (0.002) 
Parent high school graduate -0.0411** -0.0436** 
 (0.001) (0.001) 
Parent high school drop out -0.0618** -0.0665** 
 (0.003) (0.003) 
Limited English -0.0049* -0.0613** 
 (0.002) (0.003) 
Gifted in Math 0.1087** 0.0672** 
 (0.002) (0.002) 
Gifted in Reading 0.0779** 0.0883** 
 (0.002) (0.002) 
Special needs -0.0486** -0.0564** 
 (0.002) (0.002) 
Subsidized lunch -0.0437** -0.0324** 
 (0.001) (0.001) 
Repeated grade -0.0748** -0.0356** 
 (0.003) (0.003) 
School change -0.0319** -0.0229** 
 (0.002) (0.002) 
Structural school change -0.0976** -0.0858** 
 (0.003) (0.003) 

These estimates use errors-in-variables regression to correct for 
measurement error of the lagged test score; coefficients for other 
variables from model 1 version of full models in Appendix Table A1.  
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Table 5. Descriptive summary of categorical student behavior measures  
 

Variable Coded # 
of hours Frequency Percentage 

Free time spent reading   
None 0 196,814 16.6% 
About 30 minutes 0.5 578,513 48.9% 
About 1 hour 1 206,340 17.4% 
Between 1 and 2 hours 1.5 117,996 10.0% 
More than 2 hours 2 84,257 7.1% 
Total  1,183,920 100.0% 
    
  
Time spent doing homework  
No homework assigned - 19,881 1.7% 
Has homework, but does not 
do it 0 18,545 1.6% 

Less than one hour each week 0.5 365,368 30.8% 
Between 1 and 3 hours 2 523,846 44.2% 
More than 3 but less than 5 
hours 4 157,083 13.2% 

Between 5 and 10 hours 7.5 86,365 7.3% 
More than 10 hours 10 14,533 1.2% 
Total   1,185,621 100.0% 

 
 
Table 6. Descriptive summary of count student behavior measures  
Variable Statistic 
Number of days absent (n=1,165,725)  
25th percentile 3 
Median 6 
75th percentile 10 
90th percentile 17 
  
Classroom disruption offenses (n=1,475,402)  
Mean 0.336 
Standard deviation 1.325 
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Table 7. Returns to teacher experience for non-test student outcomes. ELA teacher 
Sample (model 2). 

 

 Absences > 
10 Offenses > 0 Homework 

effort Free reading 

Teacher credentials     
No experience (base)     
Experience 1 year -0.0200** -0.0059* 0.0017 0.0113* 
 (0.004) (0.003) (0.024) (0.005) 
Experience 2 years -0.0448** -0.0054 0.0243 0.0181** 
 (0.005) (0.004) (0.028) (0.006) 
Experience 3 years -0.0298** 0.0115** 0.0343 0.0260** 
 (0.006) (0.004) (0.033) (0.007) 
Experience 4 years -0.0344** 0.0139** -0.0081 0.0238** 
 (0.007) (0.005) (0.038) (0.008) 
Experience 5 years -0.0410** 0.0062 0.0145 0.0256** 
 (0.008) (0.005) (0.042) (0.009) 
Experience 6 years -0.0386** 0.0037 -0.0063 0.0221* 
 (0.008) (0.006) (0.047) (0.010) 
Experience 7 years -0.0622** 0.0068 0.0543 0.0337** 
 (0.009) (0.007) (0.051) (0.011) 
Experience 8 years -0.0648** 0.0021 0.0345 0.0379** 
 (0.010) (0.007) (0.056) (0.012) 
Experience 9 years -0.0566** 0.0024 0.0494 0.0427** 
 (0.011) (0.008) (0.060) (0.013) 
Experience 10 years -0.0591** 0.0060 0.0876 0.0448** 
 (0.012) (0.008) (0.065) (0.014) 
Experience 11 years -0.0580** 0.0034 0.0557 0.0325* 
 (0.013) (0.009) (0.069) (0.016) 
Experience 12 years -0.0624** 0.0006 0.0916 0.0456** 
 (0.013) (0.010) (0.074) (0.017) 
Experience 13-20 
years -0.0815** -0.0023 0.1202 0.0392* 
 (0.015) (0.010) (0.080) (0.018) 
Experience 21-27 
years -0.1450** -0.0106 0.1638+ 0.0497* 
 (0.017) (0.012) (0.092) (0.021) 
Experience 28+ years -0.1408** -0.0153 0.2270* 0.0425+ 
 (0.019) (0.014) (0.104) (0.023) 
Grade-by-year FE YES YES YES YES 
School FE NO NO NO NO 
Student FE YES YES YES YES 
Teacher FE YES YES YES YES 
Observations 1,329,206 1,332,977 976,278 980,163 
R-Squared 0.721 0.731 0.730 0.804 
Robust standard errors in parentheses; refer to full table in appendix. 
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Table 7. Returns to teacher experience for non-test student outcomes. ELA teacher 
Sample (model 2). 

