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ABSTRACT

On average, secondary school students in the United States are absent from
school three weeks per year. For this study, we are able to link middle and
high school teachers to the class-attendance of students in their classrooms
and create measures of teachers’ contributions to student class-attendance.
We find systematic variation in teacher effectiveness at reducing unexcused
class absences. These differences across teachers are as stable as those for
student achievement, but teacher effectiveness on attendance only weakly
correlates with their effects on achievement. A high value-added to attendance
teacher has a stronger impact on students’ likelihood of finishing high
school than does a high value-added to achievement teacher. Moreover,
high value-added to attendance teachers can motivate students to pursue
higher academic goals. These positive effects are particularly salient
for low-achieving and low-attendance students.
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I. Introduction

On average, secondary school students in the United States are ab-
sent from school three weeks per year (Snyder and Dillow 2013). Besides the well-
established correlations between low attendance and less learning (Goodman 2014;
Gottfried 2009, 2010, 2011), drug and alcohol use (Henry and Thornberry 2010) and
crime (Allensworth and Easton 2007; Balfanz, Herzog, and Mac Iver 2007), absen-
teeism is among the strongest predictors of long-term outcomes, such as high school
dropout, net of other factors including achievement and suspensions (Balfanz and
Byrnes 2012). Chronic absenteeism is particularly pronounced for Black, Hispanic, and
low-income students, aggravating the achievement gaps. Due to the prevalence of
absences and their adverse consequences, policymakers have doubled their efforts to
combat absenteeism in recent years. While a variety of individual and family factors
can lead students to miss school, such as student illness (Romero and Lee 2007) and
residential mobility (Hanushek, Kain, and Rivkin 2004), factors within the purview of
schools, such as a positive and safe school environment and an effective, supportive and
engaging teacher, are also likely to influence absences.
Teachers are among the most important educational inputs at school (Rivkin,

Hanushek, and Kain 2005). Despite the critical role of regular school attendance for
student long-run success, research is surprisingly sparse in teachers’ impact on reducing
absences, especially at the secondary school level, a stage that directly feeds into stu-
dents’ college enrollment. Even less is known about whether teachers who reduce
absenteeism have long-term effects on student success, particularly for at-risk students,
who tend to accrue large amounts of absences and drop out of high school. With this
study, we are among the first to estimate teachers’ contributions to student class at-
tendance in secondary school. We then evaluate several important statistical properties
of this newmeasure, including how stable thismeasure is over time and how it correlates
with teachers’ contribution to student test scores. Finally, and most substantively, we
link this measure to several student long-run outcomes, including high school grad-
uation and Advanced Placement (AP) course-taking. We then examine both the aver-
age long-run effects of having a high value-added to attendance teacher and also the
nonlinearities and heterogeneities on student subgroups. Teachers who are effective at
reducing absenteeism may be particularly beneficial for the most disengaged students,
and, as such, we assess heterogeneity in the long-run effects of high value-added to
attendance teachers by students’ prior absenteeism and prior achievement.
Overall, we find that teachers have large effects on student attendance. A student

would have approximately 44 percent fewer unexcused absences inmath classes (that is,
4.4 class meetings for a student who is expected to miss ten class meetings) and 54
percent fewer in English classes, if they had a teacher who is one standard deviation
above the average in value-added to attendance than if they had an average teacher,
holding other variables constant. Compared with value-added to achievement, value-
added to attendance is similarly stable across years, and, yet, value-added to attendance
is weakly correlated with value-added to achievement. Compared with having a high
value-added to achievement teacher, a high value-added to attendance teacher has
stronger effects on a student’s opportunity to graduate from high school andmeaningful
effects on students’ pursuit of higher academic goals, such as taking more AP courses.
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Specifically, having a teacher whose value-added to attendance is one standard devia-
tion above an average teacher can increase a student’s likelihood of graduation by 0.7
percentage points. Notably, the effects of value-added to attendance are particularly
strong for students with lower prior achievement, lower prior attendance, and high
predicted probability of dropping out, while showing little impact on students who are
at the top of these distributions.
Our study builds on the extensive literature of teacher effectiveness. Prior work has

convincingly documented that effective teachers have large impacts on student test score
gains in math and reading in the year in which the teacher teaches the student (for
example, Clotfelter, Ladd, and Vigdor 2007; Goldhaber 2007; Rivkin, Hanushek, and
Kain 2005), and they can have long-term impacts on college attendance, income, and
other adult outcomes (Chetty, Friedman, and Rockoff 2014). However, a large portion
of teacher effects on student long-term outcomes, like college attendance, is not explained
by teacher effects on student achievement (Chamberlain 2013), suggesting that good
teachers not only increase students’ test scores, but also impact other capacities. An
emerging literature is beginning to shed light on teachers’ impact on students’ non-
achievement outcomes (for example, Gershenson 2016; Jackson 2018; Kraft 2019).1

For example, Jackson (2018), using data from North Carolina, estimates ninth-grade
teachers’ effects on a composite measure of student GPA, on-time grade completion,
suspensions, and full-day attendance and shows that this nonachievement dimension of
teacher effectiveness can contribute to students’ long-run success above and beyond the
teachers’ impact on student test scores. Our study extends Jackson (2018) by focusing
on teachers’ contribution to student class attendance in secondary school.
This work makes five main contributions to the literature. First, we focus on atten-

dance at the secondary school level rather than the elementary level. Since during
secondary school students themselves rather than their parents are likely to make the
decision to attend classes, attendance in secondary school is more likely to be affected
by the student’s own perceptions of the teacher than it is in elementary school and is
therefore likely a key setting for estimating “teacher effects” on absences. Absenteeism
is also higher in secondary school (Whitney and Liu 2017). Gershenson (2016) focuses
on elementary grades, and although Jackson (2018) studies ninth-graders, ours is the
first study that examines both middle and high school students (Grades 7–11). Second,
the detailed administrative data that we use provide information on whether a student
missed each class of each day for either an excused or unexcused reason. Gershenson
(2016) and Jackson (2018), as well as other research on student absence, focus on full-
day absences as the outcome measure. Because middle and high school students attend
classes with multiple teachers, attributing full-day absences to individual teachers is
potentially problematic. Class-level absence greatly improves the precision of mea-
suring absenteeism and estimating teacher effects. Moreover, focusing on unexcused
rather than the combination of excused and unexcused absences allows us to isolate the

1. An emerging literature sheds light on teachers’ impact on students’ nonachievement outcomes (for example,
Gershenson 2016; Jackson 2018; Kraft 2019). Most of these studies focus on the elementary or middle school
level, examining a range of outcomes, including psychological traits like growth mindset and grit (Kraft and
Grace 2015), self-reported self-efficacy and happiness (Blazar and Kraft 2017), academic motivation (Ruzek
et al. 2015), teacher-reportedmeasures of children’s social and behavior skills (Jennings andDiPrete 2010), and
full-day absences (Gershenson 2016; Ladd and Sorensen 2017).
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types of absences that are more likely a reflection of the student’s perceptions of the
teacher. A recent study of middle and high school student attendance in one urban
school district finds that approximately one-half of all absences from class were due to
class skipping on days that students attended rather than to full-day absences (Whitney
and Liu 2017). Third, unlike existing studies that treat absences as a continuous vari-
able despite the fact that absences are a discrete count variable (that is, 0, 1, 2, 3, etc.)
and have excessive zeros, we employ a two-level negative binomial model to estimate
teacher effects on absences, a method specifically designed for estimation of count
variables (Ellison and Swanson 2016).2 Fourth, using high school graduation, dropout,
and AP course-taking data, we test whether teacher value-added to attendance has
predictive power for student long-term outcomes above and beyond teachers’ impact on
student test scores. Only Jackson (2018) has looked at longer-run outcomes by using
teacher effects on non-test score outcomes. Finally, we also ask whether subgroups of
students respond differently to each dimension of teacher effectiveness. Given at-risk
students are likely to have particularly high absenteeism rates, they might benefit more
from teachers who are capable of keeping students at school. We directly test the
heterogeneity of multidimensional teacher effects based on several student character-
istics, an aspect rarely examined in the literature.
The paper proceeds as follows. First, we summarize related literature to motivate the

importance of attendance and how teachers can influence student class attendance. We
then describe our data and show which student and class characteristics predict ab-
sences. In the methods section, we present our identification strategy of estimating
teacher effects on student attendance, as well as on test scores. Finally, we describe our
approaches for answering the other research questions, present results and robustness
checks, and conclude with a discussion of the implications.

