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Abstract

This paper explores the effects of attrition on student development in early education.

It aims to provide evidence that student departure in elementary schools has educational

impacts on the students they leave behind. Utilizing data from Tennessee’s Project STAR

experiment, this paper aims to expand upon the literature of peer effects, as well as attrition,

in public elementary schools. It departs from previous papers by utilizing survival analysis to

determine which characteristics of students prolonged participation in the experiment. Clus-

tering analysis is subsequently employed to group departed students to better understand

the various channels of attrition present in STAR. It finds that students who left Project

STAR were more likely to be of lower income and lower ability than their peers. This paper

then uses these findings to estimate the peer effects of attrition on students who remained

in the experiment and undertakes a discussion of potential sources of bias in this estimation

and their effects on the explanatory power of peer effects estimates.

JEL Classification: I, I21, I26, H4, J13.
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1 Introduction

Imagine yourself as an elementary school teacher trying to manage an unruly group of stu-

dents. Do you seat them across the classroom from each other, hoping that once separated

they stop their disruptive behavior? Or does this choice mean that they’ll simply find some-

one else to talk to, resulting in further disruption? Answering these questions may prove

instrumental to the success of your students. There exists extensive empirical literature ex-

amining the effect of exogenous policy shifts on student achievement. A considerable portion

of the current economics of education literature, however, is now centered around the esti-

mation of peer effects: the unobserved, peer-to-peer spillovers from students both inside and

outside the classroom. Studying these mechanisms through which student outcomes may be

maximized or diminished has significant consequences for policymakers.

It is well documented in the literature that student-to-student peer effects do in fact exist

and that such effects are, in part, influenced significantly by peer quality. Such effects are

also likely to persist throughout a child’s development. The presence of a highly engaged

peer in early education may have a lasting impact on a student’s achievement, even if said

peer were to move or leave after just one year of school. Peer effects are not only dependent

on the composition of students in one’s class, but also the history of peers a student has

interacted with. As such, it is important to consider the role of attrition in educational

achievement. If certain peers are provided a channel to depart the public school system, it

may have an adverse effect on the students they leave behind. A student who has retained

high levels of peer quality may form stronger relationships with those peers than a student

at a school where peers depart or drop out frequently. An understanding of which students

are likely to leave public schools in addition to understanding the potential effects of such

students departures may provide researchers with a better understanding of the drivers of

educational attainment.
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1.1 Channels of Attrition

This paper proposes that two distinct channels of attrition exist for students of United

States Public Schools. One is often comprised of low-income students while the other is

often comprised of high-income students. Peers leaving through both channels may have

effects on the peers they leave behind.

It well known that private schools provide a channel through which wealthier, often

high-ability, students are able to leave the public school system. Many private schools (in

addition to magnet and charter schools) have entrance exam requirements which deliberately

select for high-achieving students. One form of departure to these schools may come through

private schools engaging in tuition rationing, the practice where private schools select for

students with high-income backgrounds by charging for seats – disallowing lower income

families from consumption without some form of subsidization. At the same time, these

schools (especially magnet schools) may engage in cream-skimming, the practice through

which these schools select for high-ability students by introducing entrance exam cutoffs

as a requirement for admission. In other words, the highest performing students in public

schools (i.e. the “cream”) is “skimmed” into private schools. Given the existence of such

rationing, it is perhaps the case that the act of exiting a school may have unobserved effects

on peers in the classroom. That is, if the distribution of students that exit public schools

through this channel consists primarily of high-achieving and/or high-income students, there

may exist negative or reduced positive peer effects from such withdrawal.

At the same time, it may be the case that lower income students experience higher

attrition rates than their higher-income counterparts. As such, these lower income students

are less “resilient” in the public school system, often having lower school completion rates

than their peers. Though there are many reasons for this including migration, loss of a

home, and familial instability, among others, such departures may also have an effect on the

students they leave behind. My paper aims to analyze the effects of these two channels of

attrition, specifically within the context of elementary education.
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1.2 Project STAR

Utilizing evidence from Tennessee’s Student/Teacher Achievement Ratio Project (Project

STAR) – an experiment in which elementary school students and teachers were randomly

assigned to different class sizes – my paper aims to estimate the associations between student

attrition on academic achievement between the kindergarten and the 3rd grade. Given that

students were randomized into distinct class types within schools, this data allows for the

potnetial assumption that student’s background characteristics are not correlated within

each classroom, allowing for a potential reduction in the bias of peer effects measures that

may arise from sorting. Additionally, as part of the experiment, a robust set of student,

teacher, and school-level characteristics were collected and students were tracked individually

throughout the experiment. My analysis draws upon subsequent data on graduation and

dropout rates of the students involved in STAR as well as the identification of students that

may have potentially left the public school system in order to better understand the various

channels of attrition that are present among students in the experiment.

First, I examine attrition in Project STAR writ large. Through the identification of the

proportion of students who either moved across classrooms or schools within the experiment

and those that left the experiment entirely, I paint a picture of differential attrition that

occurred.

Second, using this identification, I introduce a model of attrition which measures the

effect of both student ability and income, controlling for confounds, on the probability a

particular student stayed in the experiment. I measure these associations among students in

both the kindergarten and 1st grade cohorts in STAR. This model motivates the empirical

strategy behind peer effects estimation in the paper.

Third, I consider how attrition across all students who left Project STAR may have

impacted students by considering the effects of peer departure in kindergarten and 1st on

changes in test scores the following year (1st and 2nd grade respectively). I additionally under-

take a discussion of potential sources of bias in peer effects estimation and the consequences
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of such bias on the interpretation of results.

Finally, I perform an empirical analysis to better understand the attrition channels

present within STAR. I utilize a novel clustering method for categorical variables to sort

students who departed STAR after kindergarten into “similar” groups. Using the results

of this analysis, I discuss potential conclusions that can be drawn regarding the nature of

attrition within STAR and the generalizability of such conclusions to public schools writ

large.

2 Literature Review

Since the publication of the Coleman Report in 19661 there has been suspicion that student

unobservables have a significant impact on education production.2 The classic education

production function predicts that test scores can be represented as a function of class size

and confounds.3 Subsequent research has shown that such a relationship is likely identifying

only a portion of what affects student achievement4, especially when viewed in conjunction

with the documented relationship between peer effects and achievement. Some, as first

described by Lazear (2001), theorize that disruption in the classroom presents a trade-off

between learning and class size – a higher proportion of “better behaved students” leads

to a larger optimal class size.5 That is, disruptive students may have a greater negative

impact on smaller class-sizes than larger ones. Such negative spillovers from disruption can

perhaps be best understood through the lens of peer effects. The channel through which

one’s own production results in spillovers or externalities on peers achievement is measured

by peer effects. Subsequent literature has broadened this model of production to focus both

on inputs to production (e.g. class size, curriculum, etc.) as well as inputs that cannot be

1A study commissioned by the US government and mandated by the Civil Rights Act of 1964 aimed at
measuring educational opportunity in the United States.

2Dickinson, E. E. (2016).
3Lazear, E. P. (2001), p.777; Examples include: student’s own ability, teacher experience, parental income,

percentage of students in school on free and reduced lunch, demographic characteristics, etc.
4Hanushek (2008).
5Lazear, E. P. (2001), p.779.
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controlled by policymakers (e.g. parental income, student’s attentiveness, peer effects, etc.).6

There are many approaches outlined in the literature to estimate peer effects, though the

standard model often regresses an individual’s own outcomes on the outcomes of peers. As

outlined in Sacerdote (2001), there are three main sources of bias in peer effects estimation.7

The first is that of selection bias, peers may sort into peer groups and disentangling the

effect of selection from the peer effect may be difficult. Randomized experiments including

Project STAR or random roommate assignments have thus been common datasets used for

peer effects estimation as they may potentially eliminate this bias. Second is the reflection

problem. That is, the issue that arises when students i and j affect each other simultaneously.

This is often corrected for by utilizing an exogenous instrument for peer achievement or

behavior (such as parent’s educational attainment) though the validity of estimates generated

by this process are often hard to verify and are subject to assumptions. The third source

of bias results from the inability to separate endogenous (behavioral) effects from exogenous

effects, or the effects of peers’ background characteristics. Sacerdote notes that controlling

for the background characteristics of peers as well as their environments (e.g. the school)

may solve this problem.

Although there exists a vast literature on peer effects, papers analyzing the peer effects

of attrition are somewhat limited, especially given the lack of longitudinal data of student-

tracking across both the private and public school systems. One notable study is that of

Dills (2005) which utilized the entry of a magnet school in Virginia to estimate the effect

of the exit of high-ability students on the proportion of students scoring in the top quartile

on a nationally-standardized exam. Dills finds that the loss of high-achieving students to

the magnet school lowers the achievement of their lower-scoring counterparts who remained

in public schools.8 Key limitations of Dills’ paper, though, include an inability to track

individual students’ test scores and a lack of demographic controls. Randomized experiments

6Hanushek (2008).
7Sacerdote (2001).
8Dills (2005).
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offer the best data to track peer effects given the elimination of selection bias which arises

from to peer sorting.

Within the context of Project STAR, papers such as Boozer (2001) focus on estimating

the difference in peer-effects due to variation in class-size. Researchers have found that,

especially for small classes, much of the effect of class-size on achievement is actually captured

by the increased intensity of spillovers from peers in these settings.9 Given missing data

concerns in Project STAR, Sojurner (2011) develops a model for estimating peer effects

with the caveat of missing peer data. Sojourner utilizes pre-assignment measures of student

ability in conjunction with random assignment to estimate effects, finding that, on average,

the effects of being around high-achieving peers are positive and that peer-ability perhaps

matters more for low-achieving students than for high-achieving students.10 Key limitations

of Project STAR include differential attrition and a lack of data on where students who left

the experiment attended school after leaving. Rohlfs & Zilora (2014) exploit whether or

not a student had public school testing records after the conclusion of Project STAR as a

proxy for identifying if a student remained in the public school system. Such developments

should assist in the estimation of peer effects of attrition and reduce the limitations the data

impose.