 

 Absences > 
10 Offenses > 0 Homework 

effort Free reading 

** p<0.01, * p<0.05, + p<0.1 
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Table 8. Returns to teacher experience for non-test student outcomes. Math 
teacher sample (model 2). 
 

 Absences > 10 Offenses > 0 Homework effort 
Teacher credentials     
No experience (base)    
Experience 1 year -0.0194** -0.0168** 0.0064 
 (0.004) (0.003) (0.025) 
Experience 2 years -0.0381** -0.0192** 0.0364 
 (0.005) (0.004) (0.029) 
Experience 3 years -0.0740** -0.0130** 0.0442 
 (0.006) (0.004) (0.033) 
Experience 4 years -0.0222** -0.0190** 0.0486 
 (0.007) (0.005) (0.037) 
Experience 5 years -0.0587** -0.0152** 0.0434 
 (0.007) (0.005) (0.042) 
Experience 6 years -0.0319** -0.0213** 0.0269 
 (0.008) (0.006) (0.046) 
Experience 7 years -0.0561** -0.0224** 0.0380 
 (0.009) (0.006) (0.051) 
Experience 8 years -0.0805** -0.0188** 0.0345 
 (0.010) (0.007) (0.055) 
Experience 9 years -0.0625** -0.0230** 0.0549 
 (0.011) (0.007) (0.059) 
Experience 10 years -0.0474** -0.0184* 0.0255 
 (0.011) (0.008) (0.063) 
Experience 11 years -0.0557** -0.0180* 0.0639 
 (0.012) (0.009) (0.068) 
Experience 12 years -0.1114** -0.0157+ 0.0805 
 (0.013) (0.009) (0.072) 
Experience 13-20 
years -0.0924** -0.0204* 0.0742 
 (0.014) (0.010) (0.077) 
Experience 21-27 
years -0.1070** -0.0233* 0.0431 
 (0.016) (0.011) (0.087) 
Experience 28+ years -0.1154** -0.0181 -0.0035 
 (0.018) (0.013) (0.099) 
Grade X Year FE YES YES YES 
School FE NO NO NO 
Student FE YES YES YES 
Teacher FE YES YES YES 
Observations 1,319,672 1,325,142 969,364 
R-Squared 0.716 0.733 0.731 
Robust standard errors in parentheses; refer to full table in appendix. 
** p<0.01, * p<0.05, + p<0.1 
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Appendix Tables 
 
Full Table A1. Math and reading scores.  
 