II. Background

Prior research has documented the critical role of noncognitive skills
for a host of long-term socioeconomic outcomes (Heckman, Stixrud, and Urzua 2006;
Cunha, Heckman, and Schennach 2010). While latent noncognitive skills may be dif-
ficult to measure, behaviors, such as attendance and class disruptions, are correlated
withwell-known psychological measures, such as the “Big Five”3 personality traits, and
may serve as good proxies for them (Heckman and Kautz 2013). School attendance
is particularly valuable because it can be measured relatively easily and objectively.
Psychologists find attendance positively associated with conscientiousness (Duckworth
et al. 2007) and negatively associated with neuroticism and low levels of agreeableness
(Lounsbury et al. 2003), among other character skills that are valued in the labor market
(Heckman, Pinto, and Savelyev 2013).
Quasi-experimental research consistently shows a negative relationship between ab-

sences and test scores. Gottfried (2009, 2010, 2011) uses data from the School District

2. We also replicate all the results using an OLS model. See the “Robustness Checks” section for details.
3. The “Big Five” character skills include openness, conscientiousness, extraversion, agreeableness, and
neuroticism.
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of Philadelphia to examine several facets of the relationship between student absences
and achievement. Using proximity from students’ homes to their school to instrument
for attendance and controlling for school fixed effects, Gottfried (2010) finds a positive
relationship between attendance and both grade point average and test scores. Gottfried
(2011), alternatively, uses family fixed effects on a longitudinal sample of siblings to
control for unobserved heterogeneity in the family environment, which might affect
both absences and school performance. He finds a negative relationship between ab-
sences and achievement even within families. In a more recent study, Goodman (2014)
uses snow days as an instrumental variable and finds that each absence induced by
moderate snowfall reduces student math achievement by 0.05 standard deviations.
Goodman (2014) also finds evidence that absences can cause lower achievement even
among nonabsent students. The teacher is likely to have a “coordination problem”

because when absent students return to school, the teacher may need to allocate in-
structional time to catching up students on what they missed (Goodman 2014).
The prior literature has hypothesized about the role of teachers in encouraging or

discouraging absences, though very little empirical work has addressed this relationship
directly. Monk and Ibrahim (1984), for example, hypothesize that “if a teacher is weak,
or a class is unruly and a student is not learning, the student may respond by being
excessively absent.” Ladd and Sorensen (2017), similarly, hypothesize that “effective
teachers do more for students on a daily basis than simply imparting a narrow set of
reading or math skills.such teachers cultivate character, discipline, and curiosity, and a
variety of other capacities.”
Recent research includes a few studies estimating teacher effects on student social and

behavioral outcomes, including attendance (Backes and Hansen 2015; Blazar and Kraft
2017; Gershenson 2016; Jackson 2018; Jennings and DiPrete 2010; Kraft 2019; Kraft
and Grace 2015; Ladd and Sorensen 2017; Ruzek et al. 2015). Of these, Gershenson
(2016) is the only study that focuses specifically on teachers’ impacts on student at-
tendance. The author uses data for third- to fifth-graders from North Carolina and
an aggregated measure of absences that does not differentiate excused and unexcused
reasons. He finds teacher effects on student attendance that are of approximately the
same magnitude in terms of standard deviations as effects on achievement. In a similar
vein, Blazar and Kraft (2017) estimate teacher effects for fourth- and fifth-grade teachers
on a range of student self-reported measures, including self-efficacy in math and hap-
piness. They find that the magnitudes of teacher effects on these measures are similar to
that for test scores. These studies find weak or moderate correlations between teacher
effects on non-test score outcomes and their effects on test scores, indicating that
teaching is likely to be a multifaceted activity that cannot be captured well by a single
outcome measure for students.
The only study looking at nonachievement measures for high school teachers,

Jackson (2018), estimated Grade 9 teachers’ effects on a composite measure of student
GPA, on-time grade completion, suspensions, and full-day attendance in North Car-
olina. Jackson (2018) distinguishes his work from similar studies not only by exam-
ining high school students but also by directly testing how teacher effects on non-
cognitive outcomes affect students’ long-run success. He finds that teacher effects on
these outcomes have stronger predictive power than their effects on test scores on stu-
dent educational attainment, such as high school graduation, SAT taking, and intended
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college-going. Effects of teachers on these nontest outcomes are key to explaining their
effects on long-run outcomes, particularly for English teachers.
Our study extends Jackson (2018) by focusing on class-attendance for the entire

secondary grades (except for 12th grade) and how this new dimension of teacher ef-
fectiveness predicts student long-run outcomes. In addition, we extend the literature
on the long-run effects of multidimensional teacher effectiveness by paying particular
attention to the nonlinearities and heterogeneities. In the value-added to achievement
literature, there is evidence showing that teachers can be somewhat more effective with
one group of students than others (Aaronson, Barrow, and Sander 2007; Lockwood and
McCaffrey 2009; Loeb, Soland, and Fox 2014), but less is known about differences in
teacher effects across students for long-run outcomes and for alternative teacher ef-
fectiveness measures.
Specifically, we pose the following research questions:

Research Question 1: Variance. To what extent do teachers vary in their contribution
to student class-attendance?
Research Question 2: Stability. How well does a teacher’s value-added to attendance
in the current year predict his or her future value-added to attendance, and how does this
cross-year relationship compare to that for value-added to achievement?
Research Question 3: Similarity. To what extent are teachers who contribute most to
student attendance the same ones who contribute most to student test performance?
Research Question 4: Effects. Does attending classes with a teacher who has high
value-added to attendance benefit students in the long run, especially those students
with low attendance, low achievement, and high propensity to drop out?

III. Data

Longitudinal administrative data for the study, including school years
2003–2004 through 2013–2014, come from a medium-sized urban school district in
California. We focus on students in Grades 7–11, excluding 12th-graders for two rea-
sons. First, 12th-graders do not take standardized tests, so we cannot estimate teachers’
value-added to test performance for that grade. Second, 12th-graders are about to
graduate and thus have weaker motivation to attend class compared to students in prior
grades (that is, so-called “senioritis”), making 12th-graders a special population that
deserves separate analyses.
The most unusual feature of this data set is that it has student attendance records for

each class on each day and the reasons for absence. During the school yearswe examine,
teachers used a paper scantron tomark a student as absent, tardy, or present in each class.
For an absent student, a clerk in the school office would mark the student as excused
absent if they received a phone call from a parent or guardian providing reasons for
absence; otherwise, the student was identified as unexcused absent for that class.
According to interviews with several administrators in the district, teachers had incen-
tives to report absences accurately. The school did not want them to overreport absences
because funding was tied to average daily attendance (ADA); however, if a student was
recorded as in class when they had a discipline issue or were found to be outside of
school, that difference could create problems for the school and the teacher. Thus,
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deliberate misreporting was not perceived as a problem, although a teacher might
make mistakes when tracking student attendance. Whitney and Liu (2017) conduct sev-
eral validity checks to assess the classification of part-day and full-day absence using
the same data set.
Such detailed class-level attendance data are rarely available for researchers. As a

result, nearly all the current studies of student attendance use full-day absences,with just
a few exceptions and none addressing teacher effects.4 Since part-day absences account
for more than half of total class absences (Whitney and Liu 2017), ignoring part-day
absences may result in significant error for estimating days when students do not attend
particular classes and may bias estimates of value-added to attendance, as well as result
in less reliable measures, especially when part-day absences are nonrandomly distrib-
uted among students with different characteristics. Class-level attendance data also
allow us to estimate directly teacher effects on the specific student absences for which
they are responsible. Since we have information on whether absences are excused or
unexcused, we are able to focus on unexcused absences that are more discretionary for
students and thus more likely to be affected by teachers.
We combine several databases to construct our final sample. First, we match classes

in the attendance data set to their corresponding subject area. We focus our analysis
on five core subjects—math, English language arts (ELA), science, social studies, and
foreign languages—because noncore subjects like physical education have relatively
fewer teachers. Second, we link student attendance data to a rich set of student demo-
graphic variables, including race/ethnicity, gender, English learner status (EL), special
education status, and gifted status. Third, we add in student test scores from California
Standards Tests (CST). Students in Grades 2–11 were required to take these state-
mandated tests during the years of our study. Although we also have test scores for
science and history, we only use math and ELA test scores in this study because science
and history were not tested in each grade. We link teachers to students using a com-
bination of class identifier, school, grade, period, and teacher ID, which in turn allows us
to construct classroom-level covariates. For our last research question, we merge in
student high school graduation status, whether they dropped out before 12th grade,5 and
their AP course-taking behavior.
In secondary school, a student can have multiple teachers and classes in a subject but

only one test score in that specific subject area, which creates a problem for how to
construct samples for estimating value-added scores. For the main analysis, we estimate
value-added to attendance and achievement for math and English teachers on the same
sample, which we fully describe below, though we run specification checks using a
range of other samples. We choose this restricted sample so that we can compare value-