With regard to attrition, there exists a vast psychological literature that examines the

characteristics of students who drop out of school. Much of the current literature on attrition

in schools focuses on students at the high school level; however, the general patterns are likely

applicable throughout a child’s schooling. It is clear that a student’s socioeconomic status

and family (both in structure and home environment) are related to attrition.11 Lower

income students from disruptive families are more likely to leave schools than their peers.12

In addition, lack of school attendance is a risk factor for attrition as well – a quantity which

9Boozer (2001).
10Sojurner (2011).
11Fernandez-Suarez, et al. (2016).
12Fernandez-Suarez, et al. (2016) – the reasons for this theory are quite complex, though some believe

that students who grow up in families with a lack of rules are often less disciplined and more likely to be
affected by peer pressure with regard to substance use.

8



is tracked in STAR.13

Certain papers have found that attrition in public schools is more common than in

charter schools. These papers, including an analysis by the New York City Independent

Budget Office, find that students who stayed in the same school between kindergarten and

3rd grade performed better on standardized tests than peers who switched schools.14 Special

education students in addition to minority students are also found to leave schools at a

higher rate than their peers. The effect of socioeconomic status, though, is likely a greater

predictor of attrition as it may significantly influence factors related to departure including

lack of access to quality schooling, substance abuse, truancy, lack of familial stability, and

others.15

3 Data

3.1 Project STAR

Project STAR was a class-size randomization experiment across grades K-3 in Tennessee

between 1985-1989. 11,600 students across 79 schools voluntarily participated in the study.

Students and teachers were randomized into one of three class types at the start of the

1985 school year: small classes (13-17 students), regular-sized classes (22-25 students), and

regular-sized classes with a teacher’s aide (22-25 students in addition to a full-time teacher’s

aide). All Tennessee school systems were invited to participate in STAR and costs associated

with STAR would be funded by the State. A minimum of 57 students in a school was

necessary for participation, allowing for one class of each of the three class types. Most

schools stayed in the experiment; however, between grades 1-3 four schools withdrew for

13Fernandez-Suarez, et al. (2016).
14Staying or Going? Comparing Student Attrition Rates at Charter Schools with Nearby Traditional Public

Schools (2014).
15Stinebrickner & Stinebrickner (2003). It may also be the case that due to the high costs associated with

education beyond the elementary school level including school supplies, college entrance exams, etc. that
low-income families especially those that are borrowing constrained face are burdened heavily by financial
factors in addition to family environment.
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several reasons including not being able to maintain the randomization of the experiment.

After being initially assigned to a class type, students were intended to be kept in that

class for the duration of the experiment (i.e. 4 years, or between K-3rd grade, although some

students were placed across class types). Among participating schools, each was required to

have at least one of the three class types and randomization occurred within each school.

Study administrators collected a variety of data on students from observable characteristics

(e.g. race, age, gender, etc.) of students, teachers, and schools as well as a variety of

standardized test scores, administered at the end of each school year. Students who entered

a participating school in the middle of the experiment were also randomly assigned to a class

type upon entry. There are some limitations to the design, mainly that at the beginning

of 1st grade, students in the regular and regular-aide classes were re-randomized across

these types, with approximately one half of students in regular classes being reassigned to

regular-aide classes. Secondly, approximately 10 percent of students moved across small and

regular-sized classes between grades.16 Thirdly, between grades 1 and 2 in year two of the

experiment (1987) 54 second grade teachers were given additional training before assignment

to class types. Researchers determined that there was no significant difference between the

scores of students with trained versus untrained teachers. Lastly, previous papers have

demonstrated evidence of differential attrition from the experiment by class type. I exploit

this to determine the severity of the peer effects from attrition based on a student’s class

type. It is important to note that identification of students who left the experiment, as

noted by Rohlfs & Zilora (2014), can only be separated into students who either changed

class types, switched to another public school, or left the public school system entirely. Thus,

I am unable to accurately identify among the students that left the public school system,

who left to a private school. Further information about the experiment is well described in

Krueger (1999).

16Kruger (1999), p.499.
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3.2 Preliminary Observations of Student Ability

The primary educational attainment measure used to track students was the Stanford

Achievement Test or “SAT”.17 These scores are reported as item-response-theory scores,

which allow for comparison across grades. Starting in the first grade, Basic Skills First or

“BSF” tests were administered. These tests corresponded to the state standards in math

and reading. The BSF tests’ standards vary between grades, thus they are unable to be

compared across grades for peer effects or attrition estimation.18 I utilize the SAT scores as

my primary measure of student ability due to this limitation.
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Figure 1: Histogram of ability by free lunch status. Ability defined as the sum of SAT test
scores across reading, math, listening, and word skills.

Figure 1 illustrates the distribution of total test score across both kindergarten and 1st

grade by income. As shown, it seems that across both grades students who received free

lunch had lower mean scores than their non-free lunch counterparts. In particular, among

kindergarten students who received free lunch the mean total test score was about 1876

17Not to be confused with the Scholastic Achievement Test, an exam taken by many college applicants in
the US, also denoted by the acronym SAT.

18Kruger (1999) reports a high degree of correlation between the BSF and SAT scores.
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whereas among students who did not receive free lunch it was about 1946. Among these two

groups the standard deviation of scores was quite close – about 116 and 125 respectively.

For 1st grade students the result is similar similar as students who received free lunch had a

mean total test score of about 2084 and students who did not receive free lunch had a mean

total test score of about 2220. As with kindergarten, the standard deviations in scores are

similar - about 153 for both of these groups. In all, it seems that lower income students seem

to also be of lower ability.

This conclusion is also illustrated below in Figure 2. Here, we see that among students

who departed before 1st grade, the difference in mean test scores is larger – providing evidence

for the two channels of attrition that were outlined in the introduction. There appears to

be a high-ability and high-income group with a mean test score of 1901 and a lower-ability,

lower income group with a mean test score of 1814. As such, we see that it may be the

case that the two channels of attrition (private schools and low-income migration) outlined

previously are reflected in the data.
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Figure 2: Histogram of ability by free lunch status among students who departed before 1st
grade. Ability defined as the sum of SAT test scores across reading, math, listening, and
word skills.
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3.3 Summary Statistics

Table 1 is a summary table of student, teacher, and school level characteristics for students

in grade 1 of Project STAR. As shown, most of the schools at this level are rural, with most

students staying in Project STAR for a total of 3 school years. Table 2 is a representation

of the same characteristics for students in the kindergarten entry cohort, separating these

students by whether or not they left the experiment at the conclusion of the kindergarten

school year. Selection criteria for departed students was determined by whether or not

the student was “flagged” for being in Project STAR in kindergarten and was subsequently

flagged for not being included in the experiment during 1st grade. It is unclear as to whether

or not missing data may confound these flags (i.e. if a student may be flagged as not being

in the experiment if there was no data collected for that student – even if they were enrolled

in a Project STAR classroom). Summary statistics can be compared across both groups

depicted in Table 2 to understand the differences between students who left the experiment

after kindergarten and those who remained. At first glance, it seems that the students who

departed seem to be of lower-ability, are lower income, have a higher probability of being in

special education, and are more concentrated in inner cities.
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Summary Statistics for Students in 1st Grade

Small Class
(N=1925)

Regular Class
(N=2584)

Regular Class with Aide
(N=2320)

Experimental Characteristics
Number of Years in STAR 3.2 ± 1.0 2.9 ± 1.1 3.0 ± 1.0
Number of Years in Small Classes 3.0 ± 1.0 0.2 ± 0.5 0.1 ± 0.3

School Urbanicity
Inner City 19.8% 22.1% 18.5%
Suburban 23.5% 24.9% 21.2%
Rural 47.3% 45.0% 50.1%
Urban 9.4% 8.0% 10.2%

Teacher Characteristics
Female 97.5% 100.0% 100.0%
White 81.2% 83.8% 81.6%
Years of Experience 12.2 ± 8.7 10.3 ± 8.7 12.7 ± 9.2

Class Size 15.7 ± 1.6 22.7 ± 2.3 23.4 ± 2.4
Receives Free Lunch 47.8% 51.9% 50.3%
Special Education 0.6% 1.5% 1.5%

Math SAT Scaled Score 538.7 ± 44.1 525.3 ± 41.7 529.6 ± 42.9
Reading SAT Scaled Score 530.0 ± 56.6 513.5 ± 53.5 521.3 ± 54.7
Listening SAT Scaled Score 572.7 ± 34.5 563.8 ± 32.4 567.2 ± 33.9
Word Study Skills SAT Scaled Score 523.0 ± 52.6 506.2 ± 54.0 513.7 ± 51.8

Table 1: Summary table for students in grade 1 of Project STAR.
Note: Some variables expressed as Mean ± Standard Deviation. Per the data, Inner-city
schools are defined as those with more than half of students on free or reduced lunch. Schools
in outlying areas of metropolitan areas are considered suburban. Urban schools are those in
towns with population over 2500. All other schools are considered rural. Test score data is
measured at the end of each year, on testing dates specified by the state.
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3.4 Characteristics of Attrition in STAR

Since the completion of Project STAR, subsequent studies have been commissioned to ana-

lyze the long-run impacts of the experiment. As part of these studies, data is collected on the

academic achievement of students who participated in Project STAR in grades 4 through 8.

