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Abstract 
 
This study is the first to estimate main, mediated, and moderated relationships between policy-

assigned observations and various student discipline outcomes (SDOs). We also examine the 

relationships between SDOs and observations conducted. The data suggest that the percentage of 

students who receive at least one SDO decreases as policy assigns schools an additional 25 

observations and that in-school suspension reductions drive this relationship. Improvements in 

teachers' classroom management skills mediate some SDO reductions. We find that several 

relationships substantively depend on the degree of prior-year SDOs and the average teacher's 

years of experience. While policy may reduce SDOs, the data also suggest that schools 

implement observations in ways that may increase them. We discuss implications for policy, 

practice, and research. 

Keywords: Student discipline; teacher evaluation; classroom observations; education policy; 
regression; implementation 
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Introduction 

As of 2023, most state education agencies in the United States have implemented “next-

generation” teacher evaluation systems to improve student achievement (American Institutes for 

Research, 2016; Bleiberg et al., 2021; Steinberg & Sartain, 2015). Next-generation systems 

differ from past systems in at least two important ways: the widespread use of revised standards-

based observation rubrics (e.g., Framework for Teaching) and an expectation that the typical 

teacher receives more frequent observations (National Council on Teacher Quality, 2019; 

Steinberg & Sartain, 2015). Theoretically, next-generation observations can improve student 

achievement because standards-based rubrics describe teaching practices that are positively 

linked to student achievement, and more rubric-based feedback from observations can foster 

effective standards-based teaching (Donaldson & Papay, 2014; Papay, 2012).  

There are several reasons why policymakers and researchers should be concerned about 

the effects of next-generation observations. First, research suggests that observations are the 

most expensive component of next-generation teacher evaluation systems (Stecher et al., 2016); 

such costly reforms should yield substantial benefits. Second, school administrators, the typical 

observer (Johnson & Fiarman, 2012), report that next-generation observations are burdensome 

and time-consuming (Neumerski, 2013; Rigby, 2015). To cope with these demands, observers 

implement shorter observations and feedback conferences, which may limit the effectiveness of 

next-generation observations (Donaldson & Woulfin, 2018; Hunter & Rodriguez, 2021; Kraft & 

Gilmour, 2016). Finally, if next-generation observations improve teacher effectiveness, the 

benefits to students could be substantial; prior work finds that students experience better short- 

and long-run academic and non-academic outcomes when taught by teachers who improve 

achievement (Chetty et al., 2014; Jackson, 2018; Liu & Loeb, 2021).  
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However, research on the effects of next-generation evaluation systems on student 

achievement, or teacher effectiveness in terms of student achievement, has produced mixed 

results. The evidence suggests that the introduction of well-implemented citywide next-

generation observations improve student achievement in math or reading, but we are unaware of 

any study finding evidence of improving both (Steinberg & Sartain, 2015; Taylor & Tyler, 

2012). New research suggests that the net effects of next-generation observation policies in 

relatively low-stakes systems assigning all teachers at least one observation each year does not 

improve student achievement (de Barros, 2019; Hunter, 2019; Hunter & Kho, 2023), but the 

threat of an impending announced observation in high-stakes systems improves teacher 

performance (Phipps & Wiseman, 2021).  

 Although we are beginning to understand the effects of next-generation observations on 

student achievement outcomes, we know very little about the effects on non-academic student 

outcomes, such as discipline. Yet, there are reasons to be concerned about these effects as recent 

research underscores the importance of reducing student misbehavior. Student exposure to more 

disruptive classroom peers negatively affects longer-term academic achievement, post-secondary 

earnings, and in some cases, reduces the likelihood of college enrollment and completion 

(Carrell et al., 2018). Other research finds that teachers who are more effective at reducing 

suspensions and other misbehaviors improve longer-term academic outcomes, reduce future 

suspensions, and increase the likelihood of high school graduation (Jackson, 2018). Furthermore, 

teacher effectiveness measured in terms of student achievement is only weakly correlated with 

effectiveness measured in terms of non-academic outcomes (Jackson, 2018; Liu & Loeb, 2021), 

which suggests that what we know about the effects of next-generation observations on student 

achievement may not apply to effects on student disciplinary outcomes (SDOs) .  
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 This paper extends our understanding of teacher evaluation and teacher labor markets by 

investigating relationships between observations and SDOs. We frame our analyses using the 

school disciplinary process conceptual framework from Rodriguez and Welsh (“RW 

framework”) (2022), which describes the various factors affecting SDOs. We examine four 

school-year outcomes: the percentage of students who (1) receive at least one in-school 

suspension (ISS), (2) receive at least one out-of-school suspension (OSS), (3) are expelled (EX) 

at least once, and (4) receive at least one ISS, OSS, or EX. The focal analyses investigate 

relationships between SDOs and the total number of observations assigned to all teachers by 

state policy, and potential mediators and moderators. Secondary analyses estimate relationships 

between the number of observations received and SDOs.  

This study makes four contributions to our understanding of teacher evaluation and 

student discipline. It is the first to estimate average intent-to-treat (ITT) relationships between 

policy-assigned observations and SDOs, which are plausibly the most relevant estimates for 

education policymakers. Policymakers cannot control the extent to which schools implement 

evaluation policy with fidelity; policymakers can only prescribe what should happen. In our case, 

policymakers can only tell schools how many observations to conduct, they cannot ensure that 

schools conduct the number of observations assigned, nor can they ensure that schools 

implement observational or student disciplinary processes with fidelity. Second, we examine the 

extent to which ITT relationships depend on observable school characteristics. Third, we 

estimate the relationship between the number of observations schools conduct and SDOs. 

Finally, we extend the RW framework and prior work concerning teacher evaluation and SDOs 

by uniting these two literatures. 

Conceptual Framework and Related Literature 
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 We draw heavily from Rodriguez and Welsh's framework (RW) to describe the factors 

influencing SDOs (2022), then expand RW's framework by incorporating teacher evaluation and 

development literature to argue why more classroom observations might affect SDOs. In broad 

terms, RW's framework describes several factors conceptually related to how teachers respond to 

perceived student misbehavior, whether and why a student receives a formal referral or not, and 

whether and why the student receives an SDO, which RW defines as an “exclusionary 

discipline” outcome (Rodriguez & Welsh, 2022). While RW also elucidates why and how 

students receive non-exclusionary outcomes (e.g., parent conferences, formal warnings), we 

focus on exclusionary SDOs only because our data do not include non-exclusionary outcomes 

(henceforth, our use of SDOs refers to exclusionary outcomes only).  

Factors Affecting SDOs 

 Several within-school factors may affect how teachers respond to perceived student 

misbehaviors. For example, teachers may be less tolerant of perceived misbehaviors from 

students with a history of frequent office referrals (Rodriguez & Welsh, 2022). Classroom 

management and teaching effectiveness might also influence how teachers respond to perceived 

misbehaviors. Skilled classroom managers may respond to misbehavior via classroom 

management (i.e., without writing a formal referral or sending a student to the administrators 

office), while less-skilled classroom managers may be more likely to request administrative 

management (Rodriguez & Welsh, 2022). Furthermore, more effective teachers, broadly defined, 

may better manage perceived student misbehavior (Jackson, 2018). 

Teacher responses to perceived student misbehavior affect subsequent steps in school 

disciplinary processes (Rodriguez & Welsh, 2022). Classroom management responses alone 

cannot lead to SDOs because they stop the student disciplinary process from advancing further 
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toward exclusionary discipline consequences, which includes in-school suspensions (ISS), out-

of-school suspensions (OSS), and expulsions (EX). However, teachers who need additional 

support may informally or formally (i.e., submit office referrals) request administrative help, or 

administrators may overtake the student's behavior management. Administrators may only issue 

SDOs if the student receives a formal office referral; however, administrators may decide to 

assign students non-exclusionary consequences (e.g., parent conference) even if the student has 

not received a formal referral. While office referrals precede SDOs, we do not distinguish 

between the two stages because the data do not include referrals without SDO - the only referrals 

observed are those leading to SDOs.  

The RW framework (2022) asserts that several factors affect whether students receive an 

SDO. In particular, student, teacher, and administrator demographics can influence the likelihood 

that a student receives a referral or SDO (Rodriguez & Welsh, 2022; Skiba et al., 2014; Welsh & 

Little, 2018). In broad terms, the legal ramifications associated with disciplining SPED students 

(Osborne, Jr., 2001), teacher and administrator biases arising from their views regarding specific 

student demographics (e.g., student economic disadvantage, race, gender), and the racial or 

gendered biases that affect teacher or administrator views independent of student demographics, 

may explain why these demographics affect student referrals/ SDOs (Rodriguez & Welsh, 2022; 

Skiba et al., 2014; Welsh & Little, 2018). 

Although the RW framework (2022) does not explicitly state that teacher and 

administrator experience and effectiveness affect the disciplinary process, it and prior work 

imply as much. RW argues that teacher instructional and classroom management skills affect 

how teachers respond to perceived misbehavior (2022). We extend this argument to include 

composite measures of teacher effectiveness based on observational ratings of teacher instruction 
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and classroom management and teacher effects on student academic and non-academic 

outcomes. Similarly, RW (2022) implies that principal effectiveness may affect whether a 

student receives an SDO. We assume that principals with higher composite effectiveness scores 

based on student academic and non-academic outcomes, faculty input, and portfolio performance 

(i.e., like the principal effectiveness measures from our study setting) can manage student 

misbehavior without resorting to exclusionary discipline outcomes better than less effective 

principals. Notably, how principals manage student discipline consequences partially determines 

their portfolio performance measure, a component of the principal effectiveness measure in the 

study setting (for details, see Grissom et al., 2018). Additionally, we assume teachers' and 

administrators' years of experience affect school discipline processes. Although we are unaware 

of research documenting returns to teacher or administrator experience regarding SDOs, we 

assume that, over time, teachers and administrators eschew ineffective responses to perceived 

student misbehavior, consistent with the returns to teaching experience regarding student 

achievement (Kraft et al., 2020; Papay & Kraft, 2013). 

Finally, RW (2022) argue that several school-level characteristics affect student SDOs. 

For example, schoolwide policies, experiences with behavior management programs, and 

neighborhood settings may affect teacher-student relational dynamics, schoolwide discipline 

reporting practices, perceptions of infraction severity, and principal discretion in issuing SDOs. 

These and other factors affect how teachers, administrators, or teachers-and-administrators 

manage misbehavior and whether administrator-managed misbehaviors result in an SDO.  

Classroom Observations, SDOs, and Mechanisms 

Liebowitz and colleagues (2022) estimate the causal effect of Race-to-the-Top (RTTT) 

teacher evaluation reforms on office referrals relative to pre-RTTT systems. In their study, they 
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implicitly assumed that classroom observations and other features of Race-to-the-Top (RTTT) 

era teacher evaluation reforms could affect schools' disciplinary processes. The authors 

concluded that evaluation reforms did not affect office referrals, but did not examine whether 

observations affect SDOs specifically. Liebowitz and colleagues (2022) estimated black box 

effects that did not distinguish between different evaluation-system reforms, some of which may 

have divergent or unintended effects on disciplinary processes. Indeed, the mechanisms by which 

an individual reform affects SDOs may yield different effects; as we argue below, this may be 

the case for the widespread reform that increased classroom observations.  