 Math ELA 
VARIABLES Model 1a Model 2 2-Stage Model 1a Model 2 2-Stage 
       
Teacher experience       
No experience (base)       
Experience 1 year 0.0662** 0.0708** 0.0695** 0.0662** 0.0206** 0.0181** 
 (0.004) (0.004) (0.004) (0.004) (0.005) (0.004) 
Experience 2 years 0.0917** 0.0909** 0.0891** 0.0917** 0.0277** 0.0272** 
 (0.004) (0.005) (0.005) (0.004) (0.005) (0.005) 
Experience 3 years 0.1013** 0.0973** 0.0956** 0.1013** 0.0361** 0.0380** 
 (0.005) (0.006) (0.005) (0.005) (0.006) (0.006) 
Experience 4 years 0.1151** 0.1104** 0.1070** 0.1151** 0.0341** 0.0374** 
 (0.005) (0.007) (0.006) (0.005) (0.007) (0.007) 
Experience 5 years 0.1372** 0.1290** 0.1280** 0.1372** 0.0395** 0.0454** 
 (0.006) (0.007) (0.007) (0.006) (0.008) (0.008) 
Experience 6 years 0.1406** 0.1405** 0.1374** 0.1406** 0.0426** 0.0499** 
 (0.006) (0.008) (0.008) (0.006) (0.009) (0.008) 
Experience 7 years 0.1530** 0.1513** 0.1492** 0.1530** 0.0494** 0.0567** 
 (0.007) (0.009) (0.008) (0.007) (0.010) (0.009) 
Experience 8 years 0.1610** 0.1502** 0.1466** 0.1610** 0.0528** 0.0623** 
 (0.007) (0.010) (0.009) (0.007) (0.011) (0.010) 
Experience 9 years 0.1567** 0.1471** 0.1431** 0.1567** 0.0596** 0.0686** 
 (0.008) (0.011) (0.010) (0.008) (0.012) (0.011) 
Experience 10 years 0.1621** 0.1570** 0.1516** 0.1621** 0.0671** 0.0790** 
 (0.009) (0.011) (0.010) (0.009) (0.013) (0.011) 
Experience 11 years 0.1688** 0.1694** 0.1637** 0.1688** 0.0722** 0.0856** 
 (0.009) (0.012) (0.011) (0.009) (0.014) (0.012) 
Experience 12 years 0.1766** 0.1770** 0.1695** 0.1766** 0.0779** 0.0915** 
 (0.010) (0.013) (0.012) (0.010) (0.015) (0.013) 
Experience 13-20  0.1716** 0.1752** 0.1679** 0.1716** 0.0765** 0.0920** 
years (0.011) (0.014) (0.013) (0.011) (0.016) (0.014) 
Experience 21-27  0.1848** 0.1701** 0.1621** 0.1848** 0.0789** 0.1009** 
years (0.012) (0.016) (0.014) (0.012) (0.018) (0.016) 
Experience 28+  0.1711** 0.1545** 0.1468** 0.1711** 0.0790** 0.1042** 
years (0.014) (0.018) (0.016) (0.014) (0.021) (0.019) 
       
Other time-varying 
teacher 
characteristics       

Lateral license 
-

0.0318** 
-

0.0358** 
-

0.0322** -0.0108 -0.0208+ -0.0260* 
 (0.008) (0.010) (0.009) (0.009) (0.011) (0.011) 
Same race as student 0.0049** 0.0068** 0.0071** -0.0033* 0.0007 -0.0006 
 (0.001) (0.002) (0.002) (0.001) (0.002) (0.002) 
Same gender as student 0.0123** 0.0068** 0.0072** 0.0015 0.0013 0.0101** 
 (0.001) (0.001) (0.001) (0.001) (0.002) (0.002) 
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 Math ELA 
VARIABLES Model 1a Model 2 2-Stage Model 1a Model 2 2-Stage 
Student 
Characteristics       

Male 
-

0.0102**   -0.0020   
 (0.001)   (0.001)   

Black 
-

0.0320**   
-

0.0681**   
 (0.002)   (0.002)   
Hispanic 0.0301**   0.0075**   
 (0.002)   (0.002)   
Other race 0.0393**   0.0029   
 (0.002)   (0.002)   

Age in grade 3 
-

0.0499**   
-

0.0437**   
 (0.001)   (0.001)   
Parent college graduate        
(base)       

Parent community  
-

0.0252**   
-

0.0201**   
college graduate (0.001)   (0.002)   

Parent high school  
-

0.0411**   
-

0.0436**   
graduate (0.001)   (0.001)   
Parent high school 
drop  

-
0.0618**   

-
0.0665**   

out (0.003)   (0.003)   

Limited English -0.0049*   
-

0.0613**   
 (0.002)   (0.003)   
Gifted in Math 0.1087**   0.0672**   
 (0.002)   (0.002)   
Gifted in Reading 0.0779**   0.0883**   
 (0.002)   (0.002)   