At the same time, students within the experiment were tracked. If a student moved within

the experiment to another Project STAR school, that student’s movement can be identified

through the data. Utilizing this data, Rohlfs & Zilora (2014) identify five types of attrition

within Project STAR:

1. Students who were in a Project STAR school at time t − 1, but whose school left the

experiment at time t.

2. Students who changed class type within a school.

3. Students who left to another Project STAR school.

4. Students who left to another public school.

5. Students who left the public school system (could be characterized by death, moving

to a private school, moving out of state, or test absence).

Identifying students who fall into attrition types 1-4 is easily seen through the data.

Both students and schools are flagged for leaving the experiment. Though there may be

some missing data concerns, subsequent identification of students who fall into categories 1

and 3 can be undertaken by examining whether or not there exists Project STAR testing

data for these experiments both within the experiment’s timeframe (i.e. grades K-3) or in the

subsequent studies tracking the students post-experiment. Rohlfs & Zilora (2014) identify

students who left the public school system as those who left Project STAR in 3rd grade

and test scores do not exist for them in 4th grade. It is likely the case that if a student

left Project STAR for a private school, they would not re-enter the public school system

until after the 5th grade. This is due to the fact that private schools in certain geographic
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regions may only accept students between grades K-5. Thus, if a student left for a private

school, it is likely that they do not have test score data for both grades 4 and 5. Another

potential point of identification is to see which of these students perhaps re-entered the public

school system in grades 6-8 (typically denoted as “middle school”). Students with access to

only K-5 private schools may have perhaps been forced to re-enter the public school system

for middle school. In this paper, I measure the differences in attrition across class types,

providing the opportunity to further identify the characteristics of students, namely ability,

that are perhaps correlated with attrition.

4 Survival Analysis of Attrition

4.1 Empirical Framework

To quantify the effect of student ability on attrition, I turn to survival analysis. Within the

context of Project STAR, attrition can be considered a survival observation of interest. That

is, the act of a student leaving the experiment entirely (i.e. they fall into attrition categories

1,4, or 5) can be considered a “failure.” Survival analysis allows for the identification of

factors which may be correlated with the amount of time a student stayed in the experiment

(in other words, their time to failure). Here, I represent Ti,g,c,s as the failure time (i.e. the

number of years a student stayed in the experiment until they left) for each student i in grade

g in classroom c at school s. It may be the case that due to missing data concerns or students

leaving the experiment in one year and coming back in another, Ti,g,c,s is unobserved (or,

perhaps, not “completely” observed). Such observations are considered to be censored, with

censoring time Ci. I model the data under the assumption that Ti > Ci (i.e. the “survival

time” is longer than the “censoring time”). This assumption is consistent with empirical

evidence of certain students leaving and returning to the experiment. I model the survival
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time through the following accelerated failure time (AFT) model:

(1) log(Ti) = β0 + β1(TSi,g,c,s) + β2(CTi,g,c,s) + β4(FLi,g,c,s) + β5(Xi,g,c,s) + ϵi,g,c,s

Where TSi,g,c,s is the test score for student i in grade g in classroom c in school s,

CTi,g,c,s is a categorical variable for the class type student i was enrolled in upon entry to

the experiment (e.g. small, regular-sized, or regular sized with teachers aide), FLi,g,c,s is a

categorical variable for the free-lunch status of student i in grade g, and Xi,g,c,s is a vector of

controls for each student including observable student, teacher, and school data. Examples of

this include student attendance, teacher’s highest education level, student’s race, percentage

of school on free and reduced lunch, school geography (e.g. urban, rural, etc.), and others.

The coefficients of this model have a multiplicative effect on time. For example, if β1 = 1,

then exp(β1) ≈ 2.718. Holding all other variables constant, an individual with TSi,g,c,s one

unit greater than another would be expected to stay in the Project STAR experiment 2.718

times longer than the other. In other words, the probability this individual “survived” to

time 2.718t would be the same as the probability that another individual has “survived” to

time t.

The AFT model is a fully parametric model. Thus, I must specify a probability distribu-

tion for log(Ti), or a distribution of attrition probabilities throughout the experiment. Based

on the nature of the experiment, attrition was more likely in early years (i.e. kindergarten and

1st grade) than later on in the experiment, as schools who were unable to continue random-

ization dropped out, or students who were unhappy with their class assignment left STAR.

Thus, it is reasonable to model the attrition probabilities in the experiment as monotonically

decreasing with time. The Weibull distribution allows for the estimation of monotonically

increasing, decreasing, or constant hazards and has relevant analytical advantages in the

presence of right-censoring. Given my assumptions regarding the attrition probabilities over
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time, I represent the hazard function (λ(t)) of Ti,g,c,s using the Weibull distribution:

λ(t) = pλptp−1

Here, p is the scale parameter and a value of p less than 1 indicates that attrition rates

decrease over time in STAR. An illustration of a Weibull distribution with p less than 1

(monotonically decreasing) is depicted below:

Figure 3: Illustration of monotonically decreasing Weibull Distribution with shape parameter
λ = 1 and scale parameter p = 0.5.
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4.2 Results - Survival Analysis of Attrition

4.2.1 Preliminary Survival Estimates – Kindergarten Entry Cohort

Kaplan Meier estimates of survival probabilities for students in the Kindergarten Entry Co-

hort of Project STAR are depicted in the ensuing four figures. In each of these plots, the

dependent variable is “time until attrition” (i.e. Years in STAR until attrition). Here, stu-

dents who left are first identified by whether they spent the full four years in STAR (K-3

grade) and subsequently identified by their first exit from the experiment. There are a

number of students who leave and come back into the experiment and are re-randomized

upon entry. I consider consider these students right censored (Ti > Ci). That is, after their

first time leaving the experiment, they are considered “left” even though they may have

re-entered at a later date. This assumption allows for better parameterization of survival

estimates and better represents the monotonically decreasing nature of attrition in STAR.

Other papers in the literature make use of “composite duration” and “composite class type”

variables which subjectively sort STAR students into different class types and re-calculate

years in the experiment. I believe that these measures, although useful for assessing random-

ization conditions in the experiment, bias estimates of attrition due to the classification of

students who re-enter the experiment multiple times as having never been in the experiment.

In addition, I remove students who leave STAR due to the fact that their school left the

experiment. Thus, Figures 1-4 are illustrations of what I consider “unforced” attrition (i.e.

it was the student’s or student’s guardian’s choice to leave STAR)

These initial estimates depict three interesting patterns. First, with regard to attrition

based on class type Figure 4 shows that differential attrition based on class type is likely

overstated in the literature. Although there is a statistically significant difference in at-

trition probabilities across class types at the 5% level, it seems that the effect of being in

a regular or regular-aide class does not increase the probability of leaving the experiment

drastically compared to being in a small class. It is plausible that this result is due to the
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fact that students who leave and re-enter the experiment more than once were preferentially

re-assigned to smaller classes, thereby providing them an incentive to re-join the experiment.

These effects of increased retention in smaller classes are muted in the figure, which displays

student’s “first” chance to leave the experiment.

Second, it is clear that lower income, lower ability students (as shown in Figures 1, 2, and

3) leave the experiment much faster than their higher-income, higher-ability counterparts.

This is shown both by the significant reduction in survival probability for students who are

in the bottom 25th percentile of test scores or on free-lunch. This provides evidence that the

main channel for attrition in public schools may not be students moving to private schools,

but rather drop-outs or significant migration of low-income families. These effects seem

independent of class size, potentially leading to the conclusion that such attrition is constant

regardless of the random assignment of the student to a class – leading non-experimental

forces to be contributing to this attrition.

Third, the attrition probabilities seem to be monotonically decreasing across the course

of the experiment. As shown in Figures 1-4, most of the attrition occurs in the first year

of the experiment, with less and less students leaving as time goes on. This is consistent

with the re-randomization and re-entry that occurred between grades K-1. As well, it seems

there is more variation in the students who left in this first year than otherwise. Such results

justify the use of a Weibull distribution to parametric the survival estimates, which allows

for monotonically decreasing attrition probabilities. This result is elaborated upon in the

following section and confirmed through the distributional convergence chart located in the

Appendix.
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4.2.2 Survival Analysis of Attrition - Grades K to 1

The below table shows regression results for the AFT model of student attrition in STAR

among the Kindergarten Entry Cohort. Specification 1 is fitted on all students in the kinder-

garten cohort, while specification 2 is fitted on the subset that stayed beyond 1st grade (hence

they have the opportunity to switch schools or class types). Specification 1 allows us to see

the total effects of attrition across all years in the experiment and specification 2 aims to

reduce the effects of attrition that arose from re-randomization or school constraints after

the first year of the experiment.

Similar to the survival curves, I decline to fit this model on any students whose schools

dropped out of the experiment, once again focusing on “unforced” attrition. Additionally, I

drop observations where a student in the kindergarten cohort switched to a different school

in 1st grade and came back to the same kindergarten school in 2nd grade. Such students

would not be considered “departed” in my model; however their school-to-school movement

might bias my results. In total, there are 7 students who fall into this category, a very small

amount. I estimate that less than .15% of total observations exhibit a similar phenomenon

(multiple school switches back to original school) across all years of the experiment.