4. One prior study of absences uses the average number of absences for each class but does not examine effects
of teachers on this measure (Cortes, Bricker, and Rohlfs 2012).
5. The district gave us these long-term outcomes up to school year 2014–2015. For later cohorts (for example,
those who were seventh-graders in 2012–2013) for whom we do not have data to observe their graduation and
dropout, we assign missing values to these outcomes. For all seventh-graders we can observe in our sample,
56.51 percent graduated from high school, and 28.39 percent dropped out before 12th grade. These numbers are
59.30 percent and 22.50 percent for eighth-graders, 68.40 percent and 16.51 percent for ninth-graders, 81.39
percent and 8.27 percent for tenth-graders, and 91.18 percent and 3.37 percent for 11th-graders. For those who
neither graduated nor dropped out, some are transitional school students (Grades 8–9) who did not return to the
district and did not submit a school enrollment application for the subsequent year.
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added measures on attendance and achievement without the concern that these two
measures are estimated using different samples. To create this sample, we constrain the
data in several ways. We begin with observations at the student–class-period–semester
level. We use only students who have one teacher in a subject for the entire school year.
This restriction cuts nearly a quarter (22.6 percent) of our sample6 but removes the
difficulty of disentangling teacher effects on student test scores when multiple teach-
ers are present. This restriction reduces the generalizability of our sample somewhat,
though it fits with our purpose of understanding value-added to attendance. We also
drop student–class-period–semester observations if one is absent from more than 50
percent of their total classes because students with extremely high absence rates are
likely to be absent due to reasons beyond a teacher’s control. We thus also drop ob-
servations when the student has less than ten valid attendance marks in a class per
semester.7 We also exclude classes with fewer than five students becausewewould lack
precision when estimating teacher effects for such small classes. For the comparison of
value-added to achievement and value-added to attendance, we limit the sample to
teachers for which we can compute bothmeasures. These restrictions drop an additional
12 percent of the sample.
Table 1 reports the descriptive statistics at the student, classroom, and school level.

The first four columns report characteristics of students in all five subjects for both the
full sample and the restricted sample,8 while the next set are math specific, and the last
set are for ELA. Overall, we lose about 20 percent of student–year observations using
our analytical sample, resulting in 185,000 student-by-year observations and 8,900
teacher-by-year observations. Compared with the full sample, the analytical sample has
slightly lower percentages of Black and Hispanic students. The average test scores are
higher, and the number of absences are lower, suggesting that we are using a slightly
more advantaged group of students, though overall, the samples are quite similar. Our
analytical sample includes slightly more male students than females.
One salient feature is that students are racially diverse. About 50 percent of the stu-

dents are Asian, slightly more than 20 percent are Hispanic, and about 10 percent are
Black. The racial composition for math and ELA classes is similar to the whole analyt-
ical sample, with slightly more Asian students in math classes. Given this racial com-
position, it is not surprising that the percentage of EL is about 20 percent. The classroom-
level and school-level statistics are similar to those at the individual level.
On average, students have 3.04 unexcused absences for a math class and 2.96 un-

excused absences for an ELA class per school year,9 accounting for 3.96 percent
and 3.84 percent of the total class meetings, respectively. For both subjects, the aver-
age excused absences are about one-half of the unexcused absences for a class. The

6. 24.21 and 15.54 percent of students have more than one teacher in English and math, respectively.
7. Invalid attendance marks refer to those classes that are inactive, have no record of attendance, or have
attendance marks that are miscoded.
8. We constrain this sample using the same criteria as what we do for the sample used to estimate both value-
added to attendance and value-added to achievement; that is, every student has only one teacher in a specific
subject–year, each class has more than five students, and each student has less than 50 percent of total class
absences.
9. Students might take multiple classes in a subject in a school year. We report the averages across all class-
periods in the corresponding subject in a school year.
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standard deviations are much bigger than the means for both excused and unexcused
absences, indicating highly skewed distributions for both variables.10

Both student and class characteristics can influence students’ decision to attend a
class. To better inform our value-added estimation, we use regression analysis to ex-
amine how these factors predict unexcused absences.11 Table 2 synthesizes the results.
The dependent variable is the rate of unexcused absences for a class. In the first two
columns, we report results using data for all subjects. In Columns 3–6, we report results
of separate analyses for math and ELA. The first model contains only the reported
variables, while the second includes school-by-year fixed effects, so that the compari-
son of students and classes are within schools in a given year.
Across different subjects andmodel specifications, female students have significantly

fewer unexcused absences than do males, but the size of the differences are small
at about 0.002–0.003. Differences across ethnic groups, in contrast, are quite substan-
tial. Compared with Asian students (the group left out of the model for comparison),
Black students have an average unexcused absences rate 6.3 percentage points higher,
according to the most conservative estimate. Hispanic students have substantially lower
unexcused absence rates than do Black students but exceed the rates for white stu-
dents and students from other ethnic groups, each of whom have higher average rates
than Asian students. Unexcused absences also differ by grade level. Higher grade levels
generally have more unexcused absences, with a large jump between Grades 8 and 9
and then relative stability between Grades 9 and 11.
Class characteristics also predict student attendance. For example, attendance varies

by the timing of the class. Most schools have seven periods per day, while a few also
have a zero or eighth period. We group those periods as a separate group. Students
skip the first class in a day more than later ones and are second-most absent from their
seventh-period class. The number of unexcused absences varies less by class subject.
ELA classes have significantly fewer unexcused absences than do math, science, social
studies, and foreign language classes, but the differences are small.
To facilitate constructing our value-added measures, we aggregate our data from the

student–class-period–semester level to the student–teacher–year level, which allows
us to estimate teacher effects on both test scores and attendance using the same data
set. Although a student has only one test score in a subject in a year, students can take
more than one class-period with a teacher in a subject, so we aggregate absences for
each student–teacher–subject–year combination.12 This method allows students to
have different exposure times or total class meetings with a teacher, and, thus, the total
number of absences after aggregation are not directly comparable among students. In
what follows, we provide a detailed explanation on how our model addresses this issue.
For class-level controls, we calculate the average classroom characteristics for all class-
periods a student took with a teacher in a certain subject in a year.

10. We calculate total class meetings for each student–class-period cell by aggregating all the unexcused,
excused, tardy, and present attendance marks. Classes on average have about 76 meetings in a semester, a 15-
week span, assuming studentsmet every day.While the school year is 180 days, some classes do not meet every
day, particularly at schools with nontraditional schedules. In addition, on some days students in a class may not
meet due to special activities such as school-wide assemblies.
11. For a more comprehensive examination, see Whitney and Liu (2017).
12. If counting one class-period–semester as a class (so Algebra 1 in fall and Algebra 2 in spring are counted as
two classes), 33.22 percent students have just one class with a teacher in a subject in a year, and 63.50 percent
have two classes.
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Table 2
Characteristics Predicting Unexcused Class Absence Rate

All Subjects Math ELA

(1) (2) (3) (4) (5) (6)

Female -0.003** -0.002** -0.002** -0.002** -0.002** -0.002**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

White 0.020** 0.021** 0.021** 0.022** 0.019** 0.021**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Black 0.074** 0.063** 0.073** 0.063** 0.070** 0.063**
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

Hispanic 0.045** 0.039** 0.045** 0.039** 0.042** 0.037**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Other 0.025** 0.023** 0.026** 0.023** 0.025** 0.023**
(0.000) (0.000) (0.001) (0.000) (0.001) (0.001)

English language
learner

0.014** 0.010** 0.014** 0.011** 0.014** 0.012**
(0.000) (0.000) (0.000) (0.000) (0.001) (0.001)

Grade 8 0.002** 0.002** 0.003** 0.002** 0.003** 0.002**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Grade 9 0.031** 0.010** 0.032** 0.015** 0.034** -0.003
(0.000) (0.002) (0.001) (0.005) (0.001) (0.005)

Grade 10 0.032** 0.010** 0.032** 0.016** 0.032** -0.004
(0.000) (0.002) (0.001) (0.005) (0.001) (0.005)

Grade 11 0.030** 0.010** 0.032** 0.017** 0.029** -0.006
(0.000) (0.002) (0.001) (0.005) (0.001) (0.005)

Period 2 -0.009** -0.009** -0.008** -0.008** -0.008** -0.008**
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

Period 3 -0.012** -0.012** -0.011** -0.010** -0.010** -0.010**
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

Period 4 -0.010** -0.011** -0.007** -0.009** -0.010** -0.010**
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

Period 5 -0.010** -0.010** -0.009** -0.009** -0.008** -0.008**
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

Period 6 -0.007** -0.007** -0.007** -0.006** -0.007** -0.006**
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

Period 7 -0.004** -0.002** -0.001 -0.000 -0.001 -0.002*
(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)

