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Abstract 
 
 

Classroom disruption is often cited as an obstacle to effective teaching, yet little is known 

regarding how disruptive students influence classroom learning and teacher evaluation.   In this study, 

we show that students with serious behavioral difficulties substantially reduce the academic performance 

of their peers.  Since standard value-added models fail to account for these peer effects, we find that 

some teachers’ value added is penalized because of the students she is assigned.  Importantly, we show 

that the assignment of disruptive students to teachers is non-random, so these peer effects do not impact 

the evaluation of all teachers equally.  
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Disruptive Peers and the Estimation of Teacher Value Added 
 

I. Introduction 
 

Understanding classroom peer effects is important both for determining optimal student grouping 

patterns and for generally understanding the educational production function.  While classroom peer 

effects have been studied extensively, most research has focused on how the existence or absence of 

peer effects influences whether students should be tracked or placed in heterogeneous classrooms. 

While these considerations are first order, the existence of peer effects also implies that the 

educational production functions typically estimated in the literature omit an important input.  To the 

extent that these unmeasured peer inputs are correlated with other school and classroom inputs, 

estimates of non-peer inputs will be biased. This point is illustrated theoretically by Lazear (2001) in 

the context of estimating the returns to class size, but little research has examined the issue 

empirically. 

In this study, we consider the extent to which peer effects bias the estimated impact of other 

inputs by showing how students who are likely to be disruptive influence the estimation of teacher 

value added. While teachers are just one input whose estimated impact could be biased by peer 

effects, the use of value-added estimates in high-stakes personnel decisions makes it particularly 

important to correctly estimate teachers’ impacts.1    

Many different forms of peer interactions have the potential to bias value-added estimation; we 

illustrate the issue in the context of disruptive students for several reasons.  First, surveys of teachers 

and administrators frequently mention disruption as a major obstacle to learning (Figlio 2007). 

Research confirms that serious class disruption is a common occurrence, particularly in urban 

schools (Johnston, 2013; OECD, 2013).  Second, while it is common for researchers to control for 

                                                 
1 As of 2013, 40 states require that a teacher’s annual evaluation is based in part on her value added (Doherty and Jacobs 
2013). 
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average peer demographic and peer academic performance when estimating teacher value added, it 

is rare to control for measures of disruption.  Similarly, to the best of our knowledge, none of the 

value-added models currently in use to make high-stakes personnel decisions control for classroom 

disruption.   Third, while there is a large literature on classroom peer effects, most of this research 

focuses on how peer academic performance impacts one’s academic performance, and fewer studies 

explore how the non-cognitive attributes of one’s peers impact one’s academic performance.   

While disruption is frequently reported as an issue by teachers and administrators, datasets 

typically do not include direct measures of disruption, so researchers necessarily use student 

characteristics that proxy for disruption (Carrell and Hoekstra 2010; Fletcher 2009a, 2009b; Figlio 

2007; Friesen, Hickey, and Krauth 2010).  We follow this approach by using the diagnosis of an 

emotional disability to proxy for disruption. In the institutional context that we study, emotional 

disabilities are diagnosed primarily because students exhibit disruptive behaviors in school, and we 

show that emotional disability correlates strongly with disciplinary action such as suspension.2  That 

said, without data on actual in-class behavior, it remains possible that the peer impacts that we 

document are due to some non-disruptive characteristic of emotionally disabled students.3  

This article expands the literature on classroom peer effects in several ways.  First, we provide 

carefully identified evidence that peer non-cognitive attributes can influence academic achievement. 

Second, we use matched longitudinal data on students and teachers over a six-year period to show 

that the existence of these non-cognitive peer effects systematically influences the estimation of 

                                                 
2 Emotional disability is not a DSM medical diagnosis, but rather a designation used by schools to identify students in need of 
services due to their behavior.  As such, if a student’s disability does not manifest itself through school behavior, it will not 
be captured in our measure.  
3 While many students who are not ED transfer students may be disruptive, the extent of the disruption might differ between 
ED transfer students and other disruptive students. As such, we view our study as providing evidence that classroom 
disruption has the potential to meaningfully impact teacher value added, but we cannot provide empirical evidence as to the 
total impact of all forms of disruption on teacher evaluation. 
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teacher value added. We show that for a variety of value-added models currently being used in 

policy, teaching emotionally disabled (ED) students reduces a teacher’s estimated value added.   

Identifying the impact of disruptive students on their peers is difficult because of the well-known 

issues of homophily, reflection and common shocks.4 Our study addresses these concerns in several 

ways. First, we are able to address the possibility that students are non-randomly placed into 

classrooms by aggregating peer groups to the school-grade-year level and including a school-by-year 

fixed effect. Second, we focus on transfer students who were previously diagnosed as emotionally 

disabled to address concerns regarding reflection and common shocks (correlated effects).   Finally, 

we test for non-random sorting into grades and find that the arrival of an emotionally disabled 

transfer student is uncorrelated with all observable predetermined characteristics, suggesting that 

homophily is unlikely to bias estimates of the peer effects we document.  

Educational production functions invariably omit important inputs and we do not argue that this 

incompleteness necessarily leads to biased estimates of teacher quality. For example, parental and 

neighborhood inputs are rarely controlled for in value-added models, but since these inputs are likely 

to be highly correlated over time, controlling for lagged test score or student fixed effects plausibly 

addresses many concerns regarding these omitted inputs.  

Compared to omitting family or neighborhood characteristics, failing to control for peer effects 

presents a potentially more serious issue for value-added modeling for several reasons.  First, since 

classmates change each year, peer effects will be time varying, and thus lagged test score will not 

control for current peer effects.   Second, the majority of value-added models emphasize individual 

                                                 
4 “Homophily” refers to the idea that individuals may sort into groups based on their characteristics so that ego and peer 
outcomes will tend to be correlated in the absence of any peer effect.  “Common shocks” refers to the idea that all of the 
individuals in a peer group may be exposed to the same inputs so that their outcomes will be correlated in the absence of any 
peer effect.  “Reflection” refers to the difficulty between distinguishing the impact of peer characteristics on ego outcomes 
from the impact of ego characteristics on peer outcomes.   
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rather than peer controls, and these individual controls are unlikely to be good proxies for peer 

characteristics.  While some researchers have controlled for average peer achievement and 

demographics when estimating teacher value added, few school districts collect or use data on peer 

quality in measuring teacher quality (Kane 2014).  

If disruptive students were randomly assigned to teachers, then the peer effects we document 

would make the estimation of yearly teacher value added more noisy, but these estimates would 

remain unbiased. Conversations with principals suggest, however, that the classroom placement of 

disruptive students is a non-random decision, and our data bear this out.  We find that within a 

school-grade-year, emotionally disabled transfer students are nearly six percentage points more 

likely to be placed with male teachers. More broadly, we document non-random teacher assignments 

of many types of transfer students, providing clear evidence that the overall assignment of transfer 

students to teachers is not random. The systematic assignment of students to certain teachers may be 

optimal for student learning, but our study suggests that the practice imposes a cost on these 

teachers, particularly if value added is being used for high-stakes personnel decisions.  