Special needs 
-

0.0486**   
-

0.0564**   
 (0.002)   (0.002)   

Subsidized lunch 
-

0.0437**   
-

0.0324**   
 (0.001)   (0.001)   

Repeated grade 
-

0.0748**   
-

0.0356**   
 (0.003)   (0.003)   

School change 
-

0.0319** 
-

0.0168** 
-

0.0102** 
-

0.0229** -0.0033 -0.0006 
 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Structural school  
-

0.0976** 
-

0.0088** 0.0135** 
-

0.0858** -0.0016 0.0101** 
change (0.003) (0.003) (0.002) (0.003) (0.004) (0.002) 
Lagged test score 0.7611**   0.8024**   
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 Math ELA 
VARIABLES Model 1a Model 2 2-Stage Model 1a Model 2 2-Stage 
 (0.001)   (0.001)   
Classroom 
characteristics       
Class size between 21        
and 30 (base)       

Class size <=5 -0.0104* 
-

0.0193** -0.0018 
-

0.0336** -0.0089 -0.0106 
 (0.005) (0.007) (0.006) (0.005) (0.007) (0.007) 

Class size between 6  0.0186** 0.0051 0.0134** 
-

0.0124** -0.0006 -0.0016 
and 10 (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) 

Class size between 11  0.0093** 0.0075** 0.0117** 
-

0.0043** 0.0006 0.0007 
and 20 (0.001) (0.001) (0.001) (0.001) (0.002) (0.002) 

Class size between 31  0.0101** -0.0019 -0.0050+ 0.0045+ 
-

0.0118** 
-

0.0109** 
and 40 (0.002) (0.003) (0.003) (0.002) (0.003) (0.003) 

Class size >= 41 
-

0.0260** 
-

0.0202** 
-

0.0254** -0.0025 -0.0014 -0.0010 
 (0.006) (0.007) (0.007) (0.005) (0.006) (0.005) 

Percent nonwhite 
-

0.0164** 
-

0.0198** -0.0045 
-

0.0157** -0.0035 -0.0021 
 (0.004) (0.006) (0.006) (0.005) (0.006) (0.006) 

Percent eligible for  
-

0.1420** 
-

0.0370** 0.0057 
-

0.1071** 
-

0.0377** 
-

0.0391** 
subsidized lunch (0.004) (0.006) (0.006) (0.005) (0.006) (0.006) 
Percent parent college        
grad (base)       

Percent parent comm.  -0.0059 
-

0.0172** 0.0072 -0.0022 -0.0086 -0.0093 
college graduate (0.004) (0.007) (0.006) (0.005) (0.007) (0.007) 

Percent parent high  0.0081+ 
-

0.0326** -0.0001 -0.0001 
-

0.0265** 
-

0.0283** 
school graduate (0.004) (0.007) (0.006) (0.004) (0.007) (0.007) 

Percent parent high  -0.0230* -0.0335* 0.0019 
-

0.0573** 
-

0.0725** 
-

0.0704** 
school dropout (0.012) (0.016) (0.015) (0.012) (0.016) (0.016) 

Average lagged test  0.0054** 
-

0.0756** 
-

0.0374** 0.0260** 
-

0.0712** 
-

0.0712** 
score (0.001) (0.002) (0.002) (0.002) (0.002) (0.002) 
Parent education  0.0116**   0.0014**   
imputed (0.002)   (0.002)   
       
Year x Grade FE YES YES YES YES YES YES 
School FE YES NO NO YES NO NO 
Student FE NO YES YES NO YES YES 
Teacher FE YES YES YES YES YES YES 
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 Math ELA 
VARIABLES Model 1a Model 2 2-Stage Model 1a Model 2 2-Stage 

Observations 1,237,088 
1,237,08

8 
1,322,29

6 
1,241,45

2 
1,241,45

2 1,316,972 
R-squared 0.712 0.936 0.947 0.689 0.925 0.951 
Robust standard errors in parentheses. 
a Model 1 estimates come from errors-in-variables regression which corrects for measurement error 
in the lagged test score term. 
** p<0.01, * p<0.05, + p<0.1     
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Table A2. Test of differential returns to experience by teacher cohort (model 2) 
The following table tests for the possibility of different returns to experience by adjacent cohorts (those 
with a certain experience level in 2007-2008 versus 2009-2011).  
    