(continued)
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IV. Empirical Strategy

A. Estimating Value-Added to Attendance

We estimate a two-level negative binomial regression model (NBRM) to construct
value-added measures for teachers’ impact on student attendance and estimate the
variance in this measure across teachers. Prior studies that use student test scores as
outcome variables generally employ an ordinary least squares (OLS) model with
teacher or teacher-by-year fixed effects to estimate value-added. The NBRM is better
suited than OLS to model teacher effects on attendance given that attendance is a count
variable and has excessive zeros, though in some cases NBRM andOLS provide similar
results even with count data.We test the relative merits of the approaches for our data by
replicating the analyses using OLS models and find that OLS performs worse than
NBRM, which we explain in detail in the “Robustness Checks” section. As Figure 1,
Panel A shows, the distribution of unexcused absences is extremely skewed. Around 40
percent of the values are zeros at the student–class-period level for math classes. A
similar pattern holds for the percentage of unexcused absences over total class meetings
for all five subjects at the student–school-year level, for the class-period level, and for
the teacher-year level.
The NBRM belongs to the family of models that deal with counts as dependent

variables. The NBRM is an extension of the Poisson regressionmodel, adding onemore

Table 2 (continued)

All Subjects Math ELA

(1) (2) (3) (4) (5) (6)

Other periods -0.022** -0.004** -0.022** -0.002 -0.012** -0.008**
(0.001) (0.001) (0.003) (0.002) (0.003) (0.003)

Math 0.001** 0.002**
(0.000) (0.000)

Science 0.001** 0.003**
(0.000) (0.000)

Social studies 0.001+ 0.002**
(0.000) (0.000)

Foreign language -0.003** 0.001**
(0.000) (0.000)

School by year FE X X X
Observations 1,197,741 1,197,741 262,993 262,993 253,235 253,235

Notes: Robust standard errors in brackets are adjusted for clustering at class-period level. **p< 0.01, *p< 0.05,+ p< 0.10.
The dependent variable is unexcused absence rate at class-period level. “All subjects” includes math, ELA, science,
social studies, and foreign languages. The reference group for the race/ethnicity variable is Asian students. The reference
group for the period variable is the first period. The reference group for the subject variable is English classes.
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parameter to account for overdispersion in the dependent variable, which allows the
variance to exceed themean.13 TheNBRMallows the number of events to have different
exposure times and thus can account for studentswho have the same teacher for different
meeting times in a year. We embed the NBRM into a two-level random intercept
framework to estimate teacher effects. A two-level random interceptmodel estimates the
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Percent of Unexcused Absences

Figure 1
Distribution of Unexcused Absences
Notes: Panel A uses the restricted data at the student–class-period–semester level. Panel B uses the restricted
data that have all five subjects at the student–school year level. Panel C uses data collapsed at the class-period
level for all math classes during school years 2002–3003 to 2012–2013. Panel D uses data collapsed at the
teacher level for all math classes during school years 2002–3003 to 2012–2013. The data are truncated at 40
percent of unexcused absences to show the bulk of the distribution.

13. We run a simple test to show that the NBRM outperforms the PRM in our setting. We regress student
unexcused absences on basic student, class, and school covariates with both models. Then we predict the
expected number of unexcused absences given the results of these two models. If there is a smaller difference
between the observed value and predicted value for the NBRMcompared with the PRM, it suggests the NBRM
fits the data better.
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variance of value-added directly and provides empirical Bayes estimates of individual
teacher effects (McCaffrey et al. 2004).14

The greatest challenge to estimating teacher effects is that students may not ran-
domly sort to teachers. Several studies show that controlling for student prior test scores
eliminates most of the sorting bias when creating measures of value-added to test
performance (Chetty, Friedman, and Rockoff 2014; Kane and Staiger 2008). To reduce
the possibility of bias from within-school sorting, we control for student prior absence
rates in the same subject, as well as in other subjects, in addition to controlling for
student prior test scores. Unlike when calculating teacher effects using data on ele-
mentary and middle school students, simply controlling for prior test scores and ab-
sences may not fully eliminate selection bias at the high school level because of aca-
demic tracks and unobserved track-level treatments (Jackson 2014). The school district
we study does not use formal academic tracking. However, students in secondary school
chose which math courses to take and, as a result, take different math tests at the end
of the year. We use interactions of grade and the test the students took in that grade, as
well as in the prior year, to control for possible selection of teachers and students into
different courses. Following Jackson (2018), we formally test selection on both ob-
servables and nonobservables to further assess whether our controls sufficiently remove
bias due to sorting. We do not find evidence of substantive bias for value-added to
attendance, as we discuss in the “Robustness Checks” section.
We pool all grades together and estimate the following models separately by subject:

Level 1:

E(Absijt) =lijt = exp[X0
ijtb+ hjt + eijt + ln(ETijt)]

where Absijt j mijt ~Poisson(mijt), and exp(eijt) j yjt~Gamma(rijt, pijt), andCov(Xijt, yjt)= 0,
and Cov(Xijt, eijt)= 0.
rijt and pijt are two parameterizations of conditional overdispersion. Specifically,

rijt = 1=a and pijt =
1

1 + a � exp(X0
ijtb + hjt)

Level 2:

hjt = c00 + ujt

where ujt ~ N(0, c).
In this model, the variation driving the estimation comes from teachers who taught

students who share similar achievement, attendance, and demographic characteristics
and were in the same types of courses, adjusting for differences across grade levels
and years. In Level 1, E(Absijt) or mijt indicate student i’s expected unexcused absences
with teacher j in school year t. Xijt represents a variety of student, classroom, and school

14. A common debate in the value-added literature is whether teacher effects should be treated as fixed or
random. In our case, although Hausman, Hall, and Griliches (1984) propose a conditional likelihood method
for negative binomial regression with fixed effects, Allison andWaterman (2002) show that it does not qualify
as true fixed effects because time-invariant covariates are allowed in their model and can result in a nonzero
coefficient on those covariates. This problem arises because the model allows for individual-specific variation
in the dispersion parameter instead of in the conditional mean (Rabe-Hesketh and Skrondal 2012). We thus
choose to embed the NBRM into a two-level random intercept framework to estimate teacher effects.
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characteristics. Online Appendix A gives a full list of controls. yjt is a random effect
for teacher j in year t, which is the teacher-by-year value-added estimate of interest.
Alternatively, we estimate value added on the teacher level by replacing yjt with yj,
which directly provides variance estimates across teachers. eijt is a random error that
results in overdispersion, the reason for choosing the NBRM model. ETijt indicates the
exposure time (that is, total class meetings), for student i with teacher j in school year t.
By adding this exposure variable, we control for differences in exposure times, with the
coefficient constrained to one (Long and Freese 2014). In Level 2, our teacher-by-year
effect yjt follows a normal distribution with mean equal to zero.15

In our preferred model, we do not include school fixed effects, although we also run a
version of the model with school fixed effects to compare their performance. First, the
inclusion of school fixed effects reduces stability and creates additional noise in value-
added estimates because only teachers who move between schools identify the school
effects (Mihaly et al. 2013; Mansfield 2015). In our case, only about 8.5 percent of
teachers switched between schools within the district during the period we examine,
which creates much noise in the value-added scores. Second, the literature on teacher
effects on achievement finds that once controlling for prior performance, adding school
fixed effects does little to further remove bias (Koedel, Mihaly, and Rockoff 2015).
Nevertheless, school-level policy might influence student attendance and teachers’ abil-
ity to reduce student absences. Thus, while we estimate the value-added model without
school fixed effects, we include school fixed effects in models estimating how value-
added to attendance affects student short- and long-run outcomes. Thus, these estimates
use only within-school variation.
Given the nonlinear nature of the model, we can interpret teacher effects as the

percentage change of the expected number of unexcused absences. By computing the
equation below, we get the percentage change in the expected number of unexcused
absences for a student with a teacher who has a value-added of one standard devia-
tion above the average, compared with the result assuming the student has an average
teacher, holding other variables constant.