While our study is focused on teachers, the tension we highlight between worker evaluation and 

task assignment is applicable to a variety of occupations.  For example, financial analysts are often 

times rewarded for accurate forecasts, but some analysts are assigned more difficult markets than 

others.  Similarly, universities evaluate professors based on teaching evaluations, but the material in 

certain courses may be more easily accessible and appealing to students. Though pay-for-

performance compensation schemes are theoretically effective at eliciting optimal effort, a critical 

difficulty in implementation is adjusting for task assignment difficulty.  In contexts where 

identifying task difficulty is imperfect, randomly assigning tasks to workers ensures a more fair 

assessment of worker productivity, but may reduce total productivity by failing to capitalize on the 
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comparative advantage of workers when assigning tasks.  Pay-for-performance schemes that fail to 

adjust for task difficulty create perverse incentives in which workers with a comparative advantage 

in difficult tasks aim to hide this information from employers.   

Relative to the evaluation systems in many other occupations, value-added models include 

substantial adjustment for task difficulty.  Teachers who are assigned low-achieving students are not 

penalized simply because their students perform below average at the end of the year.  That said, our 

study demonstrates that even value-added models are unable to fully adjust for task difficulty and as 

such, certain teachers are systematically misevaluated.  In contexts where value-added models are 

used for high stakes teacher evaluation, there is an important balance to strike between fair 

assessment and optimal task assignment.   

 

II. Related Literature  

We focus on peer effects generated by emotionally disabled students, but classroom disruption is 

a broader phenomenon and a growing body of literature documents a relationship between a variety 

of measures of disruption and peer achievement. For example, Carrell and Hoekstra (2010) show 

that students from homes with domestic violence reduce the performance of their peers.  Similarly, 

Aizer (2008) finds that unmedicated students with ADHD hurt the performance of their peers, but 

this effect dissipates once these students receive treatment.  As in Aizer (2008), Figlio (2007) finds 

that proxies for disruption can be context dependent since he shows that boys with “girls’ names” 

hurt the performance of their peers in middle, but not elementary school.  

There are several obstacles to studying the impact of disruption on peer outcomes.  First, 

disruption, and its diagnosis, are likely endogenous to teacher and peer quality and thus it is 

necessary to use pre-determined or exogenous determinants of disruption to instrument or proxy for 
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disruptive students. Second, as in all peer effects studies, it is necessary to address the possibility of 

common shocks (correlated effects) and homophily (sorting).  These issues are further complicated 

by the fact that elementary students typically interact for many years in a row, so focusing on past 

performance or past behavior does not fully address issues of reflection or common shocks. For 

example, a chaotic environment might cause marginal students to misbehave and also reduce mean 

academic achievement.  If the chaotic environment is caused by factors such as poor teacher quality, 

then this will lead to the appearance of peer effects, even if none exist.   

   The literature on non-cognitive peer effects uses a variety of empirical approaches, but the 

typical analysis uses within-school cohort variation in student characteristics to address issues of 

common shocks and homophily (Hoxby 2000; Carrell and Hoekstra 2010; Friesen, Hickey, and 

Krauth 2010; Lavy and Schlosser 2011; Neidell and Waldfogel 2010).  Studies with access to only a 

single cohort of students instead rely on school and student fixed effects, and assume that there are 

no time-varying unobserved student characteristics that determine the placement of students into 

classrooms (Figlio 2007; Fletcher 2009a, 2009b).  Though findings regarding the impact of non-

cognitive peer characteristics vary, studies that specifically consider disruption tend to find negative 

effects on peer performance.  

Since Hoxby (2000) and Neidell and Waldfogel (2010) consider the impact of gender and race 

composition, reflection and common shocks are impossible in their context.  However, studies that 

use potentially endogenous measures of peer behavior such as ED diagnosis or suspension rates 

require an instrument for disruption, and finding an appropriate instrument has proven difficult with 

standard data sources.  Figlio (2007) and Carrell and Hoekstra (2010) are able to address the 

possibility that one’s misbehavior may be caused by one’s peers by collecting data to construct novel 

instruments.  Figlio uses data on children’s names to identify boys with traditionally girls’ names as 
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an instrument for disruptive behavior. He shows that these boys have a higher propensity to 

misbehave in middle school and their peers’ test scores fall as a result.  Carrell and Hoekstra (2010) 

use whether a student comes from a home with domestic violence as an instrument for disruptive 

behavior. They similarly find that disruptive students reduce the academic performance of their 

peers.  

The study most similar to our own peer effects analysis is Kristoffersen et al. (2015), who 

consider the impact of three types of potentially disruptive students.  Using Danish registry data, 

they identify students whose parents have criminal records, whose parents are divorced, and who 

have a psychiatric diagnosis.  They then examine the impact of disruptive transfer students as 

measured by these three proxies for disruption.  As in our own study, they define peer groups at the 

grade level to avoid issues of classroom sorting and they include school fixed effects to focus on 

across-cohort variation within a school.  In their preferred specification, they find that transfer 

students with a preexisting psychiatric diagnosis reduce cohort level test scores by approximately 

0.02 standard deviations for reading and 0.01 for math.  Interestingly, although the population 

studied in their paper is quite different from the population we study, their estimates of the negative 

effects of disruptive students are quite similar to the estimates we present in Section VI. 

We are aware of no study that specifically considers the impact of disruption on teacher value 

added, but several papers have explored the sensitivity of value-added estimates to controls for peer 

characteristics.  Ballou et al. (2004) finds that value-added estimates are quite sensitive to the 

inclusion of peer characteristics, though they attribute this to a lack of variation in peer 

characteristics in their data, rather than an issue with the specification that omits peer characteristics.  
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They note that their estimates of the impact of peer characteristics are implausibly large, and as such, 

they discount these specifications.5  

In a working paper written in parallel with our own, Johnson, Lipscomb and Gill (2013) explores 

the importance of peer controls for value-added estimates and finds that value-added estimates are 

broadly robust to the inclusion of peer characteristics, though adding peer controls does result in a 

somewhat different ranking of teachers. Compared to our manuscript, their study is more focused on 

understanding how value-added estimates change when a large vector of peer characteristics are 

controlled for, as opposed to measuring the causal impact of any particular type of peer effect. As 

such, Johnson et al. (2013) take all peer characteristics as exogenous and do not attempt to address 

issues such as historical reflection, homophily, or common shocks.  

Though not the focus of their paper, Aaronson, Barrow and Sander (2007) examine how 

including measures of peer absence rates and peer achievement influence teacher value-added 

estimates at the high school level. They find that controlling for neighborhood and student 

characteristics along with peer absence and lagged peer performance reduces the across-teacher 

standard deviation of the value-added estimates by approximately one third.  Since their emphasis is 

on demonstrating that quality variation across teachers is not entirely explained by these factors, they 

do not specifically examine the extent to which peer controls impact teacher value added.  

Additionally, as they mention in the article, since teachers may influence the absence rate of their 

students, controlling for peer absence might be over-controlling. 