We hypothesize that classroom observations might affect SDOs via three mechanisms. 

First, more observations might reduce SDOs by improving classroom instruction, specifically 

helping teachers improve classroom management skills such that teachers can better manage 

perceived student misbehavior in the classroom without requiring the use of office referrals. We 

refer to this as the Class Management mechanism. Standards-based teacher performance rubrics 

and structured post-observation conferences accompanied the increase in RTTT-era classroom 

observations (Steinberg & Donaldson, 2016), supporting the proposed relationship between 

observations and SDOs. Standards-based rubrics, like the ubiquitous Framework for Teaching, 

mapped different aspects of teaching onto performance levels. For example, teachers in 

Tennessee (our study setting) were observed using a rubric based on the Framework for 

Teaching, and their teaching was assessed against standards-based questioning strategies, 

feedback to students, teacher expectations, and classroom environment, among other standards. 

Following these assessments, evaluators (typically principals or assistant principals, see Hunter, 

2021) facilitated post-observation conferences during which teachers received quantitative and 

qualitative performance feedback to improve the measured aspects of teaching (Donaldson, 
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2021; Hunter & Springer, 2022). Because standards-based rubrics include aspects of teaching 

concerning classroom management, frequent observations and standards-based post-observation 

performance feedback may improve teacher classroom management and reduce SDOs. However, 

recent work has cast doubt on the effective implementation of these observational processes 

(Donaldson & Woulfin, 2018; Hunter, 2022; Hunter & Rodriguez, 2021), which may attenuate 

the ability of observational processes to reduce SDOs.  

Administrator involvement in observational processes accounts for the second and third 

hypothesized mechanisms by which observations might affect SDOs. More observations cause 

administrators, who represent the bulk of teacher evaluators (Hunter, 2023; Hunter & Ege, 

2021), to be in classrooms with students more often. Frequent administrator presence in 

classrooms may dissuade some student misbehaviors from manifesting in the first place, as 

students are aware that administrators ultimately have the power to assign SDOs. Further, 

administrator presence may strengthen teacher-administrator and student-administrator 

relationships, which might also reduce SDOs (Rodriguez & Welsh, 2022; Welsh & Little, 2018). 

Thus, observation-induced administrator visibility may reduce SDOs; we refer to this as the 

Administrator Presence mechanism. 

Administrator involvement in observation processes explains the third and final 

mechanism by which observations affect SDOs; however, unlike the two previous mechanisms, 

the final hypothesized mechanism may increase SDOs. Administrators report that it is overly 

burdensome to conduct more observations (Kraft & Gilmour, 2016), and surveys suggest it takes 

administrators 30 minutes, on average, to conduct each formal observation in the Tennessee 

context (Hunter, 2020; Hunter & Rodriguez, 2021). The time it takes to conduct observations 

may crowd out other administrator tasks (Demerouti et al., 2001; Hunter & Rodriguez, 2021), 
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which may pull administrators away from office-based student behavior management. 

Specifically, administrators may not have the time to counsel students who receive formal office 

referrals toward non-exclusionary disciplinary consequences (e.g., parent conferences), the 

enactment of which demands more administrator time (Huang et al., 2020). Consequently, more 

observations may pull administrators away from some office-based SDO-reducing tasks, which 

means more observations might increase SDOs; we label this mechanism Administrator Time. 

SDO Malleability 

  Although few studies examine multiple SDO types (Skiba et al., 2014; Welsh & Little, 

2018), different types of SDOs may offer insights into school disciplinary processes. Prior work 

recognizes three types of SDOs, all of which follow formal office referrals in school disciplinary 

processes: in-school-suspensions (ISS), out-of-school suspensions (OSS), and expulsions (EX) 

(Skiba et al., 2014). Generally, administrators assign referrals associated with less severe 

misbehaviors to ISS (e.g., foul language, disobedience, disrespect), those associated with more 

severe behavior to OSS (e.g., violence, property damage), and expel repeated or extremely 

severe misbehavior (e.g., criminal behavior) (Skiba et al., 2014). To the extent that observations 

affect SDOs, we hypothesize that ISS are more malleable than OSS, which are more malleable 

than EX, for three reasons. First, the three mechanisms by which observations might affect SDOs 

are relatively light-touch interventions. Post-observation feedback-based improvements to 

classroom management, administrator presence in classrooms, and administrator time on 

disciplinary tasks may not be intensive enough to change the causes or responses to relatively 

severe misbehavior. Second, prior work reports that less severe misbehaviors are more sensitive 

to interventions than more severe misbehaviors (Lacoe & Steinberg, 2019). Finally, because EX 

and OSS rates are relatively low (see below), there is less variation in these outcomes to affect. 
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Moderation 

 We explore potential moderators between more observations and SDOs by prior-year 

SDOs and the two teacher characteristics that determine the number of policy-assigned 

observations teachers receive: years of experience and the de facto composite measure of teacher 

effectiveness in the study setting. Prior work suggests that it may be more difficult to lower 

SDOs in settings with historically high SDOs (Welsh & Little, 2018). We are also interested in 

moderation by teacher experience and prior-year effectiveness for policy-related reasons. Policy 

assigns less experienced and less effective teachers in the study setting more observations. If 

observations based on teacher experience and effectiveness reduce SDOs, reductions may be 

larger in settings with higher concentrations of teachers possessing these characteristics. 

Alternatively, if teachers with fewer years of experience or lower levels of prior-year 

effectiveness have greater difficulty managing student behavior than their colleagues with higher 

levels of human capital, schools with higher concentrations of less-experienced or less-effective 

teachers may have greater difficulty managing student behavior.  

Study Context 

Our study occurs in Tennessee, which adopted the Tennessee Educator Acceleration 

Model (TEAM) teacher evaluation system in 2012. TEAM policy states that certified observers 

should conduct formal observations using a standards-based rubric, and that structured post-

observation conferences follow every observation (Teacher and Principal Evaluation Policy, 

2013). Below, we highlight key components of TEAM. 

Standards-Based Rubric  

TEAM observations use the “TEAM rubric” (see Online Appendix A), a standards-based 

rubric resembling Charlotte Danielson’s Framework for Teaching. The rubric measures teaching 
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across Planning, Instruction, and Environment domains; we characterize the Environment 

domain as measuring Classroom Management. Rubric indicators describe specific aspects of 

teaching tasks (e.g., Questioning, Classroom Expectations), which are mapped onto three 

performance levels: Below Expectations (1), At Expectations (3), and Above Expectations (5).  

Structured Observations 

Statewide Tennessee survey data suggest that the typical Tennessee teacher observation 

lasts approximately 30 minutes (Hunter, 2020). During post-observation conferences, which 

should occur one week after an observation, observers provide performance feedback aligned 

with TEAM rubric standards (Hunter & Springer, 2022).  

Observer Certification  

The Tennessee Department of Education (TDOE) monitors observer certification through 

annual exams. Each summer, observers must pass a two-part exam assessing scoring accuracy, 

conference facilitation, and knowledge of TEAM policy. New observers must attend a multi-day 

training; during the study period the number of training days was shortened from four to two per 

summer. Veteran observers could test out of annual training by passing the certification exam. If 

a veteran observer does not pass the re-certification exam, they must participate in summer 

training and retake the exam.  

Level of Effectiveness  

Near the beginning of a school year, teachers receive an individual composite 

effectiveness score on an integer scale ranging from one to five. However, integer scores are 

determined by a composite measure that is a function of prior-year observation, growth, and 

achievement scores. Teachers of tested subjects receive individual Tennessee Value-Added 

Assessment System (TVAAS) scores, which serve as their growth score. As teachers of untested 



 

12 
 

subjects do not receive individual TVAAS scores, schoolwide TVAAS scores typically serve as 

their growth score. Achievement measures are determined by grade-, school-, or district-wide 

student achievement (e.g., ACT scores, high school graduation rates).  

Assignment of Observations 

Two factors determine the number of observations assigned to teachers: prior-year 

integer-based effectiveness scores and certification status, which is determined by teaching 

experience. State policy assigns one observation to teachers with a prior-year effectiveness score 

of five and four observations to teachers with a prior-year effectiveness score of one. The 

number of observations assigned to teachers with a prior-year composite score of two through 

four depends on certification status: early-career teachers (fewer than four years) are assigned 

four observations, and more experienced teachers two. We argue that the number of observations 

assigned by Tennessee policy is of broad interest because assignments of one, two, and four 

observations per teacher-year are the most popular assignments across the United States.1 While 

state policy assigns teachers minima, Tennessee observers can and do apply discretion, issuing 

more or less observations to specific teachers than dictated by policy (Hunter & Ege, 2021).  

Data 

We use Tennessee administrative data from the 2012-13 through 2017-18 school years. 

SDO data are at the student-by-disciplinary-consequence (ISS, OSS, EX) level and link SDOs to 

students and schools; SDO data do not record who wrote the office referral and therefore these 

data are not linked to teachers. The data also identify whether a student is economically 

disadvantaged (ED), if English is their second language (ESL), and if the student is in special 

 
1 We reviewed current observation policies in each state and find that two is the modal number of assigned 
observations, followed by one observation, then four. Furthermore, these classroom observation frequencies are 
consistent with research from the mid-2010s (Steinberg & Donaldson, 2016). 
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education (SPED). Teacher and administrator administrative data include individual 

effectiveness scores, years of experience, and education level; teacher records also include 

observation scores regarding classroom management (i.e., the Environment domain). Student, 

teacher, and administrator administrative data also include gender and race/ ethnicity. We obtain 

the number of observations assigned to each teacher each year using their years of experience 

and prior-year individual effectiveness score, the two determinants of policy-assigned 

observations. We use teacher observation records at the teacher-by-year-by-observation-

occurrence level to count the number of observations received by each teacher each year.  

We aggregate all these data to the school-by-year level. The focal independent variables 

of interest are the total number of observations assigned and received for each school-by-year. 

School-by-year measures of student demographics (i.e., SPED, ESL, ED, gender, race/ ethnicity) 

represent the proportion of students exhibiting each characteristic (e.g., the proportion of 

students enrolled in each school-by-year who are Black). We create similar school-by-year 

proportions for teacher and administrator gender, race/ ethnicity, and education level. We also 

create school-by-year mean teacher and mean administrator measures regarding years of 

experience, composite effectiveness scores, and observation scores.  

We use four school-by-year SDO outcomes. The first represents the percentage of 

students in each school-by-year who received any number of SDOs. For example, if there were 

four students in a school-by-year and two did not receive any SDOs, the third received three 

ISSs, and the fourth one expulsion, 50% of the students in that school-by-year received any 

number of SDOs. We construct similar outcomes for ISS-, OSS-, and EX-specific SDOs. 