The results from specification 1 are consistent with those found in the non-parametric

estimates in the previous section. Specifically, students who are not on free lunch are ex-

pected to survive e0.287 ≈ 1.332 times longer than students who are on free lunch, holding all

else constant. Students in rural schools are expected to survive e0..341 ≈ 1.406 times longer

than students in inner-city schools and similarly students in urban schools are expected to

survive e0.141 ≈ 1.151 times longer than students in inner-city schools, holding all else con-

stant. With regard to ability, I find that students with kindergarten test scores between the

25th and 75th percentiles of all students in the kindergarten cohort are expected to survive

e0.506 ≈ 1.657 times longer than those in the 25th percentile or lower, holding all else constant.

Similar results are observed for students in the 75th percentile or higher who are expected

to survive e0.741 ≈ 2.098 times longer than those in the 25th percentile or lower, holding all
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else constant.

The results for both income and ability are also observed in specification two, although

with lower effect sizes. Across both specifications, these effects are significant at the 1%

level. It is also important to note that I do not find significant effects from class size on

attrition among this cohort. Diagnostic plots in the appendix show that the assumption of a

Weibull distribution to model attrition is well-founded. Attrition appears to monotonically

decrease as the experiment goes on and the residuals appear to converge.

It seems that there is a strong association between being of low-ability and of low-income

and attrition in Project STAR. Thus, these preliminary estimates would lead me to conclude

that much of the attrition is taking place through the lower income channel I described

previously rather than to private or charter schools among the Kindergarten Entry Cohort.
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Table 3: Coefficient-Level Estimates for AFT Model of Attrition for Kindergarten
Entry Cohort

Dependent variable: Years Until First Exit

All Students in K-Cohort
Students Who Stayed

Past First Grade

(1) (2)

Non-Free Lunch 0.287∗∗∗ 0.249∗∗∗

(0.037) (0.035)

School Suburban -0.069 -0.066
(0.079) (0.077)

School Rural 0.341∗∗∗ 0.103
(0.082) (0.080)

School Urban 0.141∗ -0.060
(0.086) (0.084)

Switched Schools 0.097
(0.066)

Regular Class -0.048 -0.016
(0.036) (0.038)

Regular Class w/ Aide -0.030 -0.025
(0.036) (0.036)

Switched Class Types 0.024
(0.031

Kindergarten Test Score Between 25th-75th Percentile 0.506∗∗∗ 0.307∗∗∗

(0.034) (0.032)

Kindergarten Test Score Above 75th Percentile 0.741∗∗∗ 0.482∗∗∗

(0.045) (0.044)

Not Special Education -0.022 -0.020
(0.080) (0.080)

Not Pulled Out for Special Instruction 0.189∗∗∗ 0.150∗∗

(0.067) (0.063)

Constant 0.544∗∗∗ 1.299∗∗∗

(0.161) (0.153)

Controls Yes Yes
Parametric Form Weibull Weibull
Observations 5,504 3,970
Log Likelihood -6,816.844 -3,625.752
χ2 1,163.570∗∗∗ (df = 26) 456.399∗∗∗ (df = 27)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Controls include: Student Gender, Student Race, Kindergarten Teacher Experience (yrs.), Days Absent in
Kindergarten, Kindergarten School Grade Range,% Students in Kindergarten School Receiving Free Lunch, %
Students in Kindergarten School Bused. Student characteristics determined based on kindergarten information
unless otherwise specified. Coefficient estimates for controls reported in Appendix.
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4.2.3 Survival Analysis of Attrition - Grades 1 to 2

The below table shows regression results for the AFT model of student attrition in STAR

among all students in 1st grade. This includes new students who entered in the 1st grade

cohort as well as those that stayed from kindergarten. Similar to the previous section,

specification 1 is fitted on all students in 1st grade, while specification 2 is fitted on those

who stayed for at least 1 year. I drop observations where students switch back and forth

between schools during the experiment.

Among this cohort, the results are mixed. With regard to ability, the results from

specification 1 are consistent with those in the previous section. Students above the 25th

percentile are expected to stay in the experiment longer than those below the 25th percentile

based on 1st grade test scores. These effects are insignificant among those who stayed past

2nd grade. This is potentially due to the fact that attrition in the final year of the experiment

was quite small, with little variation among students that left.

It is important to note that in specification 1, I find that students in inner-city schools

are expected to survive longer than those in their suburban, rural, or urban counterparts.

This is consistent with the finding that being on free lunch is no longer a significant factor in

attrition, with it in specification 2 actually contributing to an increase in survival time. Class

size effects are also significant in both specifications, with students in regular-aide classes

more likely to survive than their small-class counterparts.

It is most likely the case that attrition among the kindergarten students was more pro-

nounced along income lines; however, students with low-ability were less likely to stay in

the experiment, regardless of their entry cohort. This pattern of attrition for low-ability and

low-income students most likely began to wane as the experiment went on. One potential

explanation for this is that within Project STAR, about 6% of students in 1st grade were

recommended not to be promoted to grade 2. This percentage dropped to about 2% in both

2nd and 3rd grade. A primary driver of attrition may have been the holding back of low

performing students, the number of which diminished as the experiment went on.
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Table 4: Coefficient-Level Estimates for AFT Model of Attrition for 1st Grade Entry Cohort

Dependent variable: Years Until First Exit

All Students in 1st Grade Students Who Stayed Past 2nd Grade

(1) (2)

Non-Free Lunch 0.010 -0.004∗∗

(0.013) (0.002)

School Suburban -0.081∗∗∗ -0.001
(0.029) (0.005)

School Rural -0.067∗∗ -0.003
(0.031) (0.005)

School Urban -0.075∗∗ -0.001
(0.032) (0.005)

Switched Schools 0.001
(0.005)

Regular Class 0.017 0.005∗∗

(0.013) (0.002)

Regular Class w/ Aide 0.044∗∗∗ 0.007∗∗∗

(0.014) (0.002)

Switched Class Types 0.004
(0.003)

1st Grade Test Score Between 25th-75th Percentile 0.187∗∗∗ 0.003
(0.014) (0.003)

1st Grade Test Score Above 75th Percentile 0.188∗∗∗ 0.001
(0.017) (0.003)

Not Special Education -0.144 -0.023
(0.102) (0.019)

Not Pulled Out for Special Instruction -0.021 -0.009∗∗∗

(0.016) (0.003)

Constant 1.132∗∗∗ 1.145∗∗∗

(0.115) (0.021)

Controls Yes Yes
Parametric Form Weibull Weibull
Observations 5,354 4,077
Log Likelihood -6,478.014 -326.741
χ2 299.507∗∗∗ (df = 25) 66.860∗∗∗ (df = 27)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Controls include: Student Gender, Student Race, 1st Grade Teacher Experience (yrs.), Days Absent in 1st Grade, 1st Grade
School Grade Range, % Students in 1st Grade School Receiving Free Lunch, % Students in 1st Grade School Bused. Student
characteristics determined based on 1st Grade information unless otherwise specified. Coefficient estimates for controls
reported in Appendix.
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5 Identification of Peer Effects From Attrition

5.1 Empirical Framework

Exploiting the panel nature of Project STAR data, I use a fixed effects model to determine the

peer effects from attrition across all students who left Project STAR, controlling for class size.

The dependent variable of interest is a measure of a student’s test score, given by the testing

data in Project STAR. I make use of lagged covariates to measure the effect of attrition

in time t − 1 on test scores of remaining students in time t. Essentially, I am estimating

the strength of the relationship between the test scores of student i and the background

characteristics of student i’s peers, allowing for the possibility that such a relationship may

not exist. For example, student i’s learning is likely to be improved if student j’s test scores

are high. I include school fixed effects to account for unobserved differences across schools.

There are likely to be school-specific, time-invariant effects which this fixed effect picks up

on (e.g. location, funding characteristics, etc.) which should aid in the robustness of my

results.

As explained in the literature review, Sacerdote’s 2001 paper, Peer Effects with Random

Assignment: Results for Dartmouth Roommates, describes many of the issues that arise when

estimating peer effects. Among these, one particular issue within the context of my analysis

is that of the reflection problem. Student i’s contemporaneous test score may have influenced

student j’s contemporaneous test score. Thus, I am unable to make use of contemporaneous

measures of ability on the right hand side of my equation. To eliminate potential bias

that may arise from this problem, Sacerdote lays out a reduced form model for peer effects

estimation which I adapt to include measures of departed peer ability.
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5.1.1 Case for Two Students i, j

The model for two students can be described as follows:

TSt
i = δ + α(TSt−1

i + µi) + β(TSt−1
j + µj) + γ(TSt

j) + ϵi(2)

TSt
j = δ + α(TSt−1

j + µj) + β(TSt−1
i + µi) + γ(TSt

i) + ϵj(3)

Here, TSt is the contemporaneous test score, TSt−1 is the lagged test score and µ repre-

sents the measurement error that arises from the inability to directly observe true ability.19

We assume that µ is uncorrelated with TSt, otherwise the reduced-form estimates will be

biased due to classical measurement error. Substituting equation (3) into equation (2) allows

us to find the following reduced form equation:

(4) TSt
i =

1

1 − γ2
[(1+γ)δ+(α+γβ)TSt−1

i +(β +αγ)TSt−1
j +(α+γβ)µi+(β +αγ)µj +γϵj + ϵi]

Sacerdote simplifies this expression as the following, where π0, π1, π2 are the reduced form

coefficients and η is the error term:

(5) TSt
i = π0,+π1TS

t−1
i + π2TS

t−1
j + η

Here, we know that π2 is not influenced by selection bias due to the randomization of students

in Project STAR and we would interpret coefficients π1 and π2 as the total effect of observed

peer and own lagged test scores on own contemporaneous test scores. We consider the full

set of parameters (δ, α, β, and γ) under-identified. However, under the assumption that

there are no unobserved background characteristics of students i and j that have an effect

on TSt we may observe the following: if π2 ≠ 0, β +α∗γ ≠ 0 and thus β ≠ 0 or γ ≠ 0. As such,

testing the estimate of the coefficient π2 is a valid test for the presence of peer effects.20

19Sacerdote describes measures of ability including test scores as “noisy.”
20If this model were fully identified and we were able to solve for δ, α, β, and γ, β and γ can be interpreted as

casual estimates of the effect of lagged and contemporaneous peer test scores on own academic achievement.