 

III. Institutional Background  

                                                 
5 Ballou et al. (2004) notes that their estimates of the impact of peer poverty are likely biased, though they do not speculate as 
to why.  One potential reason is that their model takes peer characteristics as exogenous and so the sorting of students to 
schools has the potential to bias estimates of the peer effect.     
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Serious emotional disturbance, or emotional disability, is one of the disabilities covered by the 

Individuals with Disabilities Education Act (IDEA), which governs how states provide interventions 

and services to disabled students. In North Carolina, students are identified as emotionally disabled 

by a team of evaluators including a regular teacher, a Special Education teacher, a licensed 

psychologist, a parent and a representative from the local education agency. Together they make the 

final decision on diagnosis that leads to an individualized education program. While students 

diagnosed with this disorder are a heterogeneous group, many of the behaviors typically used to 

diagnose an emotional disability can be directly linked to classroom disruption. For example, the 

screening and evaluation for emotional disability guidelines provided by the North Carolina 

Department of Public Instruction lists the following behaviors: “aggressive and authority challenging 

behaviors, overreaction to environmental stimuli, markedly diminished interest in activities, agitated, 

and physical manifestation of fear that have psychosomatic origin.”6  

Our data confirm the link between emotional disability and disruptive school behavior: students 

diagnosed with an emotional disability are 333 percent more likely to be suspended during sixth 

grade compared to other students.  Relative to other proxies for disruption, emotional disability is 

much more strongly related to school suspension.  For example, males with female sounding names 

are 25 percent more likely to be suspended (Figlio 2007) and exposure to domestic violence 

increases the number of disciplinary incidents by approximately 110 percent (Carrel and Hoekstra 

2010).    

 

IV. Data 

                                                 
6 This is not an exhaustive list of the behaviors that fit into one or more of the federally defined characteristics. For more 
examples and information see: http://ec.ncpublicschools.gov/instructional-resources/behavior-support/resources/screening-
and-evaluation-for-serious-emotional-disability. 
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This study uses restricted access student-teacher-matched data provided to us by the North 

Carolina Education Research Data Center (NCERDC). North Carolina’s public school data contains 

rich information on students, classrooms, teachers, schools, and districts.  It includes this information 

for all public school students in the state of North Carolina from 1995-2012. However, course 

membership information necessary for matching students accurately to classrooms is unavailable 

before 2006 and incomplete for that year. Therefore, we use data from 2007-2012 for the present 

analysis. 

To create our estimation sample we start with student test score data from 2006-2012. We restrict 

it to fourth and fifth graders in the years 2007-2012, using 2006 to obtain baseline test scores. 

Additionally, we include only students who have taken mainstream standardized tests in math and 

reading and who have a baseline test score.  Finally, to determine math and reading classrooms and 

their associated teachers, we use the 2007-2012 course membership data. These data allow us to 

match students to their official subject-specific classrooms and teachers.  While our administrative 

data minimizes the extent of measurement error compared to a survey, there is likely some degree of 

measurement error in classroom assignments because students occasionally move between 

classrooms mid-year and some elementary schools use informal ability grouping that may not be 

reported in our data. 

Table 1 shows the descriptive characteristics for the entire student sample, the sample of 

emotionally disabled (ED) students, and the ED transfer students that we use to identify disruption. 

ED transfer students have very different characteristics than the average student in our sample, and 

are somewhat lower performing than the average ED student. For example, compared to the average 

student, ED transfer students are thirty-four percentage points more likely to be male, twenty-eight 

percentage points more likely to be African American, and thirty percentage points more likely to 



 12

come from an economically disadvantaged home.  ED students also perform worse academically, 

scoring 0.98 standard deviations below average in math and 0.87 standard deviations below average 

in reading.7 ED transfer students are more likely to be assigned black teachers and are somewhat 

more likely to be assigned teachers with an advanced degree.  

While different from the average student, ED transfer students share more similarities with the 

average ED student, as can be seen by comparing columns 3 and 4 to 5 and 6. For example, ED 

transfer students are only two percentage points more likely to be male, six percentage points more 

likely to be African American, perform only 0.1 standard deviations lower on their baseline math 

and reading tests, and tend to be placed in slightly smaller classrooms. That said, ED transfer 

students might be more disruptive than their observable characteristics would predict since they have 

been recently thrust into a new, unfamiliar environment and their school move likely occurred 

simultaneously with other shocks such as a residential move or parental divorce. The descriptive 

statistics in Table 1 suggest that ED transfer students are quite different from the average student and 

consequently might not be assigned to the same types of classrooms as the average student.  

In order to directly examine the degree to which ED transfer students are non-randomly placed 

into classrooms, we examine the characteristics of classrooms with and without an ED transfer 

student. Comparing columns 1 and 3 in Table 2 shows that classrooms with an ED transfer student 

are considerably different than classrooms without an ED transfer student: about six percentage 

points more male, ten percentage points more African American, and eleven percentage point more 

economically disadvantaged.  

While students in classrooms with an ED transfer student score 0.35 standard deviations lower 

on their math achievement test, it would be wrong to interpret this difference as the causal effect of 

                                                 
7 Test scores have been normalized such that grade-by-year test score have mean zero with a standard deviation of one. 
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the ED transfer student.  This difference must be partly driven by student sorting since students who 

are in classrooms with an ED transfer student also scored 0.30 standard deviations worse on their 

math test in the previous year.  

Simple empirical models using classroom variation will fail to control for the non-random 

selection of students in classrooms. Furthermore, even models that include school fixed effects may 

be biased since students can be sorted to classrooms within schools. For this reason we use grade 

variation in exposure to an ED transfer student combined with school-by-year fixed effects to 

identify estimates. In Section VI we test for and fail to find evidence that student sorting drives grade 

variation in ED transfers.   

 

V. Empirical Approach 

A. Peer Effect on Student Achievement 

Identifying and estimating the impact of high-needs children on their peers is complex due to 

issues of common shocks, reflection, and homophily (Manski 1993; Moffitt 2001). In our context, in 

order to identify the impact of peer effects, we must assume  

1) Conditional on student and classroom controls, students who are exposed to an ED 

student are comparable to those who are not (no homophily). 

2) Emotional disability diagnosis and peers’ academic achievement are not 

simultaneously determined (no reflection).  

3) There exist no unobservable inputs that determine both ED diagnosis and peer 

achievement (no common shocks). 

Assumption 1 is unlikely to hold at the classroom level since Sections IV and Section VI show 

that classrooms with an ED transfer student have different observables both across and within 
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schools. This evidence suggests that unless we have an instrument that creates random variation in 

classroom formation, classroom variation should not be used to identify the effect of exposure to an 

ED transfer student on student achievement. We address endogenous peer formation by defining 

peer groups at the grade level and including school-by-year fixed effects. Past studies have used this 

same aggregation strategy to address homophily (Friesen, Hickey, and Krauth 2010; Carrel and 

Hoekstra 2010; Hoxby 2000). In Section VI we test directly for endogeneity of peers at the grade 

level, and find no evidence of it.  

Assumption 2 requires that a student’s emotional disability is not simultaneously determined 

with his peers’ achievement. This assumption will be violated if peer achievement or behavior can 

cause a classroom environment in which marginal students are more likely to be diagnosed as 

emotionally disabled. To limit the possibility of reflection, we focus on transfer students who were 

diagnosed as emotionally disabled in their previous school, before being transferred. In our context, 

reflection is very improbable since new transfer students are unlikely to have ever had exposure to 

their current peers.8 

Assumption 3 fails if common inputs cause both student performance and student behavior. For 

example, if an ineffective teacher contributes to ED diagnosis and reduced student performance, then 

it will appear that ED students reduce peer performance.  For students who do not transfer schools, 

using a lagged measure of ED diagnosis only partly addresses this concern if achievement and 

diagnosis are persistent over time. The fact that we use past diagnosis of emotional disability of 

transfer students addresses this concern because transfer students do not share common inputs with 

their new peers until they arrive at their new school. 