Our mediation analyses use administrative and teacher and administrator survey data. We 

use the TEAM rubric’s average Environment domain observation scores to explore the Class 
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Management mechanism. The school-by-year average teacher’s Environment domain scores 

range from 1.75 to 5, with a mean of 4.23 and a standard deviation of 0.38.  

We explore the Administrator Presence and Administrator Time mechanisms using 

survey items. Each spring, TDOE administers the Tennessee Educator Survey (TES) to teachers 

and administrators to gather information on various topics, including teacher and administrator 

time use and perceptions of student behavior and observational processes. The 2013 and 2014 

teacher TES’ included the following item: “Teaching observations disrupt my classroom 

instruction,” and the 4-option Likert response was Strongly Disagree (=1), Disagree, Agree, and 

Strongly Agree (=4). During the 2013 and 2014 TES administrations, 98% of schools provided 

at least one response to the Administrator Presence survey item, between 1% and 100% of 

potential teacher respondents in each school-by-year submitted responses, the mean school-by-

year response rate is 33%, the mean reverse-coded response is 2.62, and the standard deviation of 

responses is 0.34. The Administrator Presence mechanism implies that evaluators do not disrupt 

classrooms and that a more frequent evaluator presence in classrooms dissuades student 

misbehaviors; thus, we reverse-coded the teacher survey item. Ultimately, the Administrator 

Presence hypothesis suggests that more observations will be associated with higher ratings in the 

reverse-coded teacher survey item regarding classroom disruptions. 

Finally, we investigate the Administrator Time mechanism using an administrator time-

use survey item from the 2015 – 2018 TES administrations. The item stem asked administrators 

to select the amount or percentage of time they spend on “student discipline issues” during an 

average week among eight other options, including “administrative duties,” “instructional 

planning with teachers,” and “other.” The 2015 – 2017 responses to the item stem are None, 1 

hour or less, 1 – 3 hours, 3 – 5 hours, 5 – 10 hours, and more than 10 hours. On the 2018 item, 
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administrators identified the percentage of time (0 – 100) they spent on disciplining students and 

other tasks; percentages listed across the 2018 tasks had to sum to 100.2 We place responses to 

the 2015 – 2017 and 2018 on the same scale by finding the total amount of time respondents 

assigned to time-use tasks on the 2015 – 2017 TES, then find the percentage of total time spent 

on student discipline issues. We assigned the “None” option zero hours, the “More than 10 

hours” option 11 hours, and took the midpoint of other response options (e.g., “1 hour or less” is 

assigned 0.5 hours). Over the 2015 – 2018 years, 74% of schools provided at least one response 

to the Administrator Time survey item, between 14% and 100% of potential administrator 

respondents in each school-by-year submitted responses, the mean school-by-year response rate 

is 75%, the mean response is 6.42%, and the standard deviation is 5.44. Consistent with the 

hypothesized Administrator Time mechanism, we expect the percentage of time the average 

school-by-year administrator spends on student discipline issues to decrease as observations rise. 

Methods 

Observation Assignments 

We examine the extent to which the number of observations assigned is associated with 

the percent of students who receive at least one: suspension or expulsion, ISS only, OSS only, 

and EX only. For each outcome, the percentage is equal to the total number of students who 

received the SDO divided by total enrollment; students receiving multiple SDOs in a year were 

counted once. We apply ordinary least squares regression with year fixed effects in Equation 1: 

𝑦!" = 	𝛿𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝑋!" + 𝛼" + 𝑒!" ,  (1) 

where 𝑦!" is one of the four SDOs in school s in year t. The coefficient of interest, 𝛿, represents 

the average change in 𝑦!" that is associated with an increase in 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" , the number of 

 
2 For example, if there were only two percentage of time on task options and a respondent filled in 60% for one task, 
the survey would only permit the respondent to list 40% for the other task. 
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policy-assigned observations in school s in year t.3 To aid in the interpretation of results, we 

scale 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" by 25 such that for every unit increase in 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" the total school-by-year 

policy-assigned observations increases by 25. The RW framework implies that we should control 

for 𝑋!", a vector of characteristics in school s in year t, that includes the prior-year SDO of 

interest; average teacher and administrator prior-year LOE; the proportions of students, teachers, 

and administrators who are white, black, and female; the proportions of students who are 

English-language learners, special education, and economically disadvantaged; and the average 

teacher and administrator years of experience and level of education. Additionally, we control 

for the number of teachers in each school and the ratio of teachers to evaluators in each school. 

While we include all covariates in 𝑋!" to aid in the comparison of observably similar schools, the 

last two are critical to our research design. Controlling for the total number of teachers in a 

school is vital because schools that have a similar number of total assigned observations, but 

drastically different teacher totals may differ in important ways that impact SDOs, such as 

increased presence of teacher leaders or peer collaboration. We also control for the ratio of 

evaluators-to-teachers to compare similar schools. As described in our theory of action, frequent 

administrator presence in classrooms may dissuade student misbehavior (Administrator 

Presence) and conducting observations may pull administrators away from discipline-related 

responsibilities (Administrator Time), increasing SDOs. The ratio of evaluators-to-teachers 

within schools likely affects the delegation of evaluation and disciplinary related duties, 

potentially affecting the Administrator Presence and Administrator Time mechanisms. Finally, 

 
3 The relationship between SDOs and observations assigned or received may be nonlinear; specifically, the marginal 
returns to more observations may diminish. We explore nonlinearities by adding a quadratic observation assigned or 
received term to equations 1 and 2; we also explore logarithmic relationships by replacing the linear observations 
assigned or received term in equations 1 and 2 with the natural log of observations assigned or received. The 
evidence does not suggest statistically or practically meaningful differences between linear and nonlinear 
specifications. Results available upon request. 
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we include year fixed effects in Equation 1 to control for secular shocks affecting SDOs, such as 

new state guidance on disciplinary action. Standard errors are clustered at the school level. 

Though Equation 1 compares observably similar schools, 𝛿 may be biased by time-

invariant unobserved between-school factors correlated with both observations assigned and 

SDOs. For example, schools with a strong culture of belonging may have less policy-assigned 

observations and SDOs, positively biasing results. Thus, we apply school fixed effects: 

𝑦!" = 	𝛿𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝑋!" + 𝛾! + 𝛼" + 𝑒!" ,  (2) 

where 𝛾! represents school fixed effects, all other terms are identical to Equation 1, and standard 

errors are clustered at the school level. 

Mediators. The Class Management, Administrator Presence, and Administrator Time 

mechanisms may mediate associations between policy-assigned observations and SDOs. If true, 

we should detect a relationship between observations and each mediator using Equation 3 where, 

𝑚!"	is one of the three mediators and all other terms are identical to Equation 2: 

𝑚!" = 	𝛿𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝑋!" + 𝛾! + 𝛼" + 𝑒!" ,  (3) 

We estimate Equation 4 to examine the extent to which 𝑚!" explains the total unmediated 

relationships (𝛿) from Equations 1 and 2: 

                       𝑦!" = 	𝛿𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝜑𝑚!" + 𝑋!" + 𝛾! + 𝛼" + 𝑒!",   (4). 

All other terms are identical to Equation 2. Standard errors are clustered at the school level. 

Moderators. We examine moderators via Equation 5: 

          𝑦!" = 	𝛿𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝛷𝑚𝑜𝑑!" + 𝜋𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 ∗ 𝑚𝑜𝑑!" + 𝑋!" + 𝛾! + 𝛼" + 𝑒!" ,  (5) 

where 𝑚𝑜𝑑!" is the prior-year SDO (𝑦!("$%)), average teacher prior-year LOE (scaled by 50s), or 

average years of teacher experience. Standard errors are clustered at the school level. 
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Sensitivity Tests. We check the sensitivity of our conclusions about policy-assigned 

observations in two ways. First, we apply a version of Equation 1 to the sample that includes 

only those teachers whose prior-year effectiveness score was near the cutoffs that determine the 

number of observations assigned by policy. Teacher experience and prior-year LOE score 

discontinuities determine the number of observations assigned by policy; the latter is determined 

by an underlying continuous LOE function, which educators do not see, ranging from 100 to 

500. Crossing from LOE 1 to LOE 2 can assign teachers fewer observations, depending on years 

of experience, and crossing from LOE 4 to LOE 5 assigns all teachers fewer observations. By 

restricting comparisons to teachers who fell just to either side of the thresholds, we bolster 

internal validity. However, this test may attenuate estimates due to measurement error as we 

cannot link SDOs to teachers. See Online Appendix B for additional details.  

Second, we apply a formal “sensitivity test” introduced by Rosenbaum and Rubin (1983) 

and extended by Cinelli and Hazlett (2020). These scholars remind us that a potentially biasing 

omitted variable (OV) must correlate with residual outcome and treatment variation (i.e., 

variation not explained by the model), but such correlations are not necessarily sufficient to undo 

inferences (e.g., OVs weakly correlated with unexplained treatment and outcome variation). 

Notably, Cinelli and Hazlett’s (2020) test reports the maximum bias multiple, non-linear 

confounders (i.e., “OV”) could introduce to one’s inferences. Analysts must explain why the 

reported confounding conditions are not plausible, ruling out any plausible OVs that could 

explain the amounts of treatment and outcome residual variation needed to undo inferences. We 

contextualize what is plausible using the explanatory power of the observed covariates that 

determine treatment or outcome variation. We benchmark one OV against prior-year SDOs, a 

powerful predictor of SDOs, and argue that it is implausible that an OV could explain more SDO 
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residual variation than what is explained by prior-year SDOs; we press the limits of plausibility 

by creating scaled-up OVs explaining two and three times as much variation. We repeat this 

exercise twice, using OVs benchmarked against average teacher years of experience and prior-

year LOE scores, and assume that OVs explaining more variation in the number of policy-

assigned observations than its policy determinants are implausible. 

Observations Received 

Teachers in the average school are assigned a total of 63.25 observations, however 

teachers in the average school receive a total of 85.81 observations. This difference arises 

because observations received are affected by two components: observations assigned and 

discretionary observations. Discretionary observations are those observations which 

administrators decide to conduct beyond what policy dictates for a particular teacher. To 

examine the relationship between observations received and SDOs, we substitute observations 

assigned with observations received (scaled by 25) in both Equations 1 and 2.  

Importantly, discretionary observations may come about for various reasons that bias 𝛿. 

For example, administrators issue more observations than the policy-assigned number to teachers 

who teach students that are prone to misbehave for unobserved reasons (i.e., reverse causation), 

thereby resulting in a positively biased 𝛿. Furthermore, relationships between teachers, 

administrators, and students may change over time within the same school in ways affecting both 

observations received and SDOs. Ultimately, time variant selection bias is a concern for 

observations received because administrators have discretion over them, whereas they do not 

have discretion over observations assigned. 