32



5.1.2 Case for Three Students i, j, k Where k Departs

Expanding Sacerdote’s model to include the effect of departed peer, I describe the following:

TSt
i = δ + α(TSt−1

i + µi) + β(TSt−1
j + µj) + θ(TSt−1

k + µk) + γ(TSt
j) + γ′(TSt

k) + ϵi(6)

TSt
j = δ + α(TSt−1

j + µj) + β(TSt−1
i + µi) + θ(TSt−1

k + µk) + γ(TSt
i) + γ′(TSt

k) + ϵi(7)

Here, since student k has departed by time t we not only find TSt
k is unobserved, but

assume that γ′ = 0 due to the fact that departed peers who have left STAR have no effect on

their peers who remained in the experiment. As such, we can once again substitute equation

(7) into equation (6) to yield a reduced form model including the effect of a departed peer:

TSt
i =

1

1 − γ2
[(1 + γ)δ + (α + γβ)TSt−1

i + (β + αγ)TSt−1
j + (θ + θγ)TSt−1

k(8)

+ (α + γβ)µi + (β + αγ)µj + (θ + θγ)µk + γϵj + ϵi]

Which we can simplify as:

(9) TSt
i = π0,+π1TS

t−1
i + π2TS

t−1
j + π3TS

t−1
k + η

In this equation, I assume that the departed peer k is not identical to the peers i, j which

remain in STAR.21 Similar to the previous case, we find the set of structural parameters δ,

α, β, γ, and θ to be under-identified.22 However, by testing the estimate of π3, we may find

21Relaxing this assumption would mean that θ is equivalent to β which would result in the representation
of the effect of peer’s lagged achievement on own test scores as a linear combination of these two quantities
(i.e. β(TSt−1

j + TSt−1
k )).

22If this were fully identified, we could solve for θ which would reflect the causal effect of departed peer
ability on contemporaneous peer ability, assuming student k’s ability is measured without error.
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that if π3 ≠ 0, θ ∗ (1+ γ) ≠ 0, thus θ ≠ 0 - so testing π̂3 is a valid test for the presence of peer

effects of departed peers.23

Thus, I interpret the coefficients π1, π2, and π3 together as the total effect of lagged

departed peer, remaining peer, and own test scores on own contemporaneous test scores

where the departed and remaining peers are assumed to be non identical.

5.1.3 Final Model

Utilizing this theoretical framework, my main model is outlined in equation (10):

TSi,g,c,t,s = β0 + β1(Li,g,c,t−1,s) + β2(Ai,g,c,t−1,s) + β3(CAi,g,c,t−1,s)

+ β4(PAi,g,c,t−1,s) + β5(CTi,g,c,t−1,s) + β6(σL
i,g,c,t−1,s)

+ β7(PAi,g,c,t−1,s ×Li,g,c,t−1,s) + β8(σL
i,g,c,t−1,s ×Li,g,c,t−1,s)

+ β9(Xi,g,c,t−1,s) + αs + +ϵ

(10)

Here, TSi,g,c,t,s is the test score for student i in grade g in classroom c in school s at

time t. Li,g,c,t−1,s is the proportion of students in student i’s class that left the experiment

at time t − 1. Ai,g,c,t−1,s is student i’s ability, measured by their test score in time t − 1.

CAi,g,c,t−1,s is classmate ability for student i. That is, the average test score of the students

in student i’s class (not including student i) that don’t leave the experiment, measured by

their test score in time t − 1. PAi,g,c,t−1,s is the departed peer ability for student i. That is,

the average test score of the students in student i’s class that left the experiment in t − 1.

This is my main coefficient of interest as I am interested in how the leavers’ ability affects

students. CTi,g,c,t−1,s is a categorical variable for the class type student i was enrolled in

during time t − 1 (e.g. small, regular-sized, or regular sized with teachers aide). σL
i,g,c,t−1,s is

the variance in departed peer ability (i.e. the variance in test scores across all departed peers

in student i’s class). PAi,g,c,t−1,s×Li,g,c,t−1,s is an interaction term between the departed peer

23It may be the case that γ = −1, in which case we would not observe θ ≠ 0; however, this is unlikely.

34



ability and the proportion of students who leave the experiment and σL
i,g,c,t−1,s ×Li,g,c,t−1,s is

an interaction between the departed variance in departed peer ability and the proportion

of leavers. Xi,g,c,t−1,s is a vector of controls for each student including observable student,

teacher, and school data. Examples of this include student attendance, teacher’s highest

education level, student’s race, and others. Lastly, αs is the school fixed effect and ϵ is the

regression error term.

5.1.4 Potential Limitations in Estimation

There are additional limitations that may influence the interpretability of my coefficients.

First, since test scores are measured at the end of the year, all measures of lagged test scores

are correlated. The following table shows how the OLS estimates of various lagged measures

change when they are subsequently included in a model:

Table 5: OLS Estimates for First Grade Test Score on Lagged Achievement Measures

Dependent variable: Total 1st Grade Test Score

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

Total Own Kindergarten Test Score 0.911∗∗∗ 0.960∗∗∗ 0.963∗∗∗

(0.023) (0.021) (0.022)

Peer Average Test Score Kindergarten
(Leave-One-Out Mean, Excluding Leavers) 0.140∗∗ -0.435∗∗∗ -0.335∗∗∗

(0.058) (0.059) (0.074)

Mean Test Score of Leavers
in Kindergarten Class 0.121∗∗∗ -0.111∗∗

(0.039) (0.046)

Mean ± SD of Response 2163 ±169 2163 ±169 2157 ±169 2163 ±169 2159 ±169
School Fixed Effects Yes Yes Yes Yes Yes
Observations 2,739 2,739 2,708 2,739 2,509
R2 0.618 0.270 0.271 0.631 0.631
Adjusted R2 0.607 0.250 0.251 0.621 0.619

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Constant not shown. Standard errors clustered at the kindergarten peer-group level

As shown, when lagged own test scores are included, the sign of the coefficient on the

lagged leave-one-out mean peer test scores remains negative (even though based on corre-
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lation and intuition it should be positive). This is also evident in the change of the sign

on the coefficient of lagged departed peer mean test score. In addition, there appears to be

a significant negative correlation with the proportion of student i’s class that left in time

t − 1 and test scores in both time t and t − 1 and kindergarten test scores. These initial

relationships are also depicted in the below scatterplots.

R = 0.54, p < 2.2e−16
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Figure 8: Relationship between proportion of student i’s class that left and test scores.
Red line indicates line of best fit, shaded region indicates confidence interval. P-value for
regression coefficient and correlation coefficient shown.
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R = − 0.13, p = 1.4e−12
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R = − 0.1, p = 5.3e−08
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Figure 9: Relationship between proportion of student i’s class that left and test scores.
Red line indicates line of best fit, shaded region indicates confidence interval. P-value for
regression coefficient and correlation coefficient shown.

As such, the inclusion of all three lagged measures of achievement in addition to the

proportion of leavers results in what appears to be collinearity - there is a high level of

correlation among these variables and their inclusion seems to change the magnitude of their

effect.24 In particular, this inclusion results in a downward shift on the coefficients of lagged

leaver’s means, and lagged peer means as well as upward bias in lagged own test score. In

addition, the positive correlation between leaver’s mean test scores and contemporaneous

own test score is surprising. These correlations also continue with varying degrees between

the 1st and 2nd grade years as well. A discussion of the reason for this relationship is outlined

later in the paper. I subsequently fit two additional models, one which does not include the

mean and variance of lagged peer test scores and one which does not include the proportion

of leavers or the variance in leavers’ test scores. I utilize these specifications to better

understand the nature of the these effects in the data.

24This effect, although not shown in the paper, is also present with the inclusion of interaction terms
between own lagged test scores and both departed and non-departed peer test scores.
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5.2 Results - Peer Effects from Attrition

5.2.1 Grades K-1

Table 6 below depicts the estimates from the peer effects from attrition between grades K-1.

The regression is fit over all students that stayed between grades K and 1 and did not switch

schools. Specification (2) is that with school fixed effects and is my preferred specification.

Specification (3) is a model without the inclusion of the proportion of leavers in a class

and the variance of leavers’ test scores. Specification (4) is a model without the inclusion

of leaver mean test score. The purpose of specifications (3) and (4) are to examine the

effects of the previously explained limitations on my coefficients. I find that, even with the

inclusion of school fixed effects, a student’s own test score is a strong predictor of future test

scores. Additionally, with the inclusion of the proportion of departed peers I find that the

coefficient on kindergarten peer average test scores (leave-one-out mean) is shifted downward.

As examined before, due to the reflection problem among my lagged measures of achievement,

none of my estimates can be interpreted as causal. Additionally, I find that the estimates

of the effect of lagged peer achievement are negative. Correlations in the data point to a

positive association between lagged peer test scores and contemporaneous test scores. Given

the existence of this discrepancy, it is not feasible to interpret these estimates as causal.