In light of the above issues, our preferred model is: 

                                                 
8 Student relocations have been previously used in the peer effect literature to resolve reflection (Imberman, Kugler, and 
Sacerdote, 2012). 
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1 	  

where Y  is a subject-specific test score of individual i in grade g in school s at time t, 

	GradeEDTS  is an indicator set to 1 if the grade in school s at time t has an emotionally disabled 

transfer student,	Y ‐  is the lagged subject specific test score, X  is a vector of student 

demographic information at time t, G  is a vector of grade-level peer characteristics of grade g in 

school s at time t, θ  is a school-by-year fixed effect, λ  is a grade-by-year fixed effect, and ε  is 

an error term. Empirical specifications of education production functions with student lagged test 

scores on the right hand side are widely used because they are more flexible than gains models and 

can partly control for dynamic achievement-based sorting (Kane and Staiger 2008).  

While equation (1) is our preferred specification, in the results section, we also show estimates 

that exclude the school fixed effects and the peer demographic and peer achievement controls to help 

describe the robustness of the result and establish the basic patterns in the data. In all of our models 

we cluster the standard errors at the school-by-year-by-grade level, as this is the level of identifying 

variation.  

B. Peer Effect on Teacher Value-Added 

To evaluate how classroom disruption impacts estimated value added, we implement a two-step 

procedure. First, we estimate value added for every teacher in each year that they teach.9  We allow 

value added to be time varying to mimic the value-added models typically used in policy. We then 

use these teacher-by-year value-added estimates as the dependent variable to assess whether teacher 

value added differs in years when a teacher teaches in a grade with an ED transfer student.  We use 

                                                 
9 Since many school districts only evaluate regular classroom teachers based on value added, we drop special education 
teachers from all analyses of teacher value added. Analyses that include special education teachers yield slightly larger point 
estimates and similar standard errors. 
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grade, rather than classroom variation to address concerns that teachers are being sorted to particular 

classrooms within a grade (Rivkin et al. 2005).   

Since different value-added models may yield different estimates, we consider three policy-

relevant value-added models.  The first model, which we refer to as the gains model, is very similar 

to the value-added models used in the Dallas DVASS model.  In this model, we predict test score 

gains, adjusted for student-level covariates, to generate estimates of teacher-by-year value added.  

The second model is the value-added model currently in use by New York City and is also very 

similar to the model used by the Washington, DC public schools.  This model controls for lagged 

test scores, student-level covariates and basic mean peer characteristics.  The third model is based on 

one of the models used by the Los Angeles Times in their release of individual-level value-added 

estimates for teachers in the LAUSD.  This model includes peer characteristics and student fixed 

effects in estimating teacher-by-year value added.  

The three value-added models that we estimate are shown explicitly in equations (2a)-(2c)10: 

       	 2 	∆ 	 

								 2 	  

                                     2 	∆ 	  

Y  is subject-specific test score of individual i matched to subject-specific teacher j in classroom 

c in grade g in school s at time t, Y ‐  is lagged subject-specific test score of individual i 

matched to subject specific teacher j in classroom c in grade g in school s, X  is a vector of student 

                                                 
10 Student controls in (2a) and (2b) include dummies for male, race (African American, Hispanic, White), limited English 
proficient, economically disadvantaged, non-transfer emotionally disabled, emotionally disabled transfer, low-achieving 
transfer, other transfer, and other disability. Model (2b), in addition to the subject-specific lagged achievement, also includes 
other subject-lagged achievement. Classroom controls in models (2b) and (2c) include proportion male, African American, 
Hispanic, White, limited English proficient, economically disadvantaged, non-transfer emotionally disabled, and other 
disability, and class size and average lagged achievement in math and reading. 
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demographic information at time t, C  is a vector of classroom-level characteristics of classroom c 

with teacher j in school s at time t, 	are year dummies,  are grade dummies, μ  are teacher-by-

year fixed effects,  is a student fixed effect and ε 	 is an error term. 11 

Using the teacher-by-year value-added estimates as the dependent variable, we examine the 

impact of exposure to an ED transfer student.  Analogous to equation (1), we estimate (3): 

3 	  

where	μ   is the estimated subject-specific teacher effectiveness for teacher j in school s at time t, 

	TeachGradeEDTS 	is an indicator equal to 1 if the teacher j in school s at time t teaches in a grade 

with an ED transfer student.  Depending on the specification, we also include a school fixed effect, a 

school-by-year fixed effect or a teacher-by-school fixed effect. All standard errors are clustered at 

the school-by-year-by-grade level. 

 

VI. Results 

A. Peer Effect on Student Achievement 

Table 3 reports the effects of grade exposure to an ED transfer student on the math and reading 

achievement of other students. The first four columns show the effect for math achievement, and the 

last four columns report the estimates for reading achievement. Column 1 reports OLS estimates 

controlling for student-level demographics, lagged student achievement in math, and grade-by-year 

                                                 
11 Because classroom composition is perfectly collinear within a teacher-year, we estimate the classroom composition effect, 
using a three-step procedure as described by Isenberg and Walsh (2013) and used by NYC and DC.  First we run 
specifications similar to (2b) and (2c), except that the teacher-by-year fixed effects are replaced with teacher-by-school fixed 
effects. This allows us to compare multiple classrooms for a teacher over time, which breaks the perfect collinearity between 
teacher and classroom composition. In step two, we use the estimated impact of classroom composition to calculate an 
adjusted subject-specific test score that nets out the contribution of the classroom characteristics.  In the final step, we use the 
adjusted subject-specific scores in place of the actual test scores, and estimate (3), omitting classroom variables from the 
specification.   
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dummies.12 In columns 2 and 6, school fixed effects are added, in columns 3 and 7, school-by-year 

fixed effects are included in place of school fixed effects, and in columns 4 and 8, grade-level peer 

characteristics are added.13  

The results shown in Table 3 provide evidence that emotionally disabled students impact the 

math scores of their peers. Estimates for math drop by 43 percent when school fixed effects are 

added (column 2) but remain fairly stable (and statistically indistinguishable) when subsequently 

adding school-by-year and peer characteristics. The relative stability of the estimates in columns 2 

through 4 is reassuring since it suggests that ED students do not systematically transfer to grades 

with different student characteristics.  The fact that the estimated peer effect falls considerably when 

adding school fixed effects suggests that ED students tend to transfer to schools with lower-

achieving students.  

For reading, the estimates drop by more than half when school fixed effects are included (column 

6), and stay statistically the same in magnitude, but become insignificant across more controlled 

specifications. In our preferred specification, shown in columns 4 and 8, a single emotionally 

disabled student causes the average performance of other students in the grade to be reduced by 

0.017 standard deviations in math and 0.006 standard deviations in reading.14   

To put our estimates in perspective, it is worth converting our estimates to approximate days of 

learning, as in Reardon (2011).  Based on his estimates, average learning is approximately 0.3 

                                                 
12 The student-level demographics include a male gender dummy, race dummies (African American, Hispanic, and White), a 
dummy for being economically disadvantaged, a dummy for limited English proficiency, a dummy for non-transfer 
emotionally disability, and a dummy for other disability. 
13 The grade-level peer controls include proportion male, proportion African American, proportion Hispanic, proportion 
White, proportion limited English proficiency, proportion economically disadvantaged, proportion non-transfer emotionally 
disabled, proportion other disability, and average subject-specific lagged achievement. 
14 Finding a smaller impact on reading scores is a consistent finding in the literature.  The most likely explanation is that most 
math learning occurs at school, whereas reading is more likely to be learned both at school and at home.  
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standard deviations per year, and thus an effect of 0.017 corresponds to approximately a 6 percent 

reduction in school-year equivalents, or about two weeks less learning.  