We also employ two-stage least squares (2SLS) to effectively partition observations 

received into its two sources, observations assigned and discretionary observations. We do not 



 

20 
 

argue that 2SLS brings us closer to causal inferences; instead, 2SLS allows us to exclude the 

variation arising from discretionary observations and examine relationships with variation from 

policy-assigned observations. The first-stage, Equation 6, isolates the portion of observations 

received that arises from policy assignments by regressing the number of observations assigned 

on the number of observations received: 

                          𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑!" = 𝛾𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝑋!" + 𝛼" + 𝜇!" ,    (6) 

Then, in the second stage of our 2SLS model, we regress the number of observations received 

because of policy assignment, 𝑟𝑒𝑐𝑒𝚤𝑣𝑒𝑑< !" , on each of the four SDOs in Equation 7: 

         𝑦!" = 𝛿𝑟𝑒𝑐𝑒𝚤𝑣𝑒𝑑< !" + 𝑋!" + 𝛼" + 𝑒!" ,               (7) 

The remaining terms in equations 6 and 7 are as defined in Equation 1. Standard errors are 

clustered at the school level. We do not purport causality as 𝜇!" in Equation 6 is plausibly 

correlated with 𝑦!" in Equation 7, violating 2SLS exclusion criteria. However, given the 

relationship between observations assigned and observations received, we find the use of 2SLS 

compelling as it is effectively a sensitivity analysis of our primary model and will allow us to 

explore discrepancies in the associations between SDOs and observations assigned and 

observations received.  

Findings 

Table 1 shows school-by-year characteristics of our sample. 8.45% of students received 

disciplinary action at least once. ISS’ are the most common SDO, with 6.09% of students 

receiving at least one ISS; OSS’ are less frequent (3.77%) and EX’ is rare (0.07%). On average, 

schools had just over 63 observations assigned, however almost 86 observations are received per 

year, meaning that observers chose to conduct more observations than policy mandated. 

Observations Assigned 
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 On average, assigning schools 25 more observations is associated with a reduction in the 

percent of students receiving any SDO, receiving ISS-only, receiving OSS-only, and assigning 

observations is not associated with EX-only (Table 2). Column I reports results from Equation 1. 

There is a statistically significant reduction of 0.30 percentage points in percentage of students 

who receive any SDO (Column I Panel A). ISS’ drive this result; assigning more observations is 

associated with a statistically significant reduction of 0.31 percentage points in the percentage of 

students who receive ISS (Column I Panel B). The association with OSS is also statistically 

significant with a reduction of 0.18 percentage points (Column I Panel C). Finally, the 

association with EX is precise, near-zero, and statistically insignificant (Column I Panel D).  

Results from Equation 2 are reported in column II and show that the findings are largely 

insensitive to unobserved time-invariant, between-school differences (i.e., school fixed effects). 

The association with any SDO increased slightly in magnitude to a 0.33 percentage point 

reduction (Column II Panel A). ISS results are nearly identical with a 0.30 percentage point 

decrease (column II Panel B). The association with OSS increases in magnitude to a 0.25 

percentage points reduction (Column II Panel C), and the association with EX remains precise, 

near-zero, and statistically insignificant (Column II Panel D). The insensitivity of the results in 

column I to school fixed effects suggests that between-school endogeneity is not concerning. 

Mediators. Results indicate that Class Management mediates the relationship between 

policy-assigned observations and ISS, but not the relationship with OSS. However, no evidence 

suggests that Administrator Presence or Administrator Time mediate any relationship (see 

Online Appendix C). Table 3 Column I reprints the unmediated relationships between 

observations assigned and ISS (Panel A) and OSS (Panel B), the two SDO-specific outcomes the 

evidence suggests are affected by policy-assigned observations; these results mean that there are 
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unmediated relationships to explain. However, the Class Management mechanism can only 

explain the unmediated relationships if policy-assigned observations also affect Class 

Management. Indeed, Table 3 Column II shows that assigning schools 25 more observations is 

associated with an increase in the average environmental rating score of 0.03 units (0.08 SD). 

The final step in our investigation of the Class Management mediator concerns the extent to 

which the unmediated relationships in Column I change after we apply Equation 4. When 

mediated by Management, an increase in 25 policy-assigned observations is associated with a 

0.25 percentage point decrease in ISS (Panel A Column III); the magnitude of the Class-

Management-mediated relationship is 17% smaller than the main relationship (Panel A Column 

IV). However, the relationship between policy-assigned observations and OSS is effectively 

unchanged after adding the Class Management variable. These results suggest that Class 

Management mediates the relationship with ISS but not OSS.  

Moderators. Moderation analyses yield two broad findings. First, none of the potential 

moderators affect the relationship with ISS, one moderates the OSS relationship, and every 

variable examined moderates the EX relationship. Second, relationships with OSS and EX 

strongly depend on the teacher experience moderator. None of the variables examined moderate 

relationships with ISS (see Online Appendix D) – we do not discuss these findings further. 

The relationship with OSS does not depend on prior-year SDOs, while the relationship 

with EX does (Table 4 Panels A and B Column I). The evidence suggests that schools with lower 

proportions of expelled students from the prior year benefit more from policy-assigned 

observations than schools with higher proportions of expelled students (Table 4 Panel B Column 

I); however, these benefits are practically insignificant (negative coefficients represent benefits). 

Average teacher prior-year effectiveness scores moderate the relationship with EX but not OSS 
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(Table 4 Column II), like findings from the prior-year SDO moderation analysis. The data 

suggest that more policy-assigned observations reduce EX more if a school’s average teacher has 

higher prior-year effectiveness scores than in schools where the average teacher's prior-year 

effectiveness score is lower (Table 4 Panel B Column II). Finally, more policy-assigned 

observations are associated with larger decreases in OSS and EX in schools where the average 

teacher has less experience than in schools where teachers have more years of experience (Table 

4 Column III).  

Sensitivity Tests. Local regression estimates are consistent in direction with the OLS and 

school fixed effect results; however, all local regression coefficients are statistically insignificant 

(p > 0.05). As observation assignments to the teachers whose prior-year effectiveness scores 

were just to either side of the 200 or 425 prior-year LOE thresholds increase, ISS, OSS, or EX 

decrease (Online Appendix Table B1 Panel A); however, the magnitude of the decline is less 

than half of the original estimate. Similar patterns exist with the ISS–only, OSS–only, and EX–

only outcomes (Table B1 Panels B - D): the directions of the relationships are consistent with the 

OLS and school fixed effect results, the local regression estimates' magnitudes are at most half 

that of the OLS and school fixed effects results, and local regression standard errors are inflated, 

sometimes 100% larger than those in Table 2.  

Formal sensitivity tests reveal that our inferences are insensitive to plausible OVs and 

that while implausible OVs can undo our inferences, they do not yield nonnegative coefficients, 

bolstering our confidence in the negative relationship between policy-assigned observations and 

SDOs. First, it is noteworthy that the school fixed effect model explains outcome and treatment 

variation remarkably well: 91% of the variation in the ISS/ OSS/ EX outcome and 92% of the 

variation in the number of policy-assigned observations. Thus, the number of plausibly 
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threatening OVs is limited to those that could explain outcome and treatment variation 

independent of the variation explained by school and year fixed effects, the lagged outcome, two 

treatment determinants, and the rest of our rich covariates. Results in Table 5 further limit the set 

of plausibly threatening OVs. The prior-year SDO-benchmarked OV explains less than one-

hundredth of the treatment residual variation and about 15% of residual outcome variation; 

however, an OV resembling this powerful predictor of residual outcome variation has virtually 

no effect on our coefficients or inferences. Although OVs explaining twice and thrice the 

variation of the prior-year SDO-benchmarked OV are assumedly implausible, such OVs still 

leave our inferences intact (Rows II, III). Similarly, our inferences are insensitive to the once, 

twice, and thrice-scaled teacher experienced-benchmarked OV, though years of experience was 

one of two variables that determined the number of policy-assigned observations (Rows IV-VI). 

Rows VII-IX reveal that while our inferences are insensitive to an OV benchmarked against the 

second determinant of policy-assigned observations, they are not immune to assumedly 

implausible OVs with twice and thrice its explanatory power. Although the estimates in Rows 

VIII and IX lose statistical significance, it is notable that these implausible OVs do not result in 

near-zero or positive coefficients. 

 Rothstein Falsification Tests. We attempt to falsify the findings from Equation 2 using 

“Rothstein falsification tests” (2010). Future policy-assigned observations cannot affect past 

SDOs causally. If Rothstein falsification tests detect relationships between future policy-assigned 

observations and past SDOs, the estimates generated by Equation 2 (school fixed effect model) 

are biased due to the endogenous sorting of students, teachers, or administrators into schools. We 

apply the falsification test by replacing 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!"with 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!("'%); otherwise, the 

falsification test model is the same as Equation 2. Results from the Rothstein falsification tests 
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suggest that endogenous sorting is not a concern as all estimates in Online Appendix Table B2 

are precisely estimated, near-zero, and statistically insignificant.  

Observations Received 

Whereas an increase in the number of policy-assigned observations is associated with 

decreases in SDOs, an increase in the number of observations received is associated with 

increases in SDOs (Table 6 Columns I - II). For every 25 observations received, the percentage 

of students who receive any SDO is predicted to rise by a statistically significant 0.24 percentage 

points (Table 6 Panel A Column I). Again, this main result is driven by ISS’; an increase in 

observations received is associated with a significant 0.31 percentage point increase in ISS 

(Table 6 Panel B Column I). The association with OSS is small and not statistically significant 

(Table 6 Panel C Column I). Finally, the association with EX is precise and near-zero (Table 6 

Panel D Column I). Results are insensitive to the inclusion of school fixed effects (Table 6 

Column II), again suggesting that between-school endogeneity is not concerning. 

2SLS results suggest that the schools assigned more observations also conduct more 

observations and that the policy-induced variation in observations received is associated with 

SDO reductions, consistent with our main findings in Table 2. First-stage results suggest that 

assigning schools 25 more observations is associated with an increase of approximately six 

observations conducted (0.24 * 25; Table 6 Column III First Stage); furthermore, all first-

stage F-statistics confirm the strength of the instrument.4 The second stage effectively estimates 

the association between SDOs and policy-induced observations received (i.e., the observations 

received as a result of policy rather than observations received due to administrator discretion). 