We can only conclude that the composite effect of peer and own lagged achievement on

own contemporaneous achievement is positive, with much of this effect attributed to own

achievement and a smaller portion attributed to lagged achievement. Once controlling for

the proportion of peers who left a class, we find that the coefficient on leaver’s mean test

scores is no longer significant.

As well, students who were not on free lunch had first grade test scores approximately

40 points higher than those on free lunch, holding all else constant. This further speaks

to the association between income and ability previously mentioned. Given the general in-

significance of the leaver coefficient and the positive correlation previously identified between
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leavers’ test scores and contemporaneous test scores it may be the case that both channels

of attrition are present in this experiment, though the lower income channel dominates the

higher-income channel. We would expect a positive correlation between mean leaver’s test

score and contemporaneous test score if it meant that the loss of these students increased

achievement (i.e. these students were potentially disruptive to learning) under the assump-

tion that the presence of higher-ability peers have a positive association with learning. Given

the insignificance and downward bias of this effect, it may be the case that the effect of attri-

tion from high-ability students is muted by the effect of attrition from lower-ability students.

Such a result corresponds with the findings regarding attrition.

A potential reason for the negative coefficient on non-departed peer average test score

in kindergarten across specifications (3) and (4) is that of exclusion bias - the phenomenon

whereby when peers are randomly assigned a negative correlation between peer outcomes

may be present.25 Exclusion bias occurs due to the fact that when peers are randomized

into classrooms, they are done so without replacement. As such, since randomization within

STAR occurred at the school level, when school fixed-effects are included in the estimation of

peer effects we observe a negative bias in estimates of peer effects generated by these models.

26 Exclusion bias is reduced when the size of each pool (in this case the number of students

within each Project STAR school) is large enough.27 Since peer departures are perhaps

non-random, such bias cannot explain the negative coefficient on leaver mean test score in

specification (3) (which is a surprising result in and of itself); however, it may be one reason

for why we observe a negative effect of lagged peer test scores on own contemporaneous

achievement.

25Caeyers & Fafchamps (2020).
26Caeyers & Fafchamps (2020) describe that for a student i, if their test scores are above-average then the

average of their “pool” (i.e. the set of students whom they could possibly be randomized with) have scores
lower than that of student i. The converse is true if i’s test scores are lower than average. As such, even
after accounting for the average test score of the pool at the school-level through fixed effects, student i’s
test score “are negatively correlated with the expected value of the remaining peers in the pool.”

27Given the high number of “rural” schools who participated in STAR, it is likely that many of these
selection pools were comparatively “small” thereby increasing the possibility that these coefficients are
potentially somewhat influenced by exclusion bias.
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Table 6: Coefficient-Level Estimates for Peer Effects among Kindergarten Entry Cohort

Dependent variable: Total 1st Grade Test Score

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

Total Kindergarten Test Score 0.905∗∗∗ 0.897∗∗∗ 0.889∗∗∗ 0.880∗∗∗

(0.024) (0.024) (0.023) (0.022)

Proportion of Departed Peers
in Kindergarten Class 12.834 6.955 0.483

(8.243) (7.397) (0.330)

Mean Test Score of Departed Peers
in Kindergarten Class -0.074 -0.118 -0.131∗∗∗

(0.119) (0.090) (0.041)

Variance of Departed Peers Test Score
in Kindergarten Class 0.00000 0.0002

(0.0003) (0.0002)

In Small Classes Kindergarten 12.279 7.366 -0.127 -1.831
(11.808) (11.228) (11.088) (10.578)

In Small Classes 1st Grade 28.105∗∗∗ 33.782∗∗∗ 31.687∗∗∗ 33.088∗∗∗

(10.728) (11.222) (10.843) (10.191)

Non-Departed Peer Average Test Score Kindergarten -0.287∗∗∗ -0.314∗∗∗ -0.359∗∗∗ -0.470∗∗∗

(0.083) (0.070) (0.066) (0.056)

Not Free Lunch 39.369∗∗∗ 39.962∗∗∗ 40.000∗∗∗ 39.962∗∗∗

(6.950) (6.194) (5.802) (6.194)

Proportion of Leavers in K :
Mean Test Score of Leavers in K -0.007 -0.003

(0.005) (0.004)

Proportion of Leavers in K :
Variance of Test Score of Leavers in K -0.00002 -0.00002

(0.00002) (0.00002)

Constant 942.469∗∗∗

(290.964)

Mean ± SD of Response 2159 ± 170 2159 ± 170 2159 ± 169 2159 ± 170
School Fixed Effects No Yes Yes Yes
Observations 2,228 2,250 2,481 2,710
R2 0.606 0.674 0.662 0.663
Adjusted R2 0.599 0.659 0.648 0.651
Residual Std. Error 107.989 (df = 2189) 99.445 (df = 2151) 100.422 (df = 2385) 99.705 (df = 2614)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Controls include: Student Gender, Student Race, Kindergarten Teacher Experience (yrs.), Days absent in Kindergarten,
Receiving Free Lunch, School Grade Range, % Students in School Bused, 1st Grade Teacher Experience (yrs.), Days Absent
in 1st Grade, Received Special Education in K or 1st Grade, Received Special Instruction in K or 1st Grade, Kindergarten
Teacher Education, 1st Grade Teacher Education, 1st Grade Teacher Experience (yrs.), Days Absent in 1st Grade, 1st Grade
Teacher Race. School Urbanicity. Student characteristics determined based on Kindergarten Grade information unless
otherwise specified. Standard errors clustered at the kindergarten peer-group level. Coefficient estimates for controls reported
in Appendix.
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5.2.2 Grades 1-2

Table 7 below depicts the estimates from the peer effects from attrition between grades

1-2. The regression is fit over all students that stayed between grades 1 and 2 and did

not switch schools. Similar to the previous set of models, specification (2) is that with

school fixed effects and is my preferred specification. Specification (3) is a model without

the inclusion of the proportion of leavers in a class and the variance of leavers’ test scores.

Specification (4) is a model without the inclusion of leaver mean test score. As shown, similar

to the previous table, a student’s test scores are a product of their own test scores as well

as the lagged test scores of their peers; however, these lagged peer coefficients seem to be

similarly shifted downward. Exclusion bias may explain some of this; however, it is unclear

what the true reason is for the negative estimated relationship between these outcomes and

own contemporaneous test scores. The effect of income is also replicated here, as students

who were not on free lunch had second grade test scores approximately 21 points higher

than those on free lunch in first grade, holding all else constant. The effect of leavers is

once insignificant among this cohort, potentially providing evidence of the attrition profile

previously described. Given that income was still a significant predictor attrition between

the 1st and 2nd grades, it makes sense why we may subsequently see this insignificance.
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Table 7: Coefficient-Level Estimates for Peer Effects Among All 1st Grade Students

Dependent variable: Total 2nd Grade Test Score

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

Total 1st Grade Test Score 0.816∗∗∗ 0.818∗∗∗ 0.817∗∗∗ 0.811∗∗∗

(0.015) (0.014) (0.012) (0.012)

Proportion of Departed Peers

in 1st Grade Class 5.732 1.909 0.164 0.393
(5.780) (4.341) (0.249) (0.246)

Mean Departed Peer Test Score

in 1st Grade Class -0.019 -0.031 -0.062∗∗∗

(0.083) (0.054) (0.024)

Variance of Departed Peer Test Score

in 1st Grade Class -0.0004 -0.0003
(0.0004) (0.0003)

In Small Classes 1st Grade 3.797 12.751 5.443 8.563
(16.093) (12.769) (12.534) (12.597)

In Small Classes 2nd Grade 14.836 7.630 7.096 4.355
(15.217) (12.614) (12.644) (12.653)

Non-Departed Peer Average Test Score 1st Grade -0.166∗∗∗ -0.234∗∗∗ -0.241∗∗∗ -0.280∗∗∗

(0.051) (0.050) (0.044) (0.043)

Not Free Lunch 23.133∗∗∗ 20.994∗∗∗ 21.041∗∗∗ 21.739∗∗∗

(4.639) (3.820) (3.502) (3.417)

Proportion of Leavers in 1st :

Mean Test Score of Leavers in 1st -0.003 -0.001
(0.003) (0.002)

Proportion of Leavers in 1st :

Variance of Test Score of Leavers in 1st 0.00002 0.00000
(0.00002) (0.00001)

Constant 904.818∗∗∗

(199.156)

Mean ± SD of Response 2354 ± 153 2355 ± 153 2354 ± 153 2362 ± 153
School Fixed Effects No Yes Yes Yes
Observations 3,039 3,085 3,620 3,855
R2 0.695 0.748 0.744 0.741
Adjusted R2 0.692 0.740 0.738 0.734
Residual Std. Error 85.001 (df = 3005) 77.997 (df = 2989) 78.492 (df = 3525) 78.998 (df = 3763)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Controls include: Student Gender, Student Race, 2nd Grade Teacher Experience (yrs.), Days absent in 2nd Grade, Receiving
Free Lunch, School Grade Range, % Students in School Bused, 1st Grade Teacher Experience (yrs.), Days Absent in 1st Grade,
Received Special Education in 2nd or 1st Grade, Received Special Instruction in 2nd or 1st Grade, 2nd Teacher Education, 1st

Grade Teacher Education, 1st Grade Teacher Experience (yrs.), Days Absent in 1st Grade, 1st Grade Teacher Race, 2nd

Grade Teacher Race. School Urbanicity. Student characteristics determined based on 1st Grade information unless otherwise
specified. Standard errors clustered at the 1st grade peer-group level. Coefficient estimates for controls reported in Appendix.
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6 Identification of Attrition Channels

6.1 Empirical Framework

Given that I am unable to directly classify the students who left Project STAR into those

who dropped out, left for private schools, or migrated out of state I estimate the potential

groupings of departed students through a two part procedure. First, utilizing clustering,

I separate students who left the public school system entirely into distinct groups. I sub-

sequently test the sensitivity of these groupings by clustering on different sets of controls,

following a procedure similar to that described in Emily Oster’s 2016 paper: Unobservable

Selection and Coefficient Stability: Theory and Evidence. Such methods allow me to see, un-

der the assumptions of my model, how “non-randomly” would the data have to be selected in

order to observe the clusters I identify. Different sets of controls may induce different selec-

tions for which students may resemble, for example, those likely to leave for private schools,

so understanding how sensitive my model is to these assumptions would be beneficial to

understand the limitations of this analysis.