These findings are consistent with the literature on academic externalities associated with 

disruptive peers (Carrel and Hoekstra 2010; Figlio 2007; Friesen, Hickey, and Krauth 2010; 

Fletchera,b 2009).  That said, in comparing our estimates to some papers in the literature (e.g. 

Fletcherb 2009), it is important to keep in mind that we estimate our effects at the grade, rather than 

classroom level.15 Our estimate is most directly comparable to Kristoffersen et al. (2015) since they 

also aggregate peer groups to the grade level and examine the impact of transfer students with 

psychiatric diagnoses. Compared to Kristoffersen et al. (2015), our estimates are larger in math and 

smaller in reading, but the general range of estimates is similar. 

To explore whether the impact of ED transfer students can be explained by their transfer status or 

by the fact that they are low-achieving, in Table 4 we show how the estimated impact of ED transfer 

students changes when we control for the proportion of students transferring into a grade as well as 

whether there is a low-achieving transfer student entering the grade. For the reader’s convenience, 

Columns 1 and 4 of Table 4 replicate the preferred estimates from columns 4 and 8 of Table 3.  

Columns 2 and 5 show that controlling for the proportion of transfer students in the grade modestly 

reduces the ED transfer student coefficient.  Columns 3 and 6 show that low-achieving transfer 

students do not appear to hurt their peer’s performance as much as ED transfer students, suggesting 

                                                 
15 Estimating peer effects at the grade level is similar to using grade-level variation to instrument for having an ED transfer 
student in one’s classroom.  In fact, our preferred specification is simply the reduced form from that IV specification.  To 
estimate the IV specification, one simply scales up our estimate of 0.017 based on the inverse probability that a student is in 
classroom with an ED transfer student, given that they are in a grade with an ED transfer student. We opt not to estimate the 
peer effects using the IV specification because this specification assumes that students have no interaction with students in 
their grade outside of their classroom, an assumption we find implausible. This is particularly implausible at the elementary 
level where students often mix across self-contained classrooms for special math or reading classes.  In our data, we have no 
information regarding this sort of informal classroom assignment.  That said, when the IV specification is used, our estimate 
is that ED transfer students reduce classroom peer performance by 0.101 standard deviations which is on par with the 
literature.   
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that the ED transfer student effect is not simply due to the fact that ED transfer students tend to be 

low performing. In any case, for the analysis of teacher value added, it is unimportant whether 

classroom disruption or some other channel drives the peer effects, so long as a peer effect exists.  

Though not the focus of our analysis, it is interesting to note that consistent with the results in 

Hanushek, Kain and Rivkin (2004), Table 4 shows that increasing the proportion of transfer students 

in general reduces student performance. 

B. Specification Tests 

To test for whether emotionally disabled transfer students endogenously enter particular grades 

in a school, we examine whether predetermined student characteristics predict whether or not one’s 

school-grade-year has an ED transfer student. Specifically, we regress an indicator for whether or 

not the student is in a grade with an ED transfer student on student characteristics, school-by-year 

fixed effects and grade-by-year fixed effects.  While our preferred estimates will only be biased if 

ED students sort to particular grades, we also examine whether ED students sort into particular 

classes within a school using the same approach.  The idea behind these tests is to see whether ED 

transfer students enter grades or classes that were likely to perform poorly in any case. 

These results are presented in Table 5. Column 1 shows results for the classroom-level 

regression, and column 2 shows the results for the grade-level specification. We find that a number 

of predetermined student characteristics such as gender, Hispanic ethnicity, previous emotional 

disability, and pretest scores are predictive of the probability of being assigned a classroom with an 

ED transfer student within a school and year. For example, a student classified with an emotional 

disability in a previous year is 7.5 percentage points more likely to get assigned to a class with an 

ED transfer student. These results suggest that ED transfer students are systematically placed into 
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certain classrooms and thus, across-class variation cannot be used to identify the impact of peer 

effects.    

Column 2 of Table 5 shows that when we use grade variation within a school and year, we find 

that none of the student characteristics predict assignment to grades with an ED transfer student. 

This suggests that conditional on school-by-year fixed effects, ED transfer students are not 

systematically placed into grades with certain types of students.16 

C. Teacher Value-Added 

Table 6 presents the results from estimating equation (3): the effect of having an ED student in 

the grade on teacher value added. We measure ED exposure at the grade, rather than classroom 

level, since Table 5 shows that ED students are systematically sorted towards certain classes. In 

these specifications, we restrict the analysis to regular education teachers to ensure that special 

education teachers do not drive the results.  This focus makes sense from a policy perspective since 

most special education teachers are not evaluated based on value added.17  

Columns 1 through 3 show that regardless of the choice of value-added model, teachers are 

evaluated as less effective when they are in a grade with an ED student.  Based on these results 

alone, however, it would be wrong to conclude that the ED students are causing the reduction in 

value added, because it is possible that ineffective teachers are more likely to work in schools that 

have more ED transfer students.  To address this possibility, in columns 4 and 5 of Table 6, we use 

the same dependent variable as in column 3, but we add school or school-by-year fixed effects to the 

model relating ED students to teacher value-added. These models use within-school variation in 

                                                 
16 Since not all students take both math and reading classes, there are slightly different samples for the math and the reading 
analyses. The specification tests shown in Table 5 use the sample of students in math classes but the results are qualitatively 
and quantitatively the same for the sample of students in reading classes. These results are available from the authors upon 
request.  
17 All estimates are nearly identical when we include special education teachers in the analysis. 
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exposure to ED students to test whether teachers in grades with an ED student are evaluated as 

worse than other teachers in the same school.   

Though student sorting to teachers within a grade cannot bias our estimates (since we aggregate 

to the school-grade-year level) it remains possible that lower-quality teachers are placed into grades 

that will have ED transfer students. We investigate this possibility by adding teacher-by-school fixed 

effects to the model that predicts teacher value added.  Essentially, this specification uses across-

time variation in exposure to ED transfer students to compare teachers to themselves.  Column 6 of 

Table 6 shows that teachers are evaluated as having lower value added (relative to themselves) in 

years that they are in a grade with an ED student.  Past research has found that there exists 

substantial within-teacher year-to-year variation in value-added estimates (McCaffrey et al. 2009).  

The result shown in column 6 suggests that a portion of this variation in teacher value added is 

attributable to peer effects.  