As 2SLS removes discretionary observation variation from the variation in observations 

 
4 F-statistics vary across panels in Column III because each regression uses a different prior-year ‘outcome.’ 
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received, second-stage results are effectively a confirmatory analysis of our main models from 

Table 2. Second-stage results suggest that policy-induced observations received are associated 

with decreases in SDOs or, in the case of EX, precisely estimated near-zero relationships (Table 

6 Column III). Furthermore, an increase of 25 policy-induced observations received is associated 

with a substantial decrease in any SDO (Table 6 Panel A Column III), and the relationship with 

ISS drives this result again (Table 6 Panels B - D Column III). The magnitudes of the second-

stage associations in Table 6 Column III exceed those in Table 2 because our primary models 

effectively estimate intent-to-treat associations, while 2SLS estimates treatment-on-the-treated 

estimates. Finally, the 2SLS results in Table 6 Column III are again insensitive to school fixed 

effects.5  

Discretionary Observations. The results in Tables 2 and 6 raise questions about why 

associations with policy-assigned observations are negative while associations with observations 

received are positive; we respond by exploring the determinants of policy-assigned observations 

and observations received. Per Tennessee policy, 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" is a function of teacher experience 

and prior-year effectiveness. We define 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑!", the number of total observations received, 

as a function of 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" and discretionary observations 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!"; where, 

𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑!" =	𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" + 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!". These definitions show that 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑!" and 

𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" differ due to 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!".  

We begin our exploration of determinants by graphically examining the relationship 

between 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" and 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!", which we operationalize as 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑!" −

𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!". Figure 1 plots 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" against 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑!" where circles represent cases 

 
5 Column IV applies the two-stage least-squares within estimator using Stata’s xtivreg command, which does not 
report a first-stage F statistic. 
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when school-by-years conducted more observations than assigned by policy or the exact number 

assigned (𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" ≥ 0), and X’s represent cases when school-by-years issued fewer 

observations than assigned by policy (𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" < 0). We separate 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" into 

negative and non-negative cases if these two types of discretionary observations arise for 

different reasons. Graphically, there does not appear to be an unconditional relationship between 

policy-assigned observations and discretionary observations, nor does there appear to be a 

relationship between policy-assigned observations and discretionary observations conditional on 

whether 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" is negative or non-negative. More formally, the unconditional 

correlation between policy-assigned and discretionary observations is -0.37; the correlation 

between policy-assigned and discretionary observations conditional on (𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" ≥ 0) 

is 0.24; and the correlation between policy-assigned and discretionary observations conditional 

on (𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" < 0) is 0.19. While these correlations suggest heterogeneity in the 

relationship between policy-assigned and discretionary observations, all the correlations are 

small, suggesting that the determinants of policy-assigned observations (i.e., teacher experience 

and prior-year effectiveness scores) are not related to the determinants of discretionary 

observations. We confirm this implication by regressing 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" on 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒!" and 

𝐿𝑂𝐸!("$%), the average teacher’s years of experience and prior-year effectiveness score; the 

adjusted R2 for this model is only 0.07. We suspected that prior-year SDOs might inform why 

administrators conduct discretionary observations and tested our suspicion by adding 𝑆𝐷𝑂!("$%) 

as the third right-hand side variable for the 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑜𝑛𝑎𝑟𝑦!" regression; the adjusted-R2 for this 

model is still small at 0.13. We then add all the right-hand side observables from previous 

equations (𝑋!") and year fixed effects (𝛼"), which yields an adjusted-R2 of 0.28. Finally, we add 

school fixed effects, which boosts the adjusted-R2 to 0.49, but still explains less than half of the 
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variation in discretionary observations. Ultimately, the data suggest that substantively different 

factors determine discretionary and policy-assigned observations.  

Conclusions 

We applied several regression analyses to multiple years of Tennessee administrative 

data to better understand the main, mediated, and moderated relationships between SDOs and the 

number of observations assigned to and conducted by schools. Our investigations yielded four 

key findings.  

Policy-Assigned Observations May Reduce Widespread SDOs 

The data repeatedly suggested that the percentage of students receiving at least one SDO 

decreased in schools that were assigned more teacher observations based on teacher years of 

experience and prior-year effectiveness scores. OLS compared schools to themselves and other 

observably similar schools, school fixed effects effectively compared schools to themselves over 

time, and local regressions only compared the teachers who fell just to either side of observation-

assignment thresholds. Across the different comparisons made by each model, each found 

negative relationships between policy-assigned observations and SDOs, though local regression 

estimates were estimated imprecisely. Furthermore, Rothstein falsification tests could not falsify 

school fixed effect results, and those results were insensitive to omitted variables benchmarked 

against the most potent determinants of SDOs and policy-assigned observations. Although 

implausible OVs with twice the explanatory power of one policy determinant pushed estimates 

to statistical insignificance, undoing our inferences, those OVs did not result in nonnegative 

coefficients. We conclude that more policy-assigned observations plausibly reduce SDOs.  

Notably, the statistically significant relationships between SDOs and observations are 

meaningful. Regressions estimated changes in SDOs that were associated with assigning schools 
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25 more teacher observations. If the average school - which is assigned just over 63 observations 

– was assigned 25 more observations, this would be a 40% increase, resulting in roughly 88 total 

assigned observations. At face value, 25 more observations may seem too costly in terms of 

administrator time, psychological burdens, and observation process quality. However, recent 

Tennessee-wide panel data analyses find that administrators who conduct additional observations 

do not report being more stressed or burdened (Hunter & Rodriguez, 2021); yet, Hunter and 

Rodriguez also found that administrators coped with observation demands by abbreviating 

observation length and pre- and post-observation conferences. Despite the potential losses in 

observation process quality related to increasing observations, our data suggest that the net 

effects may result in practically substantial changes in SDOs. OLS and school fixed effect 

models estimated an approximately 0.30-point reduction in the percentage of students receiving 

any SDO. As the average Tennessee school enrolls about 430 students, a 0.30-percentage-point 

reduction amounts to about one less student receiving an SDO in the average school each year. 

While this may seem insignificant, prior work by Carrell and colleagues (2018) suggests 

otherwise; foregoing exposure to a disruptive classroom peer can increase earnings at ages 24 - 

28 by 3 percent. Back-of-the-envelope calculations suggest that if one student in each of 

Tennessee's roughly 2000 schools did not receive an SDO, the total increase in long-term income 

would be over $2 million.  

The data also suggest that observation assignments may not affect all SDOs equally, as 

we hypothesized. Although our hypotheses and prior work implied that assigned observations 

might affect SDOs (Liebowitz et al., 2022; Rodriguez & Welsh, 2022), the observations we 

examined were not purposefully designed for SDO reduction; as such, we characterized 

observation assignments as a light-touch SDO intervention. Furthermore, we hypothesized that it 
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is easier for a light-touch intervention to change the factors causing ISS than the factors driving 

OSS, which we hypothesized is easier than changing the factors that determine EX, consistent 

with previous research (Lacoe & Steinberg, 2019). Indeed, the approximately 0.30-point SDO 

reduction was driven by an approximate 0.30-point decrease in the percentage of students 

receiving at least one ISS and an approximate 0.20-point reduction in the percentage of students 

receiving at least one OSS, and the percentage of students receiving at least one EX was 

insensitive to the number of observations assigned to schools by policy, on average. As the 

percentage of students receiving ISS exceeds the percentage receiving OSS, which exceeds the 

percentage receiving EX, ISS reductions affect more students than OSS reductions and far more 

than EX reductions. Ultimately, if assigning observations reduces SDOs, the effects are 

practically meaningful and affect the most widespread SDOs.  

Policy-Assigned Observations May Reduce ISS by Improving Class Management 

The data suggested that only one of the three mechanisms investigated mediates the 

relationship between observation assignment and ISS or OSS, and that mechanism affects ISS 

only.6 We hypothesized that observation assignments might affect SDOs by improving Class 

Management, increasing mollifying Administrator Presence in classrooms, and reducing 

Administrator Time spent on student discipline issues. None of the evidence supported our 

hypotheses regarding Administrator Time.  

Observation assignments were related to the Administrator Presence variable but not in 

the direction expected, and the data suggested that the variable was not a mediator. TES teacher 

respondents in the same school over time reported that observation-induced administrator 

presence was more likely to disrupt instruction during the years when the school was assigned 

 
6 As OLS and school fixed effect models generated precisely estimated near-zero associations with EX, there were 
not EX relationships to mediate. 
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more observations. On the contrary, we hypothesized that teachers would welcome more 

frequent administrator presence in classrooms to manage student behavior better. Although 

assigning more observations is associated with more disruptive administrator presence, these 

disruptions did not explain any relationship between policy-assigned observations and SDOs, 

suggesting that the Administrator Presence variable is not a mediator.  

However, more observation assignments were associated with Class Management 

improvements, which mediated almost 20% of the relationship between observation assignments 

and ISS. Assigning schools more observations may provide evaluators with multiple 

opportunities to discuss and recommend improvements regarding classroom management; 

indeed, when a school was assigned 25 more observations, the average teacher's classroom 

management improved by 0.03 points (0.08 SD). Although an 0.03-unit improvement is not 

practically significant (it moves a school in the Class Management distribution from the 50th to 

the 53rd percentile) and mediated virtually none of the OSS relationship, it explained nearly 20% 

of the ISS relationship.  

The Class Management mediation analyses underscore the malleability of ISS and 

suggest that a sizeable percentage of ISS' may arise from classroom-based student misbehavior 

or how teachers handle ISS-related misbehaviors. First, the evidence suggests that a light-touch 

intervention (observation assignment) may improve classroom management slightly, but slight 

improvements may be enough to reduce ISS appreciably. As ISS' are based on mild (perceived) 

student misbehaviors (Rodriguez & Welsh, 2022), reducing ISS may only require minor changes 

to school disciplinary processes. Alternatively, reducing OSS and EX' may require more 

intensive interventions. Second, the RW framework (2022) argued that educators respond to 

perceived student misbehavior via classroom or office management. Office management always 
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results in office referrals and may result in SDOs. However, classroom-managed responses by 

teachers do not lead to SDOs; instead, they lead to non-exclusionary outcomes (e.g., parent 

phone calls). If observation assignments improve classroom management, this may reduce the 

occurrence of ISS-based misbehaviors (teachers manage the classroom better) or increase the 

odds that teachers respond to ISS-based misbehaviors without resorting to office management, 

diverting the school disciplinary process away from exclusionary outcomes like ISS’. 

OSS and EX Relationships Depend on School Characteristics Examined, ISS Relationships 

Do Not 

We examined three policy- and conceptually-relevant moderators: prior-year SDOs, 

average teacher years of experience, and average teacher prior-year effectiveness scores. None of 

these three variables moderated relationships with ISS. On the one hand, the lack of 

heterogeneity in ISS relationships may mean that observation assignments work equally well 

across the school characteristics examined. Alternatively, the results also mean that observation 

assignments do not affect ISS equitably; otherwise, we would have observed larger benefits in 

schools with high prior-year SDOs, which would shrink the gap between schools with higher 

percentages of students receiving in-school suspensions and those with lower percentages.  