E(Absijt jXijt‚w
1=2)

E(Absijt jXijt‚ 0)
= exp(w1=2)

The result is given by 100 · [exp(c1/2) – 1].
We predict the Empirical Bayes (EB) estimates of the teacher–year effects by using

the means of the empirical posterior distribution with the estimated model parameters
including b̂, â, and the variance components of c.16 We then standardize these EB

15. The variance of ujt (that is,c) is a q · q variancematrix S. The conditional distribution ofAbsjt= {Abs1jt,.,
Absnjt}¢ given random effects ujt and the conditional overdispersion parameter a is

f (Absjt jujt‚ a) =P G(Absijt + rijt)
G(Absijt + 1)G(rijt)

p
rijt
ijt (1 - pijt)

Absijt :

The likelihood function for teacher j in year t is

Ljt(b‚S‚ a) = (2p)
1q
2 jSj- 1

2

Z
f (Absjt jujt‚ a) exp( - u0jtS - 1ujt

�
2)dujt :

16. For a complete introduction of this procedure, see Rabe-Hesketh and Skrondal (2012).
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estimates to have a mean of zero and a standard deviation of one. Since the dependent
variable is unexcused absences, a bigger value in these EB estimates indicates a bigger
effect on increasing unexcused absences. To ease interpretation, we convert them to
value-added to attendance by multiplying all the EB estimates by -1.
We test the robustness of our results using excused absence as an outcome variable to

conduct a form of a placebo test. In theory, students need legitimate reasons, such as
sickness, to have an excused absence,which should be free from a teacher’s influence. In
practice, excused absences may be fungible, for example, if students are more likely to
feign sickness or to schedule doctors’ appointments or other appointments during
classes in which they are not engaged. Nonetheless, unexcused absences are likely to be
more affected by teachers than are excused absences, and, thus, the estimated variance of
value-added to unexcused absences should be larger than that for excused absences.

B. Estimating Value-Added to Achievement

We estimate value-added to achievement so that we can examine how the two measures
of teacher effectiveness correlate and compare their stability. We adopt a widely used
strategy that estimates teacher or teacher-by-year fixed effects, accounting for student
math and reading test scores in the prior year. An experimental study shows that this
model outperforms othermodels of teachers’value added to student test scores (Guarino
et al. 2015). We compute empirical Bayes estimates after running the fixed-effects model
by summarizing the estimated standard errors to estimate the sampling error variance
and then shrinking the estimates by a signal-to-noise ratio based on this sampling error
variance.

V. Results

A. Variance

By running NBRM separately for each subject, we obtain a standard deviation of value-
added to attendance for each of math, ELA, science, social studies, and foreign lan-
guages.17 Table 3 gives the results, reporting both teacher-level and teacher-by-year-
level estimates since both come into play in subsequent analyses. The first column shows
the raw standard deviations. Predictably, teacher-level estimates have smaller variances
than teacher-by-year estimates for each subject.
Because we use the number of unexcused absences as dependent variables, these

standard deviations do not provide an intuitive interpretation of the magnitude, nor can
we compare them directly to value-added to achievement. Instead, in Column 2 of
Table 3, we report the incidence rate ratio (IRR) of one standard deviation of value-
added to attendance, which has a multiplicative interpretation. For example, a student
would have 44.3 percent fewer unexcused absences in math classes if they had a teacher
who was one standard deviation above the average than they would if they had an

17. In OnlineAppendix B, we report the regression results for estimating math teachers’ value-added to

attendance. In Online Appendix C, we report both the variances and the stability of value-added estimates after
adding school fixed effects to our base specification. As expected, value-added to attendance has a much
smaller variance and is less stable after adding school fixed effects.
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average teacher, holding other variables constant. To make the magnitude more intui-
tive, consider a typical math class that has 77 class meetings a semester (Table 2). For a
chronically absent18 student who has an expected absence rate of 10 percent (that is, 7.7
class meetings for this math class), the magnitude equals a reduction of 3.4 unexcused
absences. The incidence rate ratio is greater, 54.1 percent, for English classes.19

As expected, we find that the magnitude of the variance of value-added to attendance
when using excused absence is smaller than for unexcused absences. Specifically, the
standard deviation is 0.23 for math (compared with 0.37 for unexcused absence) and
0.24 for ELA (compared with 0.43 for unexcused absence), suggesting that unexcused
absence is more malleable and that teachers have a greater impact on it.

B. Stability

To investigate the stability of value-added to attendance, we conduct two analyses.
First, we generate transitionmatrixes to examine how teachers’ quintile rankings change
from the first two years we observe them to their third through fifth years. We compute
teachers’ quintile ranking by taking the average of each teacher’s first two years’ value
added and also the following three years. If a large proportion of teachers stay where

Table 3
Magnitude of Teacher and Teacher-by-Year Effects on Student Absences

SD Incidence Rate Ratio

Teacher Math 0.366 1.443
ELA 0.433 1.541
Science 0.422 1.525
Social studies 0.402 1.495
Foreign languages 0.403 1.496

Teacher by Year Math 0.447 1.564
ELA 0.478 1.612
Science 0.479 1.615
Social studies 0.467 1.595
Foreign languages 0.409 1.505

Notes: Standard deviations are directly estimated from two-level negative binomial models. Incidence rate
ratio is calculated using exp(SD).

18. The U.S. Department of Education defines chronic absenteeism as missing 15 or more days of school per
year (U.S. Department of Education, Office of Civil Rights 2018), but many reports and research studies use 10
percent of school days. Because we have class-level attendance data, following Whitney and Liu (2017), we
choose to use total class meetings as the denominator instead of school days.
19. We also estimate a model controlling for school fixed effects, so we are only comparing teachers within
schools, though, as discussed above, the approach has drawbacks. The standard deviation is 0.282 (IRR =
1.326) for math teachers and 0.348 (IRR= 1.417) for English teachers, both slightly smaller than the results
without school fixed effects. Because school fixed-effects models identify school effects through the relatively
small sample of movers, we prefer a model without school fixed effects and focus on this preferred model in
this paper.
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they are initially in their third through fifth years ormove very little, we have evidence to
say that value-added to attendance is a relatively stable measure. Although transition
matrixes provide an intuitive way to measure the stability of value-added to attendance,
they do not offer a succinct measure of howwell early value-added predicts future value-
added. Moreover, they do not capture variation within the quintiles. Thus, we conduct
a second analysis that regresses teachers’ value added for a future year (three, four, or
five) on their first two years of value added. The adjusted R-squared statistics measure
how much variation is explained by teachers’ early years’ effectiveness (Atteberry,
Loeb, andWyckoff 2015). To benchmark the results, we do the same analysis on value-
added to achievement so that we can compare the measures. Throughout these two
analyses, we limit our analytical sample to teacherswho have at least five years of value-
added to attendance and to achievement.
We find substantial stability in value-added measures for teachers over time. Table 4,

Panel A reports the quintile transition matrixes for value-added to class attendance.20

About 67 percent of teachers who are in the lowest quintiles in terms of their average
value-added to attendance during the first two years we observe them (the least effec-
tive ones) stay in the bottom two quintile in the following three years, and 78 percent of
the initially top teachers stay in the top two quintiles. For comparison, Table 4, Panel B
gives the corresponding transition matrixes for value-added to achievement.21 Value-
added to achievement is approximately as stable as value-added to attendance, with 70
percent of the lowest quartile teachers remaining in the lowest two quintiles and 79
percent of the highest quartile teachers remaining in the highest two quintiles.
For further evidence of stability, Table 5 reports the adjusted R-squared from re-

gression analyses that measure how teachers’ early years’ effectiveness predicts future
years’ performance. The first row of the table reports the adjusted R-squared when we
regress value-added to attendance in Years 3, 4, and 5 and the average of all three years
on the first year and/or second year of available value-added measures. Panel A shows
results from using value-added to attendance, and Panel B shows results from using
value-added to achievement. In keeping with the transition matrixes, the regression
analyses show substantial predictive power for the value-added to attendance mea-
sures. This predictive power is similar to that for value-added to achievement. The first
two years of value-added to math attendance explains 39.7 percent of the variance in
the average value-added in Years 3–5. This figure for attendance is 22.6 percent for
English teachers. In comparison, the percent explained for achievement is 36.3 percent
for math and 28.0 percent for English.