Teacher experience Math ELA 
1 year 0.0694** 0.0172** 
 (0.004) (0.004) 
2 years 0.0880** 0.0244** 
 (0.005) (0.005) 
3 years 0.0939** 0.0339** 
 (0.006) (0.006) 
4 years 0.1069** 0.0313** 
 (0.006) (0.007) 
5 years 0.1233** 0.0381** 
 (0.009) (0.009) 
     x '09-'11 cohorts 0.0061 -0.0007 
 (0.006) (0.007) 
6 years 0.1372** 0.0409** 
 (0.008) (0.009) 
7 years 0.1439** 0.0555** 
 (0.010) (0.011) 
     x '09-'11 cohorts 0.0062 -0.0128+ 
 (0.007) (0.007) 
8 years 0.1446** 0.0517** 
 (0.010) (0.011) 
9 years 0.1382** 0.0489** 
 (0.012) (0.013) 
     x '09-'11 cohorts 0.0033 0.0106 
 (0.006) (0.007) 
10 years 0.1486** 0.0648** 
 (0.011) (0.013) 
11 years 0.1555** 0.0604** 
 (0.013) (0.015) 
     x '09-'11 cohorts 0.0066 0.0111 
 (0.007) (0.008) 
12 years 0.1648** 0.0709** 
 (0.013) (0.015) 
13-20 years 0.1628** 0.0686** 
 (0.014) (0.016) 
21-27 years 0.1578** 0.0742** 
 (0.016) (0.018) 
28+ years 0.1455** 0.0761** 
 (0.018) (0.020) 
   
   
Teacher F.E. YES YES 
Student F.E. YES YES 
Grade-by-year F.E. YES YES 
   
   
Observations 1,317,102 1,322,296 
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R-squared 0.936 0.925 
 

Full Table A3. Non-test student outcomes. ELA sample (model 2). 
 

VARIABLES Absences Classroom 
offenses 

Homework 
effort Free reading 

Teacher credentials     
No experience (base)     
Experience 1 year -0.0200** -0.0059* 0.0017 0.0113* 
 (0.004) (0.003) (0.024) (0.005) 
Experience 2 years -0.0448** -0.0054 0.0243 0.0181** 
 (0.005) (0.004) (0.028) (0.006) 
Experience 3 years -0.0298** 0.0115** 0.0343 0.0260** 
 (0.006) (0.004) (0.033) (0.007) 
Experience 4 years -0.0344** 0.0139** -0.0081 0.0238** 
 (0.007) (0.005) (0.038) (0.008) 
Experience 5 years -0.0410** 0.0062 0.0145 0.0256** 
 (0.008) (0.005) (0.042) (0.009) 
Experience 6 years -0.0386** 0.0037 -0.0063 0.0221* 
 (0.008) (0.006) (0.047) (0.010) 
Experience 7 years -0.0622** 0.0068 0.0543 0.0337** 
 (0.009) (0.007) (0.051) (0.011) 
Experience 8 years -0.0648** 0.0021 0.0345 0.0379** 
 (0.010) (0.007) (0.056) (0.012) 
Experience 9 years -0.0566** 0.0024 0.0494 0.0427** 
 (0.011) (0.008) (0.060) (0.013) 
Experience 10 years -0.0591** 0.0060 0.0876 0.0448** 
 (0.012) (0.008) (0.065) (0.014) 
Experience 11 years -0.0580** 0.0034 0.0557 0.0325* 
 (0.013) (0.009) (0.069) (0.016) 
Experience 12 years -0.0624** 0.0006 0.0916 0.0456** 
 (0.013) (0.010) (0.074) (0.017) 
Experience 13-20 years -0.0815** -0.0023 0.1202 0.0392* 
 (0.015) (0.010) (0.080) (0.018) 
Experience 21-27 years -0.1450** -0.0106 0.1638+ 0.0497* 
 (0.017) (0.012) (0.092) (0.021) 
Experience 28+ years -0.1408** -0.0153 0.2270* 0.0425+ 
 (0.019) (0.014) (0.104) (0.023) 
Regular license (base)     
Lateral license 0.1030** 0.0272** 0.0054 -0.0283* 
 (0.010) (0.007) (0.058) (0.013) 
     