Only average teacher years of experience moderated the OSS relationship. Although we 

are unaware of research documenting the returns to teaching experience regarding SDOs, we 

assume that teachers become more effective classroom managers with time. Thus, early-career 

teachers need to improve more than later-career teachers; this logic also underpins the 

assignment of more observations to early-career Tennessee teachers. Moderation analyses 

suggest that the OSS reductions associated with more observation assignments become smaller 

in magnitude as the school-level average teacher gains experience. For example, the data suggest 
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that schools at the 25th percentile of the average teacher years of experience distribution (10.4 

years) may see an 0.35-point OSS reduction. In comparison, schools at the 75th percentile (14 

years) are predicted to see an 0.21-point OSS reduction. Moreover, schools in the bottom 10% of 

the distribution of average teacher experience (5 - 8.67 years) may see OSS reductions between 

0.57 and 0.42. Thus, schools with the least experienced teachers benefit most from being 

assigned more observations by state policy.  

Although observation assignments are unrelated to EX, on average, the relationship is 

correlated with the three moderators examined. Negative associations between observation 

assignments and EX are largest in schools with lower percentages of students receiving EX in 

the prior year, where the average teacher has fewer years of experience, and where the average 

teacher has higher prior-year effectiveness scores. Regarding the prior-year EX moderator, the 

data suggest that the only schools in which more observation assignments may reduce EX are 

schools where less than one percent of students received at least one EX in the prior year. 

However, the bottom 85% of schools had zero EX in the prior year, suggesting that assigning 

schools 25 more observations may be able to reduce EX in a substantial number of settings.  

The data suggest that the EX reductions associated with more observation assignments 

shrink as the average teacher gains experience, meaning that teacher experience moderates 

associations with the two SDO categories based on the most severe student misbehaviors. 

However, the experience moderator shrinks the negative EX associations toward zero at a 

significantly faster rate than it shrinks the negative OSS relationships toward zero. For example, 

EX relationships are only negative for schools in the bottom five percent of the experience 

distribution, but OSS relationships are negative for all schools but the top five percent. The 
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limited scope of negative EX relationships limits the practical significance of the average teacher 

experience moderator, although it is statistically significant.  

Finally, the data suggest that more observation assignments may reduce EX in schools 

where the average teacher had higher prior-year effectiveness scores. Indeed, EX associations are 

negative in schools where the average teacher's prior-year effectiveness score exceeded 350, as 

did schools in the upper 88% of the effectiveness moderator distribution.   

Briefly, we conclude that assigning schools more observations associates with ISS 

similarly across the school settings examined, and a school's average teacher's years of 

experience moderates the OSS relationship substantially. The data also suggest several school 

settings where more policy-assigned observations may reduce EX as the three variables 

examined moderated the EX relationship; however, prior-year EX and average teacher prior-year 

effectiveness scores are the only practically significant moderators. Finally, while policy-

assigned observations may reduce EX in most schools, where less than one percent of students 

were expelled in the prior year or the average teacher received a relatively high prior-year 

effectiveness score, the associations represent Matthew effects. Schools with higher 

concentrations of effective teachers and lower concentrations of severe misbehavior benefit from 

policy-assigned observations more than less-advantaged schools. 

Discretionary and Policy-Assigned Observations Arise for Different Reasons and Affect 

SDOs Differently  

Many schools deviate from the number of observations assigned, which we characterized 

as discretionary observations, often by conducting more observations than assigned; the average 

school conducts approximately 22 more observations than assigned. Although two teacher 

human capital measures determine the number of observations assigned, neither teacher nor 
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administrator human capital measures nor any observable student, teacher, or administrator 

characteristic nor unobserved between-school differences explain most of the variation in 

discretionary observations.  

While several factors might account for a sizeable fraction of the unexplained variation in 

discretionary observations, we argue that reverse causation is the most plausible. When teachers 

handle (perceived) student misbehavior via RW's (2022) "class management" mechanism, these 

cases do not appear in the administrative data. However, schools may respond to such cases by 

conducting more observations than assigned to mitigate (perceived) misbehaviors, whether they 

result in non-exclusionary outcomes or SDOs. If unobserved class-managed discipline 

occurrences also correlate positively with the office-managed occurrences that result in SDOs, 

this will introduce positive bias into the estimated relationship between SDOs and observations 

received. We also characterize situations when schools anticipate higher SDOs and respond by 

conducting more observations as reverse causation. Our arguments imply that the SDOs in 

year t may explain discretionary observations in year t. In unreported regressions, we added the 

SDOs in year t as a right-hand side variable in the model explaining discretionary observation 

variation based on all observables, year fixed effects, and school fixed effects. A one percentage 

point increase in SDOs in year t is statistically significantly associated with an increase of 0.25 

discretionary observations in total; however, the increase is practically insignificant, and the new 

model still explains less than half of the variation in discretionary observations (adjusted-R2 

0.49). Notwithstanding the plausible endogeneity in estimated relationships between SDOs and 

observations received, SDOs are higher in schools conducting more observations, no matter the 

source of endogeneity. In conclusion, the data suggest that basing observations on teacher 
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experience and prior-year effectiveness may reduce SDOs, while observations arising for 

unobserved reasons may increase them.  

Limitations 

 This study may suffer from three broad limitations. First, the estimates may not capture 

precise causal estimates. Although evidence from mediation analyses, local regressions, and 

Rothstein falsification tests are consistent with causal interpretations, we are unsure if our 

estimates are strictly causal. Instead, we argue that associations with the number of observations 

assigned might approximate causal estimates. We suspect that associations with observations 

received are biased. Second, the RW framework (2022) suggests more mechanisms that might 

explain the relationships, or lack thereof, than the mechanisms we explored. Future work might 

apply different operationalizations of the mechanisms we explored and consider additional 

mechanisms to provide further insights into teacher evaluation and school disciplinary processes. 

Finally, we do not assume that our findings generalize to other settings. Relatedly, the 

conclusions based on policy-assigned observations may not generalize to observations not 

assigned because of teacher experience and prior-year performance.  

Implications 

The evidence implies that policymakers might increase the number of observations 

assigned to schools, but only if teacher experience and prior-year performance determine the 

number assigned. While our analyses suggest that assigning observations based on these two 

determinants may lower SDOs, discretionary observations that arise for unknown reasons were 

not associated with SDO reductions. In Tennessee, where observations are already assigned 

based on experience and prior-year performance, policymakers might increase the number of 

observations assigned to certain teacher groups. For example, policymakers might assign 
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teachers with the lowest prior-year performance five observations instead of four or moderately 

effective teachers with more than four years of experience three observations instead of two.  

Despite the seemingly minor changes in SDOs that 25 more experience-and-

effectiveness-based observations may induce, prior work suggests that the reductions are 

meaningful and practically significant. Although ISS reductions drive the SDO reductions, 

moderation analyses suggest that experience-and-effectiveness-based observation assignments 

may lead to substantial OSS and EX reductions in most schools. Thus, experience-and-

effectiveness-based observations may represent a tool that policymakers can use to reduce mild 

to severe (perceived) student misbehaviors resulting in exclusionary outcomes in most school 

settings. Additionally, assigning schools 25 more observations is feasible; indeed, the typical 

school already conducts 22 observations above the number assigned.  

Moderation analyses also suggest that policymakers might assign relatively more 

experience-and-effectiveness-based observations to schools with higher concentrations of less 

effective teachers or higher concentrations of expelled students, characteristics observable to 

state and local policymakers, if they wish to reduce EX using observations. Alternatively, or in 

tandem, policymakers might assign additional support (e.g., executive or instructional coaches) 

to these schools. Mediation analyses suggest that additional support might focus on catalyzing 

the positive effects of assigned observations on classroom management; even small increases in 

classroom management skills may yield substantial SDO reductions.  

Discretionary observation analyses suggest that administrators may need additional 

support regarding why they conduct additional observations. Schools deviate from the number of 

observations assigned for unknown and potentially counterproductive reasons. Professional 

development workshops, regular communication from education agencies, or light-touch 
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executive coaching might help administrators better use their discretion to conduct SDO-

reducing observations. 

Finally, there are several implications regarding theory and research. First, the negative 

associations with experience-and-effectiveness-based observations and positive associations with 

observations that arise for different reasons support a core tenet of the strategic management of 

human capital theory (Odden & Kelly, 2008) and the theory of action framing teacher evaluation 

(Archer et al., 2016; Donaldson, 2021) - educational leaders and policymakers can meaningfully 

improve important student outcomes when adopting evaluation-related interventions based on 

teacher human capital measures. A growing body of work suggests that the introduction of 

teacher evaluation reforms did not improve student outcomes, on average (Bleiberg et al., 2021; 

Hunter & Bowser, 2021; Liebowitz et al., 2022; Steinberg & Sartain, 2015; Taylor & Tyler, 

2012). In addition to the findings herein, prior work also finds that educational leaders deviate 

from human-capital-informed decision-making (Donaldson & Woulfin, 2018; Hunter, 2020; 

Hunter & Ege, 2021; Marsh et al., 2017; Rodriguez & Hunter, 2021). We suspect that reformed 

teacher evaluation systems might improve multiple student outcomes significantly if educational 

leaders reliably implemented these systems based on student performance, and teacher and 

administrator human capital. Policy or professional learning opportunities (e.g., coaching) may 

tighten the link between human capital measures and evaluation interventions for student benefit.  
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Figure 1 
 
Scatterplot: Discretionary Observations and Policy-Assigned Observations 
 

 
Notes: School-by-years are the unit of analysis. Plots total discretionary observations (i.e., total observations 
received – total number of observations assigned by policy) against total policy-assigned observations (both 
variables expressed in 25s). Circles represent cases when schools issued more observations than assigned by policy; 
X’s represent cases issued fewer observations than assigned by policy. The correlation between discretionary and 
policy-assigned observations is -0.37; the correlation between discretionary and policy-assigned observations in 
schools where teachers discretionary observations > 0 is 0.24; and, the correlation between discretionary and policy-
assigned observations in schools where teachers discretionary observations < 0 is 0.19.  
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Table 1 
 
Sample Characteristics 
 
 Mean Standard Deviation 

Percentage of Students Receiving Any 
Suspension/ Expulsion At Least Once 

8.45 10.2 

Percentage of Students Receiving In-
School Suspension At Least Once 

6.09 9.0 

Percentage of Students Receiving Out-
of-School Suspension At Least Once 

3.77 5.5 

Percentage of Students Expelled At 
Least Once 

0.07 0.3 

Observations Assigned 63.25 35.5 

Observations Received 85.81 49.9 

N(Schools) 1369  

N(School-by-Years) 6329  

Notes: School-by-years are the unit of analysis.   
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Table 2 
 
Relationships Between Discipline Outcomes and Observations Assigned 
 
 I II  
Panel A. DV = Percentage of Students Receiving Any Suspension/ Expulsion 

Obs Assigned (25s) -0.30*** -0.33**  
 (0.09) (0.12)  
    
Panel B. DV = Percentage of Students Receiving In-School Suspension 

Obs Assigned (25s) -0.31** -0.30*  
 (0.10) (0.13)  
    
Panel C. DV = Percentage of Students Receiving Out-of-School Suspension 

Obs Assigned (25s) -0.18** -0.25***  
 (0.06) (0.07)  
    