In interpreting the magnitudes of the estimates shown in Table 6, it is important to keep in mind 

that the dependent variable is teacher value added—not student test scores.  Our estimates imply that 

teacher value added for math is approximately 0.01 student standard deviations lower because of the 

ED student.  Since the standard deviation of teacher value added is approximately one-fifth of the 

standard deviation of student test scores, our effect size corresponds to approximately 5 percent of a 

standard deviation decrease in teacher value added.  The magnitude of our estimate suggests that few 

teachers will be grossly misevaluated as a result of the peer effects that we study, but the estimate is 

large enough to be of substantive significance. Also, we are identifying the impact of just one type of 

peer effect, so it remains possible that the overall importance of peers in the estimation of value 

added is substantial.  Though a complete investigation of how all peer effects influence teacher value 
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added is beyond the scope of this paper, Table 7 shows that teachers also have lower estimated value 

added in years in which they are teaching a grade with a higher proportion of transfer students.  

D. Systematic Placement of ED Students 

If ED transfer students were randomly assigned to teachers, peer effects might cause biased 

assessments of teacher quality in particular years, but over the long run, no teacher would be 

systematically penalized.  For a principal interested in maximizing the learning of her students, 

however, it makes little sense to randomly assign ED transfer students to teachers since certain 

teachers may be better equipped to handle these students.  If some teachers are repeatedly assigned 

more difficult students and value-added estimates fail to account for disruption, certain teachers will 

have lower estimated value added, even when measured over many years.  Importantly, the value-

added measure for these teachers would accurately reflect the amount of learning that occurs in their 

classrooms, but it would not accurately reflect the teachers’ skill or effort.   

Past work has documented that students in general are systematically sorted to teachers 

(Clotfelter, Ladd and Vigdor 2006; Rothstein 2009; Kalogrides, Loeb and Béteille 2013), but we are 

not aware of any work that studies the within-school sorting of transfer students.18  We contribute to 

this literature on student sorting by investigating whether ED transfer students are plausibly 

randomly assigned to teachers within a school.  In addition to specifically documenting the sorting 

patterns of ED transfer students, we investigate the sorting patterns of transfer students in general, as 

it is possible that transfer students are less likely to be sorted to particular teachers than non-transfer 

students since principals have more limited information about new transfer students when making 

classroom assignments.   

                                                 
18 While our manuscript focuses on estimating the impact of ED transfer students, peer effects likely exist for all types of 
students, so the general sorting of students to teachers documented in past work suggests that peer effects may contribute to 
systematically biased estimates for certain teachers. 
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To investigate whether certain types of transfer students are systematically assigned certain types 

of teachers, we use student characteristics to predict teacher characteristics, conditional on a school-

by-year-by-grade fixed effect.  If transfer students are randomly assigned to teachers within a school, 

we should find that none of the student characteristics predict any of the teacher characteristics.  

Specifically, we estimate a series of regressions where the dependent variable is a teacher 

characteristic and the independent variables are indicators for whether the student is a transfer 

student, an ED transfer student, a low-achieving transfer student, a black transfer student, a Hispanic 

transfer student, or a male transfer student.  The coefficient on the transfer status indicator is thus an 

estimate of the sorting behavior of transfer students who are not ED, low achieving, black, Hispanic 

or male. We restrict the analysis to regular education teachers to ensure that results are not driven by 

special education teachers. Furthermore, for each regression, we restrict the analysis to school-year-

grades that have variation across teachers for the particular characteristic.  For example, when 

predicting whether students are assigned a male teacher, we restrict the sample to grades in which 

there is at least one male teacher and one female teacher, since in grades with no male teachers, the 

coefficient will be zero by construction. In interpreting the results of these regressions, we are 

focused on correlations rather than a causal interpretation since we are simply describing how a 

variety of factors correlate with student assignment.  

Column 1 of Table 8 shows that emotionally disabled, low-achieving and male transfer students 

are all more likely to be assigned male teachers compared to non-transfer students. Column 2 shows 

that transfer students in general are assigned less experienced teachers and this effect is particularly 

large for low-achieving and minority students.19  Columns 3 and 4 show evidence of racial and 

                                                 
19 Feng (2010) finds that more experienced teachers are less likely to be assigned special education students in general, but 
does not specifically consider transfer students. Feng’s findings imply that early career teachers may be penalized if special 
education students impose negative peer effects on their classmates.     
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ethnic sorting such that black students are more likely to be assigned black teachers and Hispanic 

students are more likely to be assigned Hispanic teachers. Column 5 shows that low-achieving 

transfer students are slightly less likely to be assigned to teachers with a master’s degree and male 

transfer students are slightly more likely to be assigned to teachers with a master’s degree.  Overall, 

Table 8 shows that the assignment of transfer students to teachers is clearly not random.  

The non-random assignment of students to teachers documented in Table 8 suggests that the 

value-added estimates of some teachers may systematically be penalized, but a key question is 

whether this systematic sorting of students to teachers is efficient overall.  Systematic sorting has the 

potential to benefit students by more appropriately matching teacher skills to student needs. That 

said, systematic sorting could also be driven by advantaged students demanding the best overall 

teachers or the best teachers using political capital to obtain more desirable student assignments.  If 

students are systematically sorted to teachers for reasons other than optimizing student achievement, 

then the practice may harm certain teachers with little benefit to student achievement.  On the other 

hand, if students are systematically sorted to optimize student-teacher match quality, then even 

though systematic assignments may unfairly penalize certain teachers, the practice could improve 

overall efficiency.20  

  

VII. Conclusion 

The landscape for high-stakes teacher evaluation policies has changed dramatically over the last 

five years. Since 2009, 25 states and the District of Columbia have adopted policies that require 

                                                 
20 A rigorous assessment of the overall benefits of systematic sorting is beyond the scope of this paper, since this analysis 
would need to incorporate two complex phenomena.  First, it would need to incorporate a thorough understanding of which 
students should be assigned to which teachers.  Second, it would need to incorporate a model of how bias in value-added 
estimates impacts teacher quality.  This latter question is complex since biased value-added estimates can impact teacher 
quality by reducing the efficacy of incentive schemes based on value-added estimates and also by directly altering the 
composition of the teaching workforce in cases where value added is used for high-stakes decisions.   
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teacher evaluation to include objective measures of student achievement. More strikingly, the 

number of states that require student growth to be the major criterion in teacher evaluation increased 

by 500 percent, going from 4 to 20 states including D.C. in 2013 (Doherty and Jacobs 2013). As 

evaluations of teachers continue to rely more heavily on teacher value-added estimates, it is 

important that policy makers are aware of the limitations and strengths of these estimates.   

Given the difficulty of credibly identifying the impact of peer effects, we do not attempt to give a 

full characterization of how teacher value added is impacted by all types of peer effects.  Instead, we 

show that a particular type of peer effect—namely the impact of emotionally disabled students—

moderately biases the evaluation of teacher value added. While we focus on providing empirical 

evidence for this peer effect, it is likely that other forms of peer effects also influence the estimation 

of teacher value added, such that the total bias caused by peer interactions could be quite large.  

In a recent influential paper, Chetty, Friedman and Rockoff (2014) provide evidence that value-

added models yield approximately unbiased estimates of teacher quality and that these value-added 

estimates correlate with long-run student outcomes. Though these results have recently been 

challenged (Rothstein 2014), a correlation between long-run outcomes and value added is consistent 

with our results for several reasons.  First, our results imply that value-added estimates will be only 

modestly biased—well within the standard error of the Chetty et al. estimates.  Second, Chetty et al. 