Student characteristics      
School change -0.0170** 0.0074** -0.0220+ -0.0007 
 (0.002) (0.001) (0.013) (0.003) 
Structural school change -0.0260** 0.0024 0.0283 -0.0049 
 (0.003) (0.002) (0.020) (0.004) 
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VARIABLES Absences Classroom 
offenses 

Homework 
effort Free reading 

Classroom 
characteristics     

Class size from 21 to 30 
(base)     

Class size <= 5 -0.0316** 0.0031 -0.0830 0.0011 
 (0.006) (0.004) (0.062) (0.009) 
Class size between 6 and  -0.0256** 0.0069* 0.0186 0.0088+ 
10 (0.004) (0.003) (0.031) (0.005) 
Class size between 11 
and  -0.0017 -0.0003 -0.0047 -0.0008 
20 (0.001) (0.001) (0.008) (0.002) 
Class size between 31 
and  -0.1065** -0.0041* 0.0138 -0.0030 
40 (0.005) (0.002) (0.014) (0.003) 
Class size >= 41 -0.0268** -0.0095* 0.0258 -0.0057 
 (0.006) (0.004) (0.033) (0.006) 
% Nonwhite -0.0128* -0.0019 0.0798* 0.0052 
 (0.006) (0.004) (0.037) (0.007) 
% Eligible subsidized  -0.0316** 0.0104* -0.2669** 0.0077 
lunch (0.006) (0.004) (0.037) (0.007) 
% Parent college grad 
(base)     

% Parent comm. college  0.0377** 0.0058 -0.1803** -0.0030 
grad (0.006) (0.005) (0.042) (0.008) 
% Parent high school 
grad 0.0165** -0.0035 -0.2200** -0.0160+ 
 (0.006) (0.004) (0.042) (0.008) 
% Parent high school 
drop  0.0250+ 0.0042 -0.1559 -0.0363+ 
out (0.015) (0.011) (0.108) (0.021) 
Mean peer lagged score -0.0168** -0.0157** 0.0064 0.0056* 
 (0.002) (0.001) (0.010) (0.002) 
     
Grade-by-year FE YES YES YES YES 
School FE NO NO NO NO 
Student FE YES YES YES YES 
Teacher FE YES YES YES YES 
     
Observations 1,329,206 1,332,977 976,278 980,163 
R-Squared 0.721 0.731 0.730 0.804 
Robust standard errors in parentheses 
** p<0.01, * p<0.05, + p<0.1 
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Full Table A4. Non-test student outcomes. Math sample (model 2). 
VARIABLES Absences Classroom offenses Homework effort 
Teacher credentials     
No experience (base)    
Experience 1 year -0.0194** -0.0168** 0.0064 
 (0.004) (0.003) (0.025) 
Experience 2 years -0.0381** -0.0192** 0.0364 
 (0.005) (0.004) (0.029) 
Experience 3 years -0.0740** -0.0130** 0.0442 
 (0.006) (0.004) (0.033) 
Experience 4 years -0.0222** -0.0190** 0.0486 
 (0.007) (0.005) (0.037) 
Experience 5 years -0.0587** -0.0152** 0.0434 
 (0.007) (0.005) (0.042) 
Experience 6 years -0.0319** -0.0213** 0.0269 
 (0.008) (0.006) (0.046) 
Experience 7 years -0.0561** -0.0224** 0.0380 
 (0.009) (0.006) (0.051) 
Experience 8 years -0.0805** -0.0188** 0.0345 
 (0.010) (0.007) (0.055) 
Experience 9 years -0.0625** -0.0230** 0.0549 
 (0.011) (0.007) (0.059) 
Experience 10 years -0.0474** -0.0184* 0.0255 
 (0.011) (0.008) (0.063) 
Experience 11 years -0.0557** -0.0180* 0.0639 
 (0.012) (0.009) (0.068) 
Experience 12 years -0.1114** -0.0157+ 0.0805 
 (0.013) (0.009) (0.072) 
Experience 13-20 years -0.0924** -0.0204* 0.0742 
 (0.014) (0.010) (0.077) 
Experience 21-27 years -0.1070** -0.0233* 0.0431 
 (0.016) (0.011) (0.087) 
Experience 28+ years -0.1154** -0.0181 -0.0035 
 (0.018) (0.013) (0.099) 
Regular license (base)    
Lateral license 0.0053 -0.0216 0.0754 
 (0.010) (0.026) (0.055) 
Student characteristics     
School change -0.0203** 0.0299** -0.0092 
 (0.002) (0.005) (0.013) 
Structural school change -0.0266** 0.0261** 0.0153 
 (0.003) (0.007) (0.020) 
Classroom characteristics     
Class size between 21 and 
30 (base)    