C. Similarity

Our third research question asks how correlated measures of value-added to attendance
are to measures of value-added to achievement. We use both Pearson correlation and
Spearman rank correlation to examine this question. We disattenuate the Pearson cor-
relations by dividing the correlations by the square root of the product of the reliabilities
of each value-added measure in each subject. We expect to see a stronger correlation

20. We compute teachers’ ranking quintiles by subject, but in those transition matrixes we combine math and
English teachers into one table.
21. After adjusting formeasurement error, the true standard deviation of value-added to achievement is 0.17 for
math and 0.10 for English.
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when using teacher value added than using teacher-by-year value added because the
teacher-level estimates use information from multiple cohorts of students and will be
less prone to measurement error.
Alternatively, we run a joint multilevel model to estimate our two value-added mea-

sures simultaneously so that we can estimate the covariance directly. Previous research
has used a similar approach to examine whether the same teacher has differential effects
when teaching different subjects (Fox 2016) or different types of students (Loeb, Soland,

Table 4
Transition Matrix: Value-Added to Attendance and Achievement

Quintile of Future Performance

Initial Quintile Q1 Q2 Q3 Q4 Q5 Row

Panel A: Value-Added to Attendance

Q1 n 35 18 13 12 1 79
(row %) (44.30) (22.78) (16.46) (15.19) (1.27) (100.00)

Q2 n 24 12 20 13 8 77
(row %) (31.17) (15.58) (25.97) (16.88) (10.39) (100.00)

Q3 n 10 22 18 19 9 78
(row %) (12.82) (28.21) (23.08) (24.36) (11.54) (100.00)

Q4 n 6 19 20 12 20 77
(row %) (7.79) (24.68) (25.97) (15.58) (25.97) (100.00)

Q5 n 4 6 7 21 39 77
(row %) (5.19) (7.79) (9.09) (27.27) (50.65) (100.00)

Column total 79 77 78 77 77 388

Panel B: Value-Added to Achievement

Q1 n 36 19 11 11 2 79
(row %) (45.57) (24.05) (13.92) (13.92) (2.53) (100.00)

Q2 n 24 21 18 12 2 77
(row %) (31.17) (27.27) (23.38) (15.58) (2.60) (100.00)

Q3 n 8 14 25 18 13 78
(row %) (10.26) (17.95) (32.05) (23.08) (16.67) (100.00)

Q4 n 7 17 18 16 19 77
(row %) (9.09) (22.08) (23.38) (20.78) (24.68) (100.00)

Q5 n 4 6 6 20 41 77
(row %) (5.19) (7.79) (7.79) (25.97) (53.25) (100.00)

Column total 79 77 78 77 77 388

Notes: Only using teachers who have at least five years’ observations in our sample. Bottom quintiles represent
those who are least effective in reducing unexcused absences. We combine math and English teachers together,
though we calculate their quintiles by subject.
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and Fox 2014). Although this model does not allow us to use a NBRM framework
anymore, it has the benefit of reducing sampling errors. Online Appendix D gives a
more detailed description of this model.
Overall, the correlations between value-added to attendance and value-added to

achievement are small, though a bit stronger for math than for ELA. At the teacher
level, after adjusting for reliabilities,22 the Pearson correlation is 0.115 for math and
0.082 for ELA. Correspondingly, the Spearman rank correlation for math teachers is
0.132 and for English teachers 0.012.23 Figure 2 provides a visual description of these
correlations. We further test these results by using a joint model to directly estimate the
covariance of the two value-added scores. The resulting correlation is 0.063 for math
and 0.070 for ELA. As a reference, Gershenson (2016) reports near zero correlations
(Spearman rank correlation is 0.04 for math teachers and 0.02 for English teachers) for

Table 5
Adjusted R-Squared Using Early Year Value-Added to Predict Future Performance

Early Year VA Predictor(s) VA in Y3 VA in Y4 VA in Y5 Mean(VAY3–5)

Panel A: Outcome (Attendance)

Math
Math VA in Y1 Only 0.222 0.205 0.076 0.226
Math VA in Y2 Only 0.260 0.312 0.172 0.355
Math VA in Y1 & Y2 0.319 0.349 0.174 0.397
ELA
ELAVA in Y1 Only 0.282 0.108 0.078 0.216
ELAVA in Y2 Only 0.309 0.140 0.088 0.251
ELAVA in Y1 & Y2 0.222 0.205 0.076 0.226

Panel B: Outcome (Achievement)

Math
Math VA in Y1 Only 0.216 0.260 0.098 0.280
Math VA in Y2 Only 0.315 0.176 0.094 0.282
Math VA in Y1 & Y2 0.352 0.289 0.123 0.363
ELA
ELAVA in Y1 Only 0.112 0.130 0.066 0.209
ELAVA in Y2 Only 0.148 0.148 0.088 0.265
ELAVA in Y1 & Y2 0.216 0.260 0.098 0.280

Notes: Only using teachers who have at least five years’ observations in our sample. All entries are adjusted
R-squared.

22. The reliability of value-added to attendance is 0.82 for math and 0.79 for ELA. The reliability of value-
added to achievement is 0.89 for math and 0.70 for ELA.
23. If we use value-added measures from a model with school fixed effects, the correlations are similar to the
results here. Specifically, after adjusting for measurement error, the Pearson correlation is 0.135 for math and
0.015 for ELA. Correspondingly, the Spearman rank correlation for math teachers is 0.174 and for English
teachers is 0.015.
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elementary teachers. Pooling together both math and ELA, Jackson (2018) reports a
Pearson correlation of 0.097 for ninth grade teachers.24 Our results are consistent with
the literature in terms of showing teacher effectiveness as multidimensional, as sug-
gested by the low correlations across measures.
Another approach to answering this question is to regress student outcomes (that is,

test score and rate of unexcused absence) on value-added to achievement and value-
added to attendance.25 If these two measures capture distinct dimensions of teacher
ability, we would expect to see no impact of value-added to achievement on attendance
and value-added to attendance on test scores. To avoid “mechanical endogeneity” of
our value-added measures, as discussed by Chetty, Friedman, and Rockoff (2014) and
Jackson (2018), we estimate “leave-year-out” value added by using all data except the
year when the focal student has the teacher (that is, Jackknife estimates). We stan-
dardize those value-added estimates using the “true” standard deviations of teacher
effects estimated in RQ 1 and RQ 2.26 The standard deviation of value-added to achieve-
ment is 0.17 for math and 0.10 for ELA. The standard deviation of value-added to
attendance is 0.37 for math and 0.44 for ELA. In these models, we include school fixed
effects in order to eliminate the time-invariant factors within schools that could affect
both measures of teacher effectiveness and student outcomes.
Table 6 presents the results. As Columns 1 and 5 show, the leave-year-out estimates of

teacher effects for one outcome strongly predict that outcome. A one standard deviation
increase in value-added to achievement improves student test scores by 0.08 standard

Figure 2
Binned Scatter Plot: Teacher Effects on Attendance versus Teacher Effects on
Achievement

24. Both Gershenson (2016) and Jackson (2018) originally report negative cross-domain correlations because
they do not convert teacher effects on absence to teacher effects on attendance. We change the direction here to
ease comparison.
25. To ease interpretation, we run linear regressions for both outcomes, though we use a nonlinear model to
estimate value-added to attendance.
26. For the two-level negative binomial model, the variance of teacher value-added to attendance is directly
estimated. For the fixed-effects model used to estimate value-added to achievement, the true variance equals the
observed variance minus the variance of errors.
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deviation (p-value< 0.01), and a one standard deviation increase of value-added to
attendance reduces a student’s unexcused absence rate by 0.79 percentage points
(p-value< 0.01). Columns 2 and 4 indicate that a teacher who is more effective in
increasing student test scores can also reduce student absences, and vice versa, although
the magnitude is much smaller than those fromColumns 1 and 5. This result is expected
given the weak but positive correlation between the two measures of teacher effects.
When including both value-added estimates in the same regression, conditional on
value-added to achievement, value-added to attendance does not demonstrate an impact
on test scores, and both the magnitude and significance of value-added to achievement
stay approximately the same. Similar results hold when using the unexcused absence
rates as the outcome. These results further confirm the weak correlation of our two
measures of teacher effects, which measure largely distinct dimensions of teacher
ability.

D. Effects

To examine the effects of high value-added to attendance teachers on longer-run out-
comes, we use as outcome measures high school graduation, dropping out of high
school before 12th grade, and the total number and credits earned for AP courses in 12th
grade.27 The two sets of measures—one focused on completion and one on higher-level

Table 6
Effects of Out of Sample Teacher Effects on Current Outcomes

Test Scores Unexcused Absence Rate

(1) (2) (3) (4) (5) (6)

Test score
VA

0.08161** 0.08160** -0.00046** 0.00011
(0.00154) (0.00155) (0.00013) (0.00013)

Attendance
VA

0.00946** 0.00013 -0.00790** -0.00791**
(0.00183) (0.00182) (0.00016) (0.00016)

Observations 223,623 223,623 223,623 223,623 223,623 223,623
Adjusted R2 0.657 0.653 0.657 0.428 0.434 0.434

Notes: Each column reports coefficients from an OLS regression, with standard errors clustered at both student and
teacher level to account for correlation between observations. The columns are estimated using the stacked sample
that pools together both math and ELA for students in Grades 7–11. Dependent variables are current test scores and
unexcused absence rates. All columns control for the baseline student-, class-, and school-level characteristics, which
include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took
in both previous and current year interacted with grade; year fixed effects; subject fixed effects; and school fixed effects.
Value-added scores are “leave-year-out” estimates standardized using “true” standard deviations of teacher effects
estimated using all years of data. **p < 0.01, *p < 0.05, + p < 0.10.