Panel D. DV = Percentage of Students Expelled   

Obs Assigned (25s) 0.01 0.00  
 (0.01) (0.01)  
School FE  X  
N(School-by-Years) 6329 6329  

Notes: School-by-years are the unit of analysis. The outcomes are percentages ranging from zero to 100. The 
independent variable, the number of observations assigned, is scaled by 25s; thus, coefficients represent the change 
in an outcome associated with an increase of 25 policy-assigned observations. Each model controls for year fixed 
effects and the prior-year 'outcome;' average teacher and administrator prior-year composite effectiveness scores; the 
proportions of students, teachers, and administrators who are white, black, and female; the proportions of students 
who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of experience and 
level of education; the number of teachers in each school; and the ratio of teachers to evaluators in each school. 
Standard errors are clustered at the school level. * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table 3 
 
Classroom Management Mediation Analysis: Relationships Between Policy-Assigned Observations and Discipline Outcomes 
 

 I II III IV 
 Main Relationship Mediator 

Relationship 
Mediated Main 
Relationship 

% change in main 
relationship  

Panel A. DV = In-School Suspensions  
Obs Assigned (25s) -0.30* 0.03*** -0.25 +17% 
 (-0.57, -0.04) (0.02, 0.05) (-0.51, 0.01)  
     

Panel B. DV = Out-of-School Suspensions  
Obs Assigned (25s) -0.25*** 0.03*** -0.26*** -2% 
 (-0.39, -0.12) (0.02, 0.05) (-0.39, -0.13)  

N(School-by-Year)  6204 6204 6204  
Notes: School-by-years are the unit of analysis. Standard errors are clustered at the school level; 95% confidence intervals in parentheses. The discipline 
outcomes are percentages ranging from zero to 100; the environment rating variable ranges from 1.75 to 5, with a 4.23 mean and 0.38 standard deviation. The 
number of observations assigned are scaled by 25s; thus, coefficients represent association with an increase of 25 observations. Column I lists unmediated results 
using the same sample as the mediation analyses. Column II treats the mediator as the ‘outcome.’ Column III uses the same outcome and right hand-side 
variables as column I but adds the mediator as a right hand-side variable. Each model controls for year and school fixed effects and the prior-year 'outcome;' 
average teacher and administrator prior-year composite effectiveness scores; the proportions of students, teachers, and administrators who are white, black, and 
female; the proportions of students who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of experience and level of 
education; the number of teachers in each school; and the ratio of teachers to evaluators in each school.  * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 4 
 
Moderated Relationships Between Policy-Assigned Observations and Discipline Outcomes  
 
 I II III 
Panel A. DV = Percentage of Students Receiving Out-of-School Suspension 

Obs Assigned (25s) -0.24* -0.01 -0.77** 
 (0.09) (0.26) (0.29) 

Obs Assigned (25s) * 
Prior-Year OSS -0.004  

 

 (0.004)   
Obs Assigned (25s) * Avg 
Tch Prior-Year LOE (50s)  -0.03 

 

  (0.04)  
Obs Assigned (25s) * Avg 
Tch Yrs Experience   0.04* 

   (0.02) 
    
Panel B. DV = Percentage of Students Expelled  

Obs Assigned (25s) -0.01* 0.07** -0.06* 
 (0.01) (0.03) (0.02) 

Obs Assigned (25s) * 
Prior-Year Expulsions 0.01***   
 (0.02)   
Obs Assigned (25s) * Avg 
Tch Prior-Year LOE (50s)  -0.01**  

  (0.004)  
Obs Assigned (25s) * Avg 
Tch Yrs Experience   0.01** 

   (0.002) 
N(School-by-Years) 6329 6329 6329 

Notes: School-by-years are the unit of analysis. Each column-by-panel presents results from a separate regression. 
The outcomes are percentages ranging from zero to 100. The independent variable, the number of observations 
assigned, is scaled by 25s; thus, coefficients represent the change in an outcome associated with an increase of 25 
policy-assigned observations. The average teacher years of experience and prior-year SDOs are scaled by ones; 
average teacher prior-year LOE is scaled by 50. Each model includes year and school fixed effects and controls for 
the prior-year 'outcome;' average teacher and administrator prior-year composite effectiveness scores; the 
proportions of students, teachers, and administrators who are white, black, and female; the proportions of students 
who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of experience and 
level of education; the number of teachers in each school; and the ratio of teachers to evaluators in each school. 
Standard errors are clustered at the school level. * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table 5 
 
Sensitivity of Inferences to Benchmarked Omitted Variables 
 
  I II III 
 

 𝑅()*	,-!~,/|12 	 𝑅34,~,/|1,()*	,-!2 	 Coef  
(SE) 

I 1.00x Prior-Year SDOs < 0.0001 0.1452 -0.31**  
(0.10) 

II 2.00x Prior-Year SDOs 0.0001 0.2904 -0.29**  
(0.09) 

III 3.00x Prior-Year SDOs 0.0001 0.4356 -0.28***  
](0.08) 

IV 1.00x Avg Teacher Years of 
Exp 

< 0.0001 0.0011 -0.33**  
(0.11) 

V 2.00x Avg Teacher Years of 
Exp 

< 0.0001 0.0022 -0.33**  
(0.11) 

VI 3.00x Avg Teacher Years of 
Exp 

< 0.0001 0.0033 -0.33**  
(0.11) 

VII 1.00x Avg Teacher Prior-Year 
LOE 

0.1308 0.0004 -0.27*  
(0.12) 

VIII 2.00x Avg Teacher Prior-Year 
LOE 

0.2616 0.0009 -0.19  
(0.13) 

IX 3.00x Avg Teacher Prior-Year 
LOE 

0.3924 0.0015 -0.10  
(0.14) 

 N(School-by-Years)   6329 
Notes: Models apply Equation 2 (school fixed effect model). Pol Obs represents treatment, OV the hypothetical 
omitted variables, and X all righthand-side variables from Equation 2 excluding Pol Obs. 𝑅!"#	%&'~%)|+,  represents 
the proportion of explained residual variation in Pol Obs. 𝑅-.%~%)|+,!"#	%&',  represents the proportion of explained 
residual variation in the SDO outcome. “Coef” is the estimated treatment effect if Equation 2 controlled for OV. * p 
< 0.05, ** p < 0.01, *** p < 0.001. 
 
 
  



 

52 
 

Table 6 
 
Relationships Between Discipline Outcomes and Observations Received 
 
 I II III IV 
Panel A. DV = Percentage of Students Receiving Any Suspension/ Expulsion 

Obs Received (25s) 0.24*** 0.28* -1.23** -1.83* 
 (0.07) (0.11) (0.41) (0.79) 
First Stage     

Obs Assigned (25s)   0.24*** 0.18*** 
   (0.04) (0.04) 

F-Stat   42.66***  
     
Panel B. DV = Percentage of Students Receiving In-School Suspension 

Obs Received (25s) 0.31*** 0.35** -1.26** -1.67* 
 (0.07) (0.13) (0.45) (0.83) 

First Stage     
Obs Assigned (25s)   0.24*** 0.18*** 
   (0.04) (0.04) 
F-Stat   43.06***  

     
Panel C. DV = Percentage of Students Receiving Out-of-School Suspension 

Obs Received (25s) 0.07 0.02 -0.73** -1.41** 
 (0.04) (0.05) (0.26) (0.49) 

First Stage     
Obs Assigned (25s)   0.24*** 0.18*** 
   (0.04) (0.04) 
F-Stat   41.70***  

     
Panel D. DV = Percentage of Students Expelled  

Obs Received (25s) 0.01* 0.01 0.02 -0.01 
 (0.00) (0.00) (0.02) (0.03) 

First Stage     
Obs Assigned (25s)   0.24*** 0.18*** 
   (0.04) (0.04) 
F-Stat   41.65***  

School FE  X  X 
2SLS   X X 
N(School-by-Years) 6329 6329 6329 6329 

Notes: School-by-years are the unit of analysis. The outcomes are percentages ranging from zero to 100. The 
number of observations received and assigned are scaled by 25s; thus, coefficients represent association with an 
increase of 25 observations. Each model controls for year fixed effects and the prior-year 'outcome;' average teacher 
and administrator prior-year composite effectiveness scores; the proportions of students, teachers, and administrators 
who are white, black, and female; the proportions of students who are ELL, SPED, and economically disadvantaged; 
average teacher and administrator years of experience and level of education; the number of teachers in each school; 
and the ratio of teachers to evaluators in each school. Standard errors are clustered at the school level. Columns III 
and IV apply two-stage least-squares and report the first-stage coefficients. F statistics vary across panels in column 
III because each regression uses a different prior-year ‘outcome.’ Column IV applies the two-stage least-squares 
within estimator using Stata’s xtivreg command, which does not report a first-stage F statistic. * p < 0.05, ** p < 
0.01, *** p < 0.001. 
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Online Appendix A. Standards-Based Performance Rubric 
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Online Appendix B. Sensitivity and Falsification Analyses 

Local Regressions 

We identify teachers in the bandwidths of 10, 20, and 30 surrounding each cutoff that 

assigns observations, find the number of observations assigned to these teachers, then find each 

school-by-year total. We then apply Equation B1: 

𝑦!" = 𝛿𝑎𝑠𝑠𝚤𝑔𝑛𝑒𝑑-!"L +𝑋!" + 𝛼" + 𝜂-!" + 𝑒!" ,               (B1) 

where 𝑎𝑠𝑠𝚤𝑔𝑛𝑒𝑑-!"L  is the number of observations assigned to the teachers in bandwidth b 

surrounding the prior-year continuous LOE thresholds of 200 and 425, 𝜂-!" is the proportion of 

teachers from school s in year t who contributed to 𝑎𝑠𝑠𝚤𝑔𝑛𝑒𝑑-!"L  and whose prior-year 

continuous LOE came from the bandwidth surrounding the 425 threshold. All other terms are 

identical to those from previous equations; that is, they are based on all student, teachers, and 

administrators in school s in year t, not just the teachers in bandwidth b. We characterize the 

regression of SDOs linked to all teachers’ students in school s in year t on the number of 

observations assigned to the teachers in bandwidth b as introducing measurement error because 

𝑦!" presumably overstates the number of SDOs linked to teachers in b, which likely attenuates 

our estimates. Standard errors are clustered at the school level.  
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Table B1 
 
Sensitivity Tests: Local Regressions 
 
 I II III 
 w = 10 w = 20 w = 30 
Panel A. DV = Percentage of Students Receiving Any Suspension/ Expulsion 

Obs Assigned (25s) -0.16 -0.11 -0.10 
 (0.21) (0.13) (0.10) 
    
Panel B. DV = Percentage of Students Receiving In-School Suspension 

Obs Assigned (25s) -0.08 -0.06 -0.08 
 (0.23) (0.14) (0.11) 
    