(2014) find relatively weak correlations across years within a teacher, allowing for the possibility 

that year-to-year variation is partly driven by factors such as changes in peer composition not 

captured by their controls.  Finally, the correlation between long-run outcomes and teacher value 

added is completely consistent with the notion that students learn less when their peers are 

disruptive. The smaller learning gains made by these students could plausibly impact long-run 

outcomes, and as we show, teacher value added is reduced as well. In the presence of important peer 
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effects, basic value-added models may still correctly identify student learning, but they do not 

necessarily identify teacher quality.  

As school districts increasingly rely on value-added models for high-stakes personnel decisions, 

principals should be aware that these models do not fully adjust for classroom composition. Teachers 

that are consistently given difficult classrooms may be evaluated to be less effective than teachers 

given less difficult students, even if their true quality is equivalent. Male teachers may be at 

particular risk of being unfairly evaluated since we find that ED transfer students are 

disproportionately assigned to male teachers.  Koedel (forthcoming) suggests that value-added 

models can be modified to include a “proportionality” adjustment that ensures that poorer schools 

are not penalized for the students they teach.  While theoretically a similar adjustment could be made 

at the teacher level to address unequal student assignment across teachers, these adjustments can 

only be implemented based on observable characteristics, and we suspect that most of the teacher 

characteristics principals use to determine the assignment of disruptive children are not measured in 

standard administrative data. That said, to the extent that disruptive students tend to be found at 

poorer schools, across-school proportionality adjustments can address differences in the 

consequences of peer effects across schools by ensuring that the distribution of teacher value added 

at poorer schools is similar to that at richer schools. Within schools, however, forcing that the 

teachers assigned disruptive students have similar value added to the teachers not assigned disruptive 

students is likely untenable because the underlying distribution of quality may differ substantially 

between these two groups, and much disruptive behavior is unobserved or endogenous to teacher 

practice.   

As discussed in Lavy, Paserman, and Schlosser (2011), students may impact their peers through 

a variety of channels. While beyond the scope of the current paper, it would be interesting for future 
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work to disentangle whether the peer effects we estimate are attributable to direct classroom 

disruption or to teachers altering their instruction (or time allocation) as a result of the ED student.   

While our study demonstrates one limitation of value-added estimates, it is important to note that 

we provide little evidence on the question of whether school districts should use value added for 

high-stakes teacher evaluation. First, it is very possible that observation-based evaluations are also 

subject to bias from peer effects.  Though observers aim to evaluate teacher quality, observer 

perception of quality may be influenced by classroom composition (Whitehurst, Chingos and 

Lindquist 2014).  Second, the magnitude of the bias we document is sufficiently modest so that the 

cost of unfairly evaluating some teachers may be outweighed by other benefits of value-added 

evaluation.  Finally, regardless of any limitations in the estimation of teacher value added, policies 

that evaluate teachers based on value added may induce effort that improves student achievement 

(Dee and Wyckoff 2013). 
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mean sd mean sd mean sd
Male 0.50 0.50 0.82 0.39 0.84 0.37
African American 0.26 0.44 0.48 0.50 0.54 0.5
Hispanic 0.12 0.32 0.02 0.15 0.03 0.16
White 0.54 0.50 0.43 0.49 0.35 0.48
Limited English proficiency 0.07 0.25 0.01 0.11 0.02 0.13
Economically disadvantaged 0.51 0.50 0.76 0.43 0.81 0.39
Suspended in 6th grade 0.12 0.32 0.52 0.5 0.54 0.5
Reading score 0.00 1.00 -0.76 1.02 -0.87 0.97
Math score 0.00 1.00 -0.83 0.99 -0.98 0.93
Reading pretest 0.04 0.97 -0.70 1.00 -0.8 0.96
Math pretest 0.04 0.97 -0.75 0.95 -0.85 0.89
Male teacher 0.08 0.28 0.12 0.32 0.12 0.33
African American teacher 0.2 0.4 0.31 0.46 0.37 0.48
Hispanic teacher 0.01 0.08 0.01 0.07 0.004 0.06
White teacher 0.78 0.42 0.68 0.47 0.62 0.49
Teacher experience 11.34 9.16 11.34 9.00 10.86 8.83
Teacher with advanced degre 0.3 0.46 0.33 0.47 0.35 0.48

Observations

Table 1: Summary Statistics

All Students Emotionally Disabled 
Students

Emotionally Disabled 
Transfer Students

1311480 3902 1128



mean sd mean sd
Proportion male 0.51 0.14 0.57 0.18
Proportion African American 0.28 0.27 0.40 0.31
Proportion Hispanic 0.12 0.15 0.11 0.13
Proportion White 0.53 0.31 0.42 0.32
Proportion limited Englich proficiency 0.07 0.12 0.07 0.10
Proportion economically disadvantaged 0.54 0.28 0.66 0.27
Teacher experience 11.59 9.20 10.92 8.69
Class size 22.65 11.48 20.39 12.77
Math pretest score -0.02 0.61 -0.32 0.63
Reading pretest score -0.02 0.59 -0.29 0.62
Math score -0.07 0.64 -0.42 0.68
Reading score -0.07 0.61 -0.39 0.66
Observations 59359 677

Table 2: Summary Statistics of Classrooms With and Without an Emotionally Disabled Transfer Student

Classroom without EDTS Classroom with EDTS



(1) (2) (3) (4) (5) (6) (7) (8)
Math Math Math Math Reading Reading Reading Reading

Grade has an EDTS ‐0.0339*** ‐0.0192*** ‐0.0157** ‐0.0168*** ‐0.0237*** ‐0.0098** ‐0.0062 ‐0.0064
(0.0064) (0.0056) (0.0062) (0.0061) (0.0044) (0.0039) (0.0039) (0.0039)

Student controls Yes Yes Yes Yes Yes Yes Yes Yes
Grade controls No No No Yes No No No Yes
School FE No Yes No No No Yes No No
School-by-year FE No No Yes Yes No No Yes Yes

Observations 1164306 1164306 1164306 1164306 1156700 1156700 1156700 1156700
Notes: All models include student controls (male, African American, Hispanic, White, limited English proficiency, economic disadvantage, non-transfer 
emotionally disabled, other disability, and the subject specific pretest score), and grade-by-year dummies. Grade controls refer to proportion male, African 
American, Hispanic, White, limited English proficiency, economically disadvantaged, non-transfer emotionally disabled, other disability, and average subject 
specific lagged achievement. Standard errors clustered at the school-by-year-by-grade level are shown in parentheses. (* p<0.10  ** p<0.05   *** p<0.01)

Table 3: Estimates of Exposure to an Emotionally Disabled Transfer Student on Math and Reading Test Scores



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

Grade has an EDTS -0.0168*** -0.0143** -0.0144** -0.0064 -0.0047 -0.0047
(0.0061) (0.0060) (0.0060) (0.0039) (0.0039) (0.0039)

Proportion other 
transfer students -0.0434*** -0.0422*** -0.0386*** -0.0382***

(0.0133) (0.0133) (0.0125) (0.0125)

Grade has low 
achiveing transfer 
student

-0.0059 -0.0018

(0.0039) (0.0024)

Student controls Yes Yes Yes Yes Yes Yes
Grade controls Yes Yes Yes Yes Yes Yes
School-by-year FE Yes Yes Yes Yes Yes Yes