Class size <= 5 -0.0350** 0.0978** -0.0739 
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Full Table A4. Non-test student outcomes. Math sample (model 2). 
VARIABLES Absences Classroom offenses Homework effort 
 (0.006) (0.023) (0.064) 
Class size between 6 and 
10 -0.0240** 0.0447** 0.0145 
 (0.004) (0.013) (0.032) 
Class size between 11 and 
20 -0.0111** 0.0048 0.0091 
 (0.001) (0.004) (0.008) 
Class size between 31 and 
40 0.0258** -0.0265** 0.0301* 
 (0.007) (0.007) (0.014) 
Class size >= 41 -0.1833** -0.0228 0.0557+ 
 (0.007) (0.017) (0.033) 
% Nonwhite 0.0035 -0.0716** 0.1167** 
 (0.006) (0.017) (0.037) 
% Eligible subsidized 
lunch -0.0119* 0.1085** -0.2179** 
 (0.006) (0.017) (0.038) 
% Parent college grad 
(base)    

% Parent community 
college grad 0.0153* 0.0213 -0.1341** 
 (0.007) (0.019) (0.042) 
% Parent high school grad 0.0227** -0.0420* -0.1247** 
 (0.007) (0.019) (0.042) 
% Parent high school drop 
out 0.0132 0.0019 -0.0411 
 (0.016) (0.045) (0.109) 
Mean peer lagged score -0.0003 -0.0753** 0.1024** 
 (0.002) (0.004) (0.009) 
    
Grade X Year FE YES YES YES 
School FE NO NO NO 
Student FE YES YES YES 
Teacher FE YES YES YES 
    
Observations 1,319,672 1,325,142 969,364 
R-Squared 0.716 0.733 0.731 
Robust standard errors in parentheses 
** p<0.01, * p<0.05, + p<0.1 

 
  



60 
 

Table A5. Returns to experience for absence indicators with alternative thresholds (model 2).  

Teacher 
Experience 

Absences > 3  
(25th percentile) 

Absences > 6  
(Median) 

Absences > 17 
(90th percentile) 