Panel C. DV = Percentage of Students Receiving Out-of-School Suspension 

Obs Assigned (25s) -0.09 -0.06 -0.04 
 (0.23) (0.07) (0.06) 
    
Panel D. DV = Percentage of Students Expelled  

Obs Assigned (25s) 0.00 0.00 0.00 
 (0.01) (0.01) (0.01) 
N(School-by-Years) 6329 6329 6329 

Notes: School-by-years are the unit of analysis. The outcomes are percentages ranging from zero to 100. The 
independent variable, the number of observations assigned, only uses observations assigned to teachers whose prior-
year LOE was within [200 – w, 200 + w] or [425 – w, 425 + w]. All other variables use all teachers; thus, none of the 
other variables changed in these models. The independent variable is still scaled by 25s; thus, coefficients represent 
the change in an outcome associated with an increase of 25 policy-assigned observations. Each model controls for 
year fixed effects and the prior-year 'outcome;' average teacher and administrator prior-year composite effectiveness 
scores; the proportions of students, teachers, and administrators who are white, black, and female; the proportions of 
students who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of 
experience and level of education; the number of teachers in each school; and the ratio of teachers to evaluators in 
each school. Standard errors are clustered at the school level. * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table B2 
 
Rothstein Falsification Tests 
 
 I II III IV 
 ISS/ OSS/ EX ISS-only OSS-only EX-only 
Obs Assigned (25s) 0.01 0.01 0.00 0.00 
 (0.01) (0.01) (0.00) (0.00) 
N(School-by-Years) 5284 5284 5284 5284 

Notes: School-by-years are the unit of analysis. The outcomes are percentages ranging from zero to 100. The 
independent variable, the number of next-year observations assigned, is scaled by 25s; thus, coefficients represent 
the change in an outcome associated with an increase of 25 policy-assigned observations in the next year. Each 
model controls for school fixed effects and year fixed effects and the prior-year 'outcome;' average teacher and 
administrator prior-year composite effectiveness scores; the proportions of students, teachers, and administrators 
who are white, black, and female; the proportions of students who are ELL, SPED, and economically disadvantaged; 
average teacher and administrator years of experience and level of education; the number of teachers in each school; 
and the ratio of teachers to evaluators in each school. Standard errors are clustered at the school level. * p < 0.05, ** 
p < 0.01, *** p < 0.001.  
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Online Appendix C. Survey Item Mediation Analyses 
 

Table C1 Panel A prints mediation analysis results concerning the Administrator 

Presence. Panel A uses the sample of school-by-years with at least one TES response to 

the Administrator Presence survey item. Despite the substantial reduction in sample size and 

restriction to two years of data, the unmediated relationships in Table C1 Panel A Column I are 

qualitatively consistent with findings based on the full sample (see Table 2): assigning schools 

more observations is associated with reductions in the percentage of students receiving at least 

one ISS or one OSS. If Administrator Presence mediates these relationships as we hypothesized, 

we will detect positive relationships in Table C1 Panel A Column II; instead, the data suggest 

that assigning schools 25 more observations is associated with a statistically significant 0.05 unit 

(0.15 SD) decline in the Administrator Presence variable. However, Panel A Columns III and IV 

provide no evidence supporting our hypothesis that Administrator Presence is a mediator.  

Table C1 Panel B reports the relationship between policy-assigned observations and 

SDOs using the sample of school-by-years with at least one TES response to the Administrator 

Time survey item. As we detect no total main relationship in the Panel B subsample (Column I), 

there is no main relationship to mediate.  

The mediation analyses using survey items do not distinguish between school-by-years in 

which most potential survey respondents submitted a survey and those in which few or one 

submitted a survey. We incorporate school-by-year response rates into the analyses from Table 

C1 using weighted linear regressions, where the weight applied to school s in year t is the 

proportion of potential survey respondents in school s in year t who responded to the survey. The 

range of weights used in the Administrator Presence analyses (teacher survey item) ranges from 

0.01 to 1.0, with a 0.33 mean and 0.16 standard deviation; the range of weights used in 
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the Administrator Time (administrator survey item) ranges from 0.14 to 1.0, with a 0.75 mean 

and 0.28 standard deviation. While the weights affect some estimates (Table C2), they do not 

affect our inferences: no evidence suggests that the Administrator Time or Presence measures are 

mediators.  
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Table C1 
 
Mediation by Administrator Survey Items Regarding Administrator Presence and Time  
 

 I II III IV 
 Total Main 

Relationship 
Mediator Relationship Mediated Main 

Relationship 
% change in main 
relationship 

Panel A. Administrator Presence Mediator   
Panel A1. DV = In-School Suspensions    

Obs Assigned (25s) -0.69* -0.05* -0.69* -0% 
 (-1.29, -0.09) (-0.10, -0.002) (-1.29, -0.09)  
     

Panel A2. DV = Out-of-School Suspensions     
Obs Assigned (25s) -0.37** -0.05* -0.36** +3% 

 (-0.61, -0.13) (-0.10, -0.002) (-0.60, -0.12)  
N(School-by-Year) 2163 2163 2163  
     
Panel B. Administrator Time Mediator     

Panel B1. DV = In-School Suspensions     
Obs Assigned (25s) -0.26 0.27 -0.25 -4% 
 (-0.66, 0.15) (-0.15, 0.68) (-0.65, 0.16)  
     

Panel B2. DV = Out-of-School Suspensions     
Obs Assigned (25s) -0.12 0.27 -0.12 0% 
 (-0.26, 0.03) (-0.15, 0.68) (-0.26, 0.03)  

N(School-by-Year) 3042 3042 3042  
Notes: School-by-years are the unit of analysis. Standard errors are clustered at the school level; 95% confidence intervals in parentheses. The discipline 
outcomes are percentages ranging from zero to 100; in reverse-coded terms, the Administrator Presence item ranges from (1=Strongly Agree) to (4=Strongly 
Disagree), with a 2.62 mean and 0.34 standard deviation; the Administrator Time item ranges from 0 to 51, with a 6.42 mean and 5.44 standard deviation. The 
number of observations assigned are scaled by 25s; thus, coefficients represent association with an increase of 25 observations. Column I lists unmediated results 
using the same sample as the mediation analysis. Column II treats the mediator as the ‘outcome.’ Column III uses the same outcome and right hand-side variables 
as column I but adds the mediator as a right hand-side variable. Each model controls for year and school fixed effects and the prior-year 'outcome;' average 
teacher and administrator prior-year composite effectiveness scores; the proportions of students, teachers, and administrators who are white, black, and female; 
the proportions of students who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of experience and level of education; 
the number of teachers in each school; and the ratio of teachers to evaluators in each school.
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Table C2 
 
Original and Mediation Regressions Weighted by the Proportion of School-by-Year Survey Respondents 
  

 I II III IV 
 Total Main Relationship Mediator Relationship Mediated Main Relationship % change in main 

relationship 
Panel A. Administrator Presence Mediator   

Panel A1. DV = In-School 
Suspensions 

    

Obs Assigned (25s) -0.43 -0.03 -0.45 +5% 
 (-1.08, 0.22) (-0.07, 0.01) (-1.10, 0.20)  
     

Panel A2. DV = Out-of-School Suspensions    
Obs Assigned (25s) -0.30* -0.03 -0.29* -3% 
 (-0.55, -0.04) (-0.07, 0.01) (-0.55, -0.04)  

N(School-by-Year) 2163 2163 2163  
     

Panel B. Administrator Time Mediator   
Panel B1. DV = In-School 
Suspensions 

    

Obs Assigned (25s) -0.35 0.30 -0.35 0% 
 (-0.77, 0.06) (-0.08, 0.68) (-0.77, 0.07)  
     

Panel B2. DV = Out-of-School Suspensions    
Obs Assigned (25s) -0.15* 0.30 -0.15* 0% 
 (-0.30, -0.002) (-0.08, 0.68) (-0.31, -0.004)  

N(School-by-Year) 3042 3042 3042  
Notes: School-by-years are the unit of analysis. Standard errors are clustered at the school level; 95% confidence intervals in parentheses. Results in every 
column generated by weighted linear regressions, where the weight of school s in year t is the proportion of potential survey respondents in school s in year t who 
responded to the survey in year t. The range of weights used in Panel A (teacher survey item) ranges from 0.01 to 1.0, with a 0.33 mean and 0.16 standard 
deviation; the range of weights used in Panel B (administrator survey item) ranges from 0.14 to 1.0, with a 0.75 mean and 0.28 standard deviation. The discipline 
outcomes are percentages ranging from zero to 100; in reverse-coded terms, the teacher survey item from Panel A ranges from (1=Strongly Agree) to 
(4=Strongly Disagree), with a 2.62 mean and 0.34 standard deviation; the administrator survey item in Panel B ranges from 0 to 51, with a 6.42 mean and 5.44 
standard deviation. The number of observations assigned are scaled by 25s; thus, coefficients represent association with an increase of 25 observations. Column I 
lists unmediated results using the same sample as the mediation analyses. Column II treats the mediator as the ‘outcome.’ Column III uses the same outcome and 
right hand-side variables as column I but adds the mediator as a right hand-side variable. Each model controls for year and school fixed effects and the prior-year 
'outcome;' average teacher and administrator prior-year composite effectiveness scores; the proportions of students, teachers, and administrators who are white, 
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black, and female; the proportions of students who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of experience and 
level of education; the number of teachers in each school; and the ratio of teachers to evaluators in each school.



 

68 
 

Online Appendix D. In-School Suspensions: Moderation Analyses 
 
Table D1 
 
Moderated Relationships Between Policy-Assigned Observations and ISS 
 
 I II III 

Obs Assigned (25s) -0.15 0.37 -0.09 
 (0.15) (0.48) (0.45) 

Obs Assigned (25s) * 
Prior-Year OSS -0.01  

 

 (0.01)   
Obs Assigned (25s) * Avg 
Tch Prior-Year LOE (50s)  -0.09 

 

  (0.06)  
Obs Assigned (25s) * Avg 
Tch Yrs Experience   -0.02 

   (0.04) 
N(School-by-Years) 6329 6329 6329 

Notes: School-by-years are the unit of analysis. Each column-by-panel presents results from a separate regression. 
The outcomes are percentages ranging from zero to 100. The independent variable, the number of observations 
assigned, is scaled by 25s; thus, coefficients represent the change in an outcome associated with an increase of 25 
policy-assigned observations. The average teacher years of experience and prior-year ISS are scaled by ones; 
average teacher prior-year LOE is scaled by 50. Each model includes year and school fixed effects and controls for 
the prior-year 'outcome;' average teacher and administrator prior-year composite effectiveness scores; the 
proportions of students, teachers, and administrators who are white, black, and female; the proportions of students 
who are ELL, SPED, and economically disadvantaged; average teacher and administrator years of experience and 
level of education; the number of teachers in each school; and the ratio of teachers to evaluators in each school. 
Standard errors are clustered at the school level. 
 