Observations 1164306 1164306 1164306 1156700 1156700 1156700
Notes: All models include student controls (male, African American, Hispanic, White, limited English proficiency, economic 
disadvantage, non-transfer emotionally disabled, other disability, and the subject specific pretest score), and grade-by-year 
dummies. Grade controls refer to proportiont male, African American, Hispanic, White, limited English proficiency, 
economically disadvantaged, non-transfer emotionally disabled, other disability, and average subject specific lagged 
achievement. Standard errors clustered at the school-by-year-by-grade level are shown in parentheses.                                      
(* p<0.10  ** p<0.05   *** p<0.01)

Table 4: Estimates of Exposure to an Emotionally Disabled Transfer Student and Other Transfer        
Students on Math and Reading Test Scores



(1) (2)
Estimated at 

Class
Estimated at 

Grade

Male 0.0006*** -0.0001
(0.0001) (0.0002)

African American -0.0002 -0.0006
(0.0004) (0.0005)

Hispanic -0.0010** 0.0004
(0.0005) (0.0006)

White -0.0002 -0.0003
(0.0004) (0.0004)

Previouse emotional disability 0.0753*** -0.0035
(0.0073) (0.0030)

Math pretest -0.0009*** 0.0000
(0.0002) (0.0003)

Reading pretest -0.0004** -0.0001
(0.0002) (0.0002)

Grade has an emotionally disabled 
transfer student 0.1677*** -

(0.0044)
School-by-year FE Yes Yes
Observations 1154589 1154589
Notes: All models include grade-by-year dummies. The samples refer to students 
in math classes. Standard errors clustered at the school-by-year-by-grade level are 
shown in parentheses.(* p<0.10 ** p<0.05 *** p<0.01)

Table 5: Predicting Probablility of Exposure to an Emotionally 
Disabled Tranfer Student



(1) (2) (3) (4) (5) (6)
Model used to caluclate value added: Gains Student fixed-effect

Panel A. Math Teachers
Teaches math in grade with an 
emotionally disabled student -0.0229*** -0.0296** -0.0257*** -0.0137** -0.0134* -0.0092**

(0.0071) (0.0141) (0.0068) (0.0061) (0.0069) (0.0046)

School FE No No No Yes No No
School-by-year FE No No No No Yes No
Teacher-by-school FE No No No No No Yes

Observations 45904 45400 45398 45398 45398 45398

Panel B. Reading Teachers
Teaches reading in grade with an 
emotionally disabled student -0.0138*** -0.0319** -0.0205*** -0.0096** -0.0050 -0.0075*

(0.0049) (0.0127) (0.0047) (0.0043) (0.0046) (0.0040)

School FE No No No Yes No No
School-by-year FE No No No No Yes No
Teacher-by-school FE No No No No No Yes

Observations 49862 49297 49291 49291 49291 49291

Lagged achievement

Table 6: Relation Between Estimates of Teacher Quality and Whether or Not the Teacher Teaches in a Grade with an Emotionally 
Disabled Student

Notes: Panel A. shows results from regressions of math teacher value-added on a dummy for whether a teacher teaches math in a grade with an emotionally 
disbaled student. Panel B. estimates the same specifications but for reading teachers and their value-added. In column 1, the dependent variable is value-added 
calculated using the gains model.  In column 2, the dependent variable is value-added calculated using the student fixed effects model and in columns 3-6, the 
dependent variable is value-added calculated using the lagged achievment model (see text for details on the calculation of value added for each of these models).  
Standard errors clustered at the school-by-year-by-grade level are shown in parentheses (* p<0.10  ** p<0.05  *** p<0.01) . 



(1) (2) (3) 
Panel A. Math Teachers
Teaches math in grade with an emotionally 
disabled student -0.0092** -0.0075 -0.0077*

(0.0046) (0.0046) (0.0046)

Proportion transfer in grade math teacher teaches 
in -0.0395*** -0.0370***

(0.0096) (0.0097)

Teaches math in grade with low achieveing 
transfer student -0.0041

(0.0028)

Teacher-by-school FE Yes Yes Yes
Observations 45398 45398 45398

Panel B. Reading Teachers
Teaches reading in grade with an emotionally 
disabled student -0.0075* -0.0058 -0.0059

(0.0040) (0.0040) (0.0040)

Proportion transfer in grade reading teacher 
teaches in -0.0433*** -0.0416***

(0.0076) (0.0077)

Teaches reading in grade with low achieveing 
transfer student -0.0026

(0.0022)

Teacher-by-school FE Yes Yes Yes
Observations 49291 49291 49291

Table 7: Relation Between Estimates of Teacher Quality and Whether or Not Teacher Teaches in a Grade with an 
Emotionally Disabled Transfer Sudent Conditional on Peer Characteristics of Transfer Students

Notes: Panel A. shows results from regressions of math teacher value-added on a dummy for whether a teacher teaches math in a grade with an 
emotionally disbaled student. Panel B. estimates the same specifications but for reading teachers and their value-added.  All teacher value-added 
measures were estimated with a lagged achievement specification which includes student controls (lagged achievment in reading and math and 
dummy indicators for male, African American, Hispanic, White, limited Enlish proficient, economically disadvantaged, emotionally disabled 
tranfer, emotionally disabled non-transfer, low-achieving transfer, other transfer, other disability), classroom controls (class size, classroom 
averages in lagged math achievement and lagged reading achievement, and proportion African American, Hispanic, White, limited English 
proficient, economically disadvanted, non-transder emotionally disabiled, other disability) and teacher-by-year fixed effects. The model is the 
same as the one used in colums 3-6 of Table 6 (see text for additional details on the calculation of value added).  Standard errors clustered at the 
school-by-year-by-grade level are shown in parentheses. (* p<0.10  ** p<0.05  *** p<0.01) . 



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

Male Teacher Experience Black Teacher Hispanic Teacher
Teacher with 

Advanced 
Degree

Transfer student -0.0058 -0.0829* -0.0084* -0.0564*** -0.0044
(0.0042) (0.0488) (0.0048) (0.0142) (0.0036)

Emotionally disabled transfer student 0.0555* -0.1404 -0.0104 -0.0865 0.0186
(0.0334) (0.3606) (0.0323) (0.1118) (0.0297)

Low achieving math transfer student 0.0168*** -0.1518** -0.0067 0.0369** -0.0086*
(0.0054) (0.0607) (0.0051) (0.0172) (0.0045)

Hispanic transfer student 0.0056 -0.2174*** 0.0042 0.0823*** -0.0082
(0.0068) (0.0740) (0.0066) (0.0225) (0.0055)

African American transfer student -0.0055 -0.0995* 0.0298*** -0.0197 -0.0041
(0.0046) (0.0544) (0.0048) (0.0190) (0.0040)

Male transfer student 0.0183*** -0.0003 0.0062* 0.0260** 0.0054*
(0.0036) (0.0405) (0.0035) (0.0132) (0.0031)

School-by-grade-by-year FE Yes Yes Yes Yes Yes

Observations 353881 820967 317996 25717 571108

Table 8: Evidence of Sorting Transfer Students to Teachers

Notes: Columns 1 and 3-5 hold results from linear probablility resgressions, and columns 2 holds results from a linear regression. The models in each column 
are run on the sample of students in grades with variation in the dependent variable. Standard errors clustered at the school-by-yeary-by-grade level are shown 
in parantheses. (* p<0.10, ** p<0.05, *** p<0.01)  