6.1.1 Clustering Analysis

To group students who left the public school system into “clusters,” I fit a variation of the

k-means clustering algorithm. The usefulness of clustering is that it allows me to separate

students into groups that “look” alike thus allowing me to perhaps infer or make assump-

tions about which students went to private school without the data needed to classify these

students as private school students. K-means clustering is a technique through which for a

given set of observations, these observations are separated into k sets such that some notion

of “closeness” within the points in the set is minimized. To explain more rigorously:

Imagine we have a collection of N students who we know left the public school system

x1, . . . , xn denoted by the set X. For each of these students there exists a d×1 vector v⃗i ∈ RD

where each row of the vector represents the value of each covariate for student xi (i.e. row one
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is race, row two is gender, etc.). We denote the set of these vectors as V = {v⃗1, . . . , v⃗n}. First,

we take k random points in X and generate a set M = m1, . . . ,mk of the mean Euclidean

distances between all of the points and each of the randomly selected initialization points.

Then, we assign each xi to the cluster with the closest mean: that is the cluster with the

least squared Euclidean distance.

We end up with k clusters which represent points that are “close” to one another. We

then iterate this process multiple times, recalculating the means of the observations assigned

to each cluster. We thus end up with k clusters of observations in X which we believe to be

“similar” in some way.

6.1.2 Beyond K-Means

K-means, although a widely used model, is only applicable for clustering around numeric

variables. For ordinal or categorical variables (e.g. free-lunch status) it is hard to discern

what the “difference” between two levels of a variable may be. For example, if one observa-

tion’s Ecludiean distance from another is .5, what does this mean for a variable that takes

values of 0 or 1? How is one able to discern what a free-lunch status of 0.5 is? Thus, other

techniques are required for mixed numerical and categorical data. I utilize a variation of

that outlined by Filaire (2018).

In order to measure distances or, more accurately, dissimilarities between categorical

features, I utilize the Gower distance:

(11) d(i, j) = 1

p

p

∑
i=1

d
(f)
ij

Here, f corresponds to a given variable between two observations i, j and d(i, j) is the

dissimilarity between these two observations along that feature. For numerical variables,
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dissimilarity is observed according to the following formula:

(12) d
(f)
i,j =

∣ xif − xjf ∣
Rf

This is calculated as the absolute value difference between the two values for the variable

f across observations i, j divided by Rf , the maximum range observed in the data between

two variables of this given variable.

For categorical variables, differences are either 1 or 0, where 0 indicates two different

values and 1 indicates the same value.

6.1.3 K-Medoids

In conjunction with the Gower distance, I utilize the K-Medoids algorithm, a variation of

K means. K-Medoids breaks the data into groups around medoids and minimizes, in this

case, the Gower distance between observations. Initialization points in K-Medoids, unlike

K-Means, are actual data points, rather than random points within the N dimensional space

the observations may occupy. This lends for better interpretation regarding the “center” of

each cluster. Additionally, when combined with the Gower distance, K-Medoids is more

robust than K-Means to noise and outliers due to its minimization of dissimilarities rather

than Euclidean distances. To explain more rigorously:

Say we have dataX ∶ x1, x2, . . . , xn and a distance metric d. First, the algorithm randomly

selects k of the n total data points as medoids where k is an exogenously selected parameter.

A medoid of a dataset is defined as the following:

M = argmin
y∈X

n

∑
i=1

d(y, xi)

Among these medoids, we calculate the distance between each datapoint xi and the each of

the randomly selected initial medoids. Then, we assign each xi to the medoid to which it is

least dissimilar: that is the cluster it is “closest” to as determined by our distance metric d.
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We end up with k clusters which represent points that are most “similar” to one another. We

then iterate this process multiple times, recalculating the dissimilarities of the observations

assigned to each cluster. We thus end up with k clusters of observations in X which we

believe to be “similar” in some way.

6.1.4 Assessing Optimiality

In order to determine the optimal number of clusters K, I utilize the silhouette coefficient.

This value determines how similar an observation is to its own cluster when compared to

others. The value ranges from -1 to 1, where higher values indicate more optimal conditions

for clustering. To explain more rigorously:

Once the data has been clustered by K-Medoids into K distinct clusters Ck, for any data

point i ∈ Ck, we can denote:

a(i) = 1

∣ Ck ∣
∑

j∈Ck,i≠j
d(i, j)

as the mean distances between each point i and all other points in the cluster Ck. Here,

we subtract 1 from ∣ Ck ∣ due to the fact that we do not want to account for the distance

between i and itself (d(i, i)). The smaller a(i) is the closer i is to the points in its cluster.

We can thus consider the silhouette value of a data point i to be the following:

(13) s(i) = argmin{a(i)} − a(i)
max{argmin{a(i)}, a(i)}

where argmin{a(i)} represents the smaller minimum distance between i and all points

in clusters for which i is not a member. Thus, a value of s(i) close to 1 indicates that

observations are well matched (i.e. the level of dissimilarity a(i) between data points is

minimized). We can subsequently plot the mean of these silhouette values for different

numbers of clusters and determine what the optimal cluster size is based on the maximal

interpretive silhouette value.
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6.2 Results - Clustering Analysis of Attrition

6.2.1 Baseline Analysis for Two Groups

The following clustering analysis is undertaken among departed students in the kindergarten

cohort. Students may have left immediately after kindergarten or later on in the experiment.

I utilize a number of observed background characteristics to construct clusters of similar stu-

dents, examining how sensitive group selection is to the choice of background characteristics

used in clustering.

(a) Clusters for Data Without Controls for In-
come

(b) Clusters for Data Without Controls for
Achievement

(c) Clusters for Data With all Controls

Figure 10: Visualization of Clusters for K=2

The above figure depicts a visualization of different clustering arrangements for K = 2

clusters across datasets with various controls. In this context, I define controls as the vari-

ables utilized to construct the clusters. These figures represent a low dimensional illustration

of the clusters created. As such, their interpretability is simply to visualize how the clusters
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are formed. If the clusters seem to be distinct with little overlap, it indicates that the choice

of clusters k is correct. It appears, at least initially, that these clusters are non-overlapping

with clear delineations and high levels of similarity across observations. The dataset shown

in Figure 6(a) includes controls for: race; gender; and kindergarten test scores in math,

reading, listening, and world skills. The dataset shown in Figure 6(b) includes controls for:

race; gender; free-lunch status; special education; special instruction; recommendation to

repeat kindergarten; and days absent in kindergarten. The dataset shown in Figure 6(c)

includes controls for: race; gender; kindergarten test scores in math, reading, listening, and

world skills; free-lunch status; special education; special instruction; and days absent in

kindergarten. A summary table of the clusters is provided below:

All Controls No Income Controls No Test Score Controls

Cluster:
Number of Observations:

(1)
726

(2)
836

(1)
729

(2)
838

(1)
725

(2)
835

Race
White 59.2% 59.9% 59.3% 60% 59.2% 60%
Black 39.9% 39.4% 39.7% 39.1% 40% 39.3%
Asian 0.15% 0.36% 0.12% 0.3% 0.13% 0.36%
Hispanic 0.15% 0.11% 0.12% 0.2% 0.13% 0.11%
Native American 0.3% 0% 0.24% 0% 0.27% 0%
Other 0.3% 0.23% 0.24% 0.3% 0.27% 0.23%

Mean Kindergarten Test Scores
Math SAT Scaled Score 476.3 465.1 475.7 464.7 476.3 465
Reading SAT Scaled Score 431.6 424.7 431.3 424.5 431.6 424.7
Listening SAT Scaled Score 532 525.4 531.9 525.9 532 525.4
Word Study Skills SAT Scaled Score 428.7 422.2 428.1 421.83 428.7 422.2

Male 0% 100% 0% 100% 0% 100%
Free Lunch 57% 56.5% 56.8% 56% 56.7% 56.4%
Special Education 3.3% 5.2% 3.7% 5.2% 3.3% 5.3%
Receives Special Instruction 5% 6.2% 4.4% 5.7% 5% 6.2%
Mean Days Absent 11.3 11.6 11.7 12 11.3 11.6

Table 8: Summary table of characteristics for students in clusters.
Note: all values correspond to kindergarten-grade information unless otherwise specified. All
students represented in the table are those that left the experiment. Variable definitions are
consistent with Table 1.

When examining Table 8 it becomes clear that for K = 2 clusters the algorithm is merely

separating students by gender. As shown, these clusters look almost identical. If two distinct
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channels of attrition were present within the data, we would find that when K = 2 one

cluster would be comprised of low-income, low-ability individuals whereas the other would

be comprised of high-income, high-ability individuals. As shown, this is clearly not the

case. It is likely that attrition within Project STAR is due to other factors which aren’t

distinguishable in two clear groups.