27. In our sample, 53.36 percent of AP courses are taken in 12th grade, and 37.97 percent are taken in 11th
grade.We only useAP courses taken in 12th grade to avoidmechanical endogeneity sincewe are using seventh-
to 11th-grade teachers.
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course-taking—allow us to examine outcomes for students at different parts of the
academic distribution. The completion margin is more salient for students who are
marginally engaged with schools and, on average, are likely to have lower achievement
and attendance, while AP taking is more salient for highly engaged students who are
choosing between more and less challenging coursework but, on average, have higher
achievement and attendance.
To construct this data set, we pool math and ELA classes for all students in Grades

7–11. Under this data structure, each student has one outcome but multiple observations
(because of multiple subjects and grades). We account for the correlation of observa-
tions by clustering the standard errors at both student and teacher levels. We regress
our dependent variables on the standardized leave-year-out value-added to achievement
and value-added to attendance separately and then together. Of particular interest is
whether adding value-added to attendance affects student outcomes in the long run,
after controlling for value-added to achievement. In all the models, we control for
baseline covariates as what we did in RQ 1, including student demographics, lagged test
scores and attendance, lagged and current academic “tracks” (test types), and classroom
and school characteristics. In addition, we include school fixed effects to account for
time-invariant school characteristics that could independently affect value-added and
student outcomes.
Table 7 presents the first set of results, pooling data for math and ELA for students

in Grades 7–11. Panel A of Table 7 reports results using high school graduation and
dropout as the outcome variables. Teachers with high value-added to attendance in-
crease students’ probability of graduating from high school and reduce their chance of
dropping out before Grade 12, independent of their effectiveness in increasing stu-
dent test scores. Although value-added to achievement has a positive coefficient for
high-school graduation, it is insignificant. In contrast, value-added to attendance shows
significant impact on high-school graduation. Specifically, a one standard deviation
increase in value-added to attendance improves a student’s probability of high-school
graduation by 0.7 percentage points.When bothmeasures are in the same regression, the
coefficients maintain similar magnitude and significance. The results for value-added
to attendance are similar when using dropout as the outcome variable. A one stan-
dard deviation increase in value-added to attendance reduces a student’s probability of
dropping out before 12th grade by 0.3 percentage points, with no discernable effect of
test-score value added with or without value-added to attendance in the regression.
The story is somewhat different when using AP course-taking as outcomes (Table 7,

Panel B). Value-added to achievement and value-added to attendance both have sig-
nificant and positive estimated effects on the number and earned credits of AP courses.
Here, however, the estimated effects are smaller for value-added to attendance. Speci-
fically, a one standard deviation increase in value-added to achievement increases the
number ofAP courses taken by 0.02 andAP credits by 0.10. These numbers are 0.01 and
0.06, respectively, for value-added to attendance.
To investigate potential nonlinearity of teacher effectiveness, we examine long-term

outcomes by classifying teachers into deciles based on their value-added to attendance
and value-added to achievement. We then run a semiparametric model using teachers
who are in the fifth decile as the reference group, as these are the “median” teachers.
These analyses provide insights into whether the effects on longer-term outcomes of
variation among low value-added teachers are stronger than the effects among higher
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value-added teachers andwhether these patterns differ for the two dimensions of teacher
effectiveness. Figures 3A and 3B plot the coefficients and standard errors of all the
deciles relative to the fifth decile. The detailed results are reported in Online Appendix
Table E1.
We find, as described by Figure 3A, that the impact of value-added to attendance on

graduation increases steadily from decile 1 to decile 6, but then levels off for the higher
deciles. That is, the effects of teachers’ value-added to attendance on high school grad-
uation are driven primarily by the negative effects of particularly ineffective teachers.
This pattern does not hold for the other outcome measures. In particular, while the

Table 7
Effects of Out-of-Sample Teacher Effects on Long-Term Outcomes

Graduation Dropout Before 12th Grade

(1) (2) (3) (4) (5) (6)

Panel A: Graduation and Dropout

Test score
VA

0.00117 0.00055 -0.00050 -0.00024
(0.00109) (0.00111) (0.00076) (0.00077)

Attendance
VA

0.00710** 0.00702** -0.00293** -0.00289**
(0.00126) (0.00128) (0.00086) (0.00088)

Observations 197,639 197,639 197,639 197,639 197,639 197,639
Adjusted R2 0.208 0.208 0.208 0.107 0.107 0.107

Number of AP Courses Credits of AP Courses

Panel B: AP Course-Taking

Test score
VA

0.02272** 0.02168** 0.11314** 0.10771**
(0.00239) (0.00239) (0.01189) (0.01189)

Attendance
VA

0.01470** 0.01172** 0.07561** 0.06082**
(0.00310) (0.00310) (0.01541) (0.01542)

Observations 197,639 197,639 197,639 197,639 197,639 197,639
Adjusted R2 0.306 0.306 0.306 0.305 0.305 0.305

Notes: Each column, within panels, reports coefficients from an OLS regression, with standard errors clustered at both
the student and teacher level to account for correlation between observations. The columns are estimated using the
stacked sample that pools together both math and ELA for students in Grades 7–11. Both the number and credits earned
for AP courses include only those taken in 12th grade to avoid mechanical endogeneity. All columns control for the
baseline student-, class-, and school-level characteristics, which include lagged math and English scores, absence
rates, suspension, and demographic composition; tests students took in both previous and current year interacted with
grade; year fixed effects; subject fixed effects; and school fixed effects. Value-added scores are “leave-year-out”
estimates standardized using “true” standard deviations of teacher effects estimated using all years of data. **p< 0.01,
*p< 0.05, + p< 0.10.
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Figure 3
Nonlinearities of Value-Added to Attendance and Achievement
Notes: Panels are based on Online Appendix Table E1. Each subgraph is from a separate regression. Reference
groups are teachers who are in the fifth decile.
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results provide some evidence that low value-added to attendance teachers discourage
students from AP course-taking, high value-added to attendance teachers more clearly
help students to pursue higher academic goals, especially teachers in the top two dec-
iles. So, for the AP outcome measures, the effects are more driven by variation among
the high value-added to attendance teachers. We find less evidence of nonlinearities
for value-added to achievement. Teachers’ value-added to achievement does not appear
to affect students’ graduation or dropout behavior at any part of the value-added dis-
tribution. The effects onAP course-taking are positive but are relatively linear across the
distribution of teachers’ value-added to achievement. Given the variation in these re-
lationships across the outcomes, the results are suggestive but not definitive for either
value-added to attendance or value-added to achievement.
To examine the potential heterogeneous effects across students, we categorize stu-

dents by their prior year’s attendance, prior year’s math test scores, and probability of
graduating from high school. We also use chronic absenteeism status to classify stu-
dents, as this is a widely used indicator in school accountability systems.28 Specifically,
we run separate regressions for students who are in the bottom, middle, and top thirds of
the first three measures. Similarly, for chronic absenteeism status, we run regressions
for those who are and who are not chronically absent (Table 8). These analyses pro-
vide insights, for example, into whether students who are on the margin of dropping
out benefit more from teachers who can keep them at school, while students who are
already academically advanced need teachers with a different skillset to motivate them
to pursue higher learning goals, such as AP courses. We report the results in Online
Appendix Table E2 and the first two columns in Table E3 and visually show them in
Figure 4A–4D.
Figure 4A plots the results for using prior attendance to classify students into sub-

groups. Heterogeneity is evident. Teachers’ value-added to achievement has little effect
on graduation or dropping out for any of the student groups, but teachers’value-added to
attendance does, and it is particularly important for low attenders. For example, a one
standard deviation increase in value-added to attendance improves a student’s proba-
bility of high school graduation by 1.13 percentage points. Since high-attendance stu-
dents are not missing a lot of school and likely have a low risk of dropping out, it is not
surprising that we observe little relationship between either type of value added and
graduation or dropout of high-attendance students. For outcomes related to AP course-
taking, test-score value-added has a positive effect for all students, but the effects are
strongest in the top of the prior attendance distribution. The results are largely oppo-
site for value-added to attendance, for which the teacher effectiveness measure has no
effect for students at the top of the prior attendance distribution, but positive effects for
students with worse prior attendance. Overall, a teacher’s value-added to attendance is
more important for less engaged students, while a teacher’s value-added to achievement
is more important for more engaged students.
We find largely consistent effects if we use prior math scores (Figure 4B) and pre-

dicted probability of graduation (Figure 4C) to classify students into tertiles. For stu-
dents in the bottom tertile of both measures, their teachers’ value-added to attendance
predicts greater longer-run outcomes across measures. For students in the top tertile of