ELA Math ELA Math ELA Math 
No experience 
(base)       
1 year -0.0030 -0.0152** -0.0142** -0.0214** -0.0258** -0.0316** 
 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 
2 years -0.0164** -0.0236** -0.0343** -0.0326** -0.0513** -0.0424** 
 (0.005) (0.005) (0.005) (0.005) (0.004) (0.004) 
3 years -0.0054 -0.0357** -0.0224** -0.0623** -0.0368** -0.0900** 
 (0.006) (0.005) (0.006) (0.006) (0.005) (0.005) 
4 years 0.0005 -0.0164** -0.0215** -0.0247** -0.0469** -0.0271** 
 (0.006) (0.006) (0.007) (0.007) (0.006) (0.006) 
5 years -0.0112 -0.0361** -0.0342** -0.0545** -0.0499** -0.0697** 
 (0.007) (0.007) (0.008) (0.008) (0.007) (0.007) 
6 years -0.0094 -0.0226** -0.0301** -0.0286** -0.0490** -0.0429** 
 (0.008) (0.008) (0.009) (0.008) (0.007) (0.007) 
7 years -0.0197* -0.0304** -0.0545** -0.0476** -0.0749** -0.0711** 
 (0.009) (0.009) (0.009) (0.009) (0.008) (0.008) 
8 years -0.0178+ -0.0351** -0.0502** -0.0696** -0.0731** -0.0992** 
 (0.010) (0.009) (0.010) (0.010) (0.009) (0.009) 
9 years -0.0203* -0.0338** -0.0464** -0.0608** -0.0675** -0.0764** 
 (0.010) (0.010) (0.011) (0.011) (0.010) (0.009) 
10 years -0.0107 -0.0207+ -0.0439** -0.0504** -0.0694** -0.0645** 
 (0.011) (0.011) (0.012) (0.012) (0.010) (0.010) 
11 years -0.0143 -0.0216+ -0.0419** -0.0531** -0.0770** -0.0652** 
 (0.012) (0.012) (0.013) (0.013) (0.011) (0.011) 
12 years -0.0193 -0.0523** -0.0416** -0.0973** -0.0906** -0.1291** 
 (0.013) (0.012) (0.014) (0.013) (0.012) (0.012) 
13-20 years -0.0311* -0.0409** -0.0578** -0.0783** -0.1077** -0.1088** 
 (0.014) (0.013) (0.015) (0.014) (0.013) (0.013) 
21-27 years -0.0564** -0.0440** -0.1069** -0.0796** -0.1880** -0.1220** 
 (0.016) (0.015) (0.017) (0.016) (0.015) (0.014) 
28 + years -0.0467** -0.0522** -0.0944** -0.0916** -0.1843** -0.1350** 
 (0.018) (0.017) (0.020) (0.019) (0.017) (0.016) 
       
Observations 1,329,323 1,319,725 1,329,323 1,319,725 1,329,323 1,319,725 
R-squared 0.698 0.698 0.718 0.716 0.713 0.709 
Standard errors in parentheses     
** p<0.01, * p<0.05, + p<0.1     
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Table A6. Returns to experience for offense indicators with alternative thresholds (model 2). 
 Offenses >1 Offenses >2 
Experience ELA Math ELA Math 
No experience 
(base)     
1 year -0.0064** -0.0133** -0.0055** -0.0104** 
 (0.002) (0.002) (0.002) (0.002) 
2 years -0.0053* -0.0123** -0.0057** -0.0107** 
 (0.003) (0.003) (0.002) (0.002) 
3 years 0.0045 -0.0072* 0.0021 -0.0066** 
 (0.003) (0.003) (0.003) (0.002) 
4 years 0.0042 -0.0127** 0.0005 -0.0096** 
 (0.004) (0.003) (0.003) (0.003) 
5 years 0.0026 -0.0079* -0.0001 -0.0051 
 (0.004) (0.004) (0.003) (0.003) 
6 years -0.0034 -0.0107* -0.0050 -0.0082* 
 (0.004) (0.004) (0.004) (0.004) 
7 years -0.0036 -0.0139** -0.0049 -0.0093* 
 (0.005) (0.005) (0.004) (0.004) 
8 years -0.0049 -0.0088+ -0.0076+ -0.0043 
 (0.005) (0.005) (0.004) (0.004) 
9 years -0.0063 -0.0138* -0.0068 -0.0094* 
 (0.006) (0.006) (0.005) (0.005) 
10 years -0.0049 -0.0083 -0.0073 -0.0055 
 (0.006) (0.006) (0.005) (0.005) 
11 years -0.0058 -0.0090 -0.0081 -0.0058 
 (0.007) (0.006) (0.005) (0.005) 
12 years -0.0077 -0.0074 -0.0085 -0.0051 
 (0.007) (0.007) (0.006) (0.006) 
13-20 years -0.0104 -0.0088 -0.0098 -0.0055 
 (0.008) (0.007) (0.006) (0.006) 
21-27 years -0.0182* -0.0054 -0.0130+ -0.0058 
 (0.009) (0.008) (0.007) (0.007) 
28 + years -0.0169+ -0.0003 -0.0133 -0.0013 
 (0.010) (0.009) (0.008) (0.008) 
     
Observations 1,329,323 1,319,725 1,329,323 1,319,725 
R-squared 0.696 0.699 0.681 0.684 
Standard errors in parentheses   
** p<0.01, * p<0.05, + p<0.1   

 
 