28. We predict the probability of high school graduation by using lagged math and English scores, absence
rates, suspension, and demographic. Chronic absenteeism status is defined asmissing at least 10 percent of total
class meetings in the previous year.
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Figure 4
Heterogeneity Based on Prior Attendance, Achievement, Predicted Probability of
Graduation, and Chronic Absenteeism Status
Notes: Panels A, B, and C are based on Online Appendix Table E2, and each subgraph is from a separate
regression. Panel A: Tertiles are based on student prior attendance. Panel B: Tertiles are based on student prior
achievement. Panel C: Tertiles are based on students’ predicted probability of high school graduation. Panel D
is based on Online Appendix Table E3, and each subgraph is from a separate regression. Chronic absenteeism
is defined as missing at least 10 percent of total class meetings in the previous year.
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Figure 4 (continued)
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the measures, value-added to attendance has no effect onAP course behaviors, but value-
added to achievement does. Value-added to achievement also has a stronger effect on
these students than on students with less positive priors. The results are similar if we
classify students using their chronic absenteeism status in the previous year (Figure 4D),
with chronically absent students benefiting substantially more from high value-added to
attendance teachers.
We also examine heterogeneity by gender and race. Online Appendix Table E3 pres-

ents the results. We do not find significant differences by race and gender for value-
added to attendance on almost all the outcomes, but value-added to achievement has a
substantially bigger effects on AP courses for white and Asian students compared with
black and Hispanic students, a group on average academically weaker than their white
and Asian peers.
Taken as a whole, our results confirm the multidimensional nature of teacher effec-

tiveness. A teacher who has high value-added to attendance is likely able to engage
students in class and motivate the student to pursue higher academic goals, and this
impact is more salient for students with low attendance, low achievement, low proba-
bility of graduation and who tend to be chronically absent. In contrast, teachers with
high value-added to achievement are likely to help students to pursue higher academic
goals. They are especially impactful for those students who are academically more
advanced, but do little to improve graduation and reduce dropout for students prone to
missing classes.

E. Robustness Checks

First, we check the difference between OLS and the two-level NBRM. The two-level
NBRM accounts for the count nature of attendance and, as a result, can work with
excessive zeros in the outcome variable. Nonetheless, OLS is robust to substantial
nonnormality in the dependent variable. If OLS is able to accurately estimate value-
added measures in this context, it would be a simpler approach. We check by rerun-
ning all analyses using similar value-added measures based on OLS regression and
mirroring our value-added to achievement measures. While many of the results from
NBRMhold up usingOLS, some do not. Intuitively, anOLS prediction always generates
a negative residual for zero values, while NBRM does not. As a result, some teachers
with many students with zero absences who receive positive value-added scores in
NBRM end up with negative scores in OLS. To check whether this drawback of OLS
leads to the differences, we eliminate these teachers who are sensitive to the modeling
procedure and rerun the model. The results using OLS and NBRM are consistent (see
Online Appendix F for the details). The results of these analyses indicate that NBRM
indeed outperforms OLS for this context.
We next test for omitted variables bias. In keepingwith value-addedmeasures in prior

studies, our value-added measures for both attendance and achievement are based on
models that adjust for selection of students into teachers using controls for observables.
Given this approach, bias from selection on both observables and unobservables is
possible. The assumption of our analyses is that conditional on the controls in our spec-
ification, students are not systematically sorted to teachers. To test the validity of this
assumption, following Chetty, Friedman, and Rockoff (2014) and Jackson (2018), we
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first use twice-lagged student characteristics to predict all the long-term outcomes.29

Using predicted outcomes and conditional on all student, class, and school charac-
teristics, excluding those used in the prediction, we should not observe any significant
association between the estimated teacher value-added (leave-year-out estimates) and
the predicted outcomes. As shown in Online Appendix Table G1, the significances of
value-added to attendance disappear for predicted graduation and dropout, providing
some evidence that the main model adjusted successfully for the observables. Although
the coefficients are significant for predicted number of AP courses and earned AP
credits, the magnitudes are so small that they suggest very little selection in our model.
For value-added to achievement, we observe significant coefficients for predicted grad-
uation and dropout, but the directions suggest underestimation, instead of overestimation,
of effects. Similar to the coefficients on value-added to attendance, the coefficients on
value-added to achievement for predicted AP courses are very small and only marginally
significant. Overall, the results provide evidence that our strategy largely eliminates
selection on observables.
We cannot directly test whether our estimates are biased due to selection on unob-

servables. However, following Jackson (2018), we can assess selection on unob-
servables by comparing estimates based on two distinct sources of variation. The first
strategy relies on school-by-cohort fixed effects. Since Jackson (2018) uses only ninth-
graders, he uses school-by-year fixed effects. Here we modify his approach by using
school-by-cohort fixed effects. This approach should be robust to any school-level
policies and shocks that affect all students in a school cohort, since our estimating
variation comes from within school–cohort. The second strategy uses a two-stage least
squares estimator, using variation in average estimated teacher value-added scores
across cohorts within a school. This instrumental variable approach is robust to student
selection to teachers within a school but is susceptible to selection across schools. If
these two distinct identification strategies provide similar results, then we have some
additional evidence that our estimation strategy is not biased due to unobservables. As
shown in Online Appendix Table H1, the overall magnitude and significance is re-
markably consistent with Table 7, especially for value-added to attendance. We find no
evidence of bias due to selection on unobservables.

VI. Discussion and Conclusion

Students in secondary school skip many classes even when they are in
the school. Approximately one-half of the days in which they are not in a specific class,
they attend other classes (Whitney and Liu 2017). In this study, we create measures of
middle and high school teachers’ individual contribution to student engagement as
measured by student class-by-class attendance, asking to what extent teachers vary in
their ability to get students to come to class, and how much this variation also leads to
differential long-run outcomes for students. An extension of Jackson (2018), our study
is only the second study that is able to estimate teachers’ effect on student non-test score

29. This approach effectively limits our sample to students who have twice-lagged controls and only students
in Grades 8–11. The student characteristics used here include test scores and absence rates for both math and
ELA classes, days of suspension, race, gender, special education status, gifted status, and English learner status.
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outcomes and then link this measure to student longer-run outcomes, and it is probably
the first study that examines how subgroups of students, especially those on the margin,
benefit from multidimensional teacher effectiveness.
We find substantial variation across teachers in their effectiveness at increasing

student attendance, on par with the variation in teacher effectiveness at raising student
test performance. We also find that a teacher’s ability to reduce unexcused absences
contributes strongly to students’ probability of completing high school and affects AP
course-taking. Value-added to attendance measures are as stable over time as are mea-
sures of teachers’ value-added to test performance. Yet, value-added to attendance and
achievement are distinct. Many teachers excel at one but not at the other.While teachers
who are more effective at engagement tend to be more effective at raising achievement,
this relationship is weak.
Our results provide evidence of themultidimensional nature of teaching effectiveness

and that teachers require different skillsets to help different students succeed. A teacher
who has high value-added to attendance can engage students in class and motivate the
student to pursue higher academic goals. Not surprisingly, benefits from these teachers
are much more salient for students with low prior attendance, low prior achievement,
low probabilities of graduating from high school, andwho tend to be chronically absent.
In contrast, teachers with high value-added to achievement do little to improve gradu-
ation and reduce dropout for students prone to missing class, but they can help students
pursue higher academic goals.
Our analyses build on the prior literature. While other studies have assessed teachers’

contribution to attendance and find a distinction between teachers who contribute to
attendance and those who contribute to achievement, ours is the first along a number of
dimensions. First, we use data that identifies class-by-class unexcused absences instead
of full-day absences across all middle and high school grade levels. Prior work has
not looked at this grade range, where unexcused absences are the most common and
teachers’ effects on absences likely the greatest. Moreover, prior studies have used
all absences instead of distinguishing unexcused absences, which, as we demonstrate,
teachers are more likely to affect. Second, we use the NBRMmodel, an approach that is
more appropriate than OLS for dealing with count data like attendance. Finally, and
most substantively, we are able to assess the longer-run effects of teacher value-added to
attendance, with a thorough heterogeneity analysis by student demographics, demon-
strating both the predictive validity of the measure and the importance of this dimension
of teacher effectiveness for students’ academic accomplishments.
Our results, particularly in conjunction with other recent papers (Gershenson 2016;

Jackson 2018), confirm that teacher effectiveness is multidimensional. Effectiveness at
improving student test performance does not fully capture the qualities of teachers that
benefit students in the long run. Moreover, the results provide evidence that teachers’
ability to engage students in class (that is, have them show up for class), in particular,
is an important dimension of teacher effectiveness, especially for boosting students’
likelihood of graduating from high school. From a policy perspective, a teacher eval-
uation system that fails to consider value-added to attendancemight discourage teachers
who are capable of helping at-risk students persist. Finally, the importance of engaging
teachers, combined with the substantial extent of unexcused class skipping, points more
broadly to the importance of better engaging students, whether that is done by teachers
or by other experiences in or out of school.
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