6.2.2 Attrition Pathways From Optimal Group Selection

Figure 11: Silhouette Plot for Data
Including All Controls

Figure 12: Visualization of Optimal Cluster-
ing
for Data Including All Controls

The above figure depicts the optimal number of clusters for the dataset including all controls.

As shown, it appears from Figure 7 that a value of K = 6 seems optimal. Figure 8’s depiction

of these clusters shows some distinct regions, though clusters 1 and 4 as well as clusters 3

and 5 do overlap.
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Figure 13: Silhouette Plot for Data
Without Controls for Income

Figure 14: Optimal Clustering
for Data Without Controls for Income

The above figure depicts the optimal number of clusters for the dataset without controls

for income. As shown, it appears from Figure 9 that a value of K = 4 seems optimal.

Figure 10’s depiction of these clusters shows clear distinctions between clusters, indicating

high levels of convergence in the algorithm and high levels of similarity between points in

clusters.

Figure 15: Silhouette Plot for Data
Without Controls for Achievement

Figure 16: Visualization of Optimal Cluster-
ing for Data Without Controls for Achieve-
ment

The above figure depicts the optimal number of clusters for the dataset without controls

for student achievement. As shown, it appears from Figure 11 that a value of K = 6 seems

optimal. Figure 12’s depiction of these clusters shows some distinct regions, though clusters

1 and 4 as well as clusters 3 and 6 do overlap. In addition, I include a summary table below
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of the clusters generated by using K = 6 on the data with all controls.

Cluster:
Number of Observations:

(1)
257

(2)
198

(3)
300

(4)
291

(5)
337

(6)
175

Race
White 0% 100% 0% 87% 90% 100%
Black 100% 0% 100% 13% 8% 0%
Asian 0% 0% 0% 0% 1% 0%
Hispanic 0% 0% 0% 0% 1% 0%
Native American .6% 0% 0% 0% 0% 0%
Other 0% 0 % 0% 0% 0% 0%

Mean Kindergarten Test Scores
Math SAT Scaled Score 460.6 460.9 449.1 494 481.7 470
Reading SAT Scaled Score 420 421.1 414.3 440 436.1 426
Listening SAT Scaled Score 513.5 525.2 507.7 549.2 560 530
Word Study Skills SAT Scaled Score 415 417.4 411.1 444.5 435 422.7

Male 0% 100% 0% 100% 0% 100%
Free Lunch 92% 100% 91% 0% 0% 100%
Special Education 1.6% 8.6% 3.3% 2.4% 5% 7.4%
Receives Special Instruction 0% 12.1% 2.7% 3.8% 6% 14.3%
Mean Days Absent 11.5 16.5 10.1 9.8 10.1 13.5

Table 9: Summary table of characteristics for students in clusters for K = 6.
Note: all values correspond to kindergarten-grade information unless otherwise specified. All
students represented in the table are those that left the experiment. Variable definitions are
consistent with Table 1.

The above silhouette plots and visualizations show that there are potentially more than

5 distinct groups of students that are leaving Project STAR. As such, it is most likely

the case that there is a high association between being low-income and/or low-ability and

attrition; however, among this group of students there is potentially more granular channels

of attrition. In total, it seems that the clustering is sensitive to the inclusion of controls

for income. This is further illustrated in the similarity between Figures 7 and 11. This

result corresponds with the results for attrition among the kindergarten cohort. As shown

in the summary table, clusters (4) and (5) seem to be a higher-ability, higher-income cluster

and clusters (1), (2), (3), and (6) seem to be lower ability, lower income and broken up by

race and gender. This, in fact, does provide evidence for a distinct channel of attrition for

higher-income and higher-ability groups. It seems that primarily low-income and low-ability
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students in the kindergarten cohort were the ones that departed STAR, and there were

varying groups of these students which can be classified based on race and gender. However,

there is also a group of higher-ability, higher-income students who left star as evidenced by

groups (4) and (5) although this group is much smaller in size as compared to the others.

7 Discussion

7.1 Attrition in Project STAR

There exists some evidence of two unique channels of attrition for students in Project STAR.

The first is a channel through which low-income and low-ability (defined as in the bottom

25th percentile) students exit the public school system. Although my paper does not identify

the mechanism through which this occurs, the identification of this channel is consistent

with other analyses in the literature.28 In general, low-income and low-ability students are

more likely to exit the public school system than their counterparts. This result is depicted

not only in the results from the AFT model of attrition but also from the non-parametric

Kaplan-Meier estimates. That being said, it seems that the presence of this channel begins

to diminish as the experiment went on. Reasons for this are unclear but one possibility

is a reduction in the number of students that were recommended to repeat a grade after

the 3rd year of the experiment. Differential attrition based on class size seems to not be

significant after controlling for income. I interpret these findings as strong evidence that

attrition of low-income and often low-ability students was prevalent in Project STAR. An

alternative explanation though may be that there was a financial shock unique to these

neighborhoods or Project STAR schools during the first two years of the experiment that

caused a significant number of low-income students to leave the public school system. Since I

am unable to control for economic conditions across schools beyond the school-level controls

collected within Project STAR such a shock may be possible however it is unlikely given

28This is consistent with findings in Fernandez-Suarez, et al. (2016) and other papers.
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other analyses of STAR in the literature.

At the same time, as evidenced by the clustering analysis, there appears to be evidence

of a pathway of attrition among high-income and/or higher-ability students. Such students,

though they only comprise about 40% of the total students that left STAR among the

kindergarten entry cohort, are still starkly different from their lower income counterparts.

The existence of these students is further evidenced by the insignificance of and initial positive

association (as depicted in Figure 8) between leaver mean test score and student achievement.

If these departed students were of varying ability it would make sense that peer effects

from such attrition would be insignificant and its correlation would be positive, under the

assumption that higher-ability peers are associated with gains in achievement. In all, it seems

that the two channels of attrition I identify seem to be the dominant channels of attrition

among students in STAR and among these the low-income channel seems to dominate. That

being said, the generalizeability of these results to public schools writ large must be taken

with caution. There are many things unique to Project STAR that may have influenced the

existence of these attrition pathways including voluntary school selection into the program,

attrition due to assignment in an “unfavorable” class or other issues with measurement.

7.2 Peer Effects from Leavers

Peer effects estimation is especially tricky and many models of estimation may potentially

be subject to some bias. Due to the reflection problem as well as my inability to measure

true ability, the peer effects estimates I have outlined cannot be interpreted as causal. How-

ever, given that students were randomly assigned to classrooms, the null hypothesis of my

models would predict no relationship between peer and own outcomes and it seems that the

data within Project STAR reject this null. As such, there is a relationship between own

and peer outcomes and this relationship is most likely positive. Peer effects estimation must

take into account the outcomes of departed peers as it is likely that these peers, although

not interacting with students contemporaneously, potentially have an association with their
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achievement. It seems that the total effect of peer background on own achievement is a

combination of the effect of contemporaneous peer achievement, lagged peer achievement,

departed peer achievement. That being said, the introduction of controls such as the pro-

portion of peers that left a student’s class - although related to departed peer achievement -

in addition to the presence of exclusion bias likely shift estimates of the association between

lagged peer achievement and contemporaneous achievement downward.

8 Conclusion

There exists evidence of two channels of attrition within Project STAR: one which is primar-

ily comprised of low-income, low-ability students and another comprised of higher-income,

higher-ability students. The low-income channel appears to dominate the high-income chan-

nel; however, attrition in general seemed to decrease as the experiment went on. This may

indicate that within elementary-education, students who are most likely to leave the pub-

lic school system are those from low-income families. The effects of this attrition on the

students they leave behind are unclear. Better measures of pre-randomization achievement

are required to properly measure the peer effects of attrition. There is some evidence that

peer characteristics influence student outcomes positively; however, the magnitude and sig-

nificance of this relationship is unclear. Further research is required to better understand

the impact of attrition on achievement in early education as well as the generalizability of

this findings across public schools. If there exists a negative association between departed

peer ability and students own test scores the following year, policymakers may be inclined

to introduce targeting measures in order to reduce these effects; however, better empirical

methods and data are required to have a full understanding of these effects themselves.
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10 Appendix

10.1 Diagnostic Convergence – AFT Model of Kindergarten Co-

hort
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Figure 17: Plot of convergence for AFT Model of Kindergarten Cohort Attrition. Red line
represents Weibull distribution, black line represents attrition as modeled by the residuals.

10.2 Diagnostic Convergence – AFT Model of 1-2 Attrition
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Figure 18: Plot of convergence for AFT Model of 1st Grade and Beyond Attrition. Red line
represents Weibull distribution, black line represents attrition as modeled by the residuals.
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10.3 Estimates of Controls - AFT Model of Kindergarten Cohort

Dependent variable: Years Until First Exit

All Students in K-Cohort

Students Who Stayed

Past First Grade

(1) (2)

Student Gender: Female 0.094∗∗∗ 0.098∗∗∗

(0.029) (0.027)

Student Race: Black 0.253∗∗∗ 0.103∗∗

(0.054) (0.052)

Student Race: Asian 0.236 0.168
(0.334) (0.330)

Student Race: Hispanic -0.714 5.707
(0.528) (422.116)

Student Race: Native American -1.536∗∗∗

(0.528)

Student Race: Other -0.749∗∗ -0.393
(0.335) (0.467)

Teacher Experience (yrs.) -0.004 -0.005∗∗

(0.003) (0.002)

Days Absent -0.011∗∗∗ -0.007∗∗∗

(0.001) (0.001)

Kindergarten School K-4 0.112 0.120
(0.087) (0.074)

Kindergarten School K-5 -0.161∗∗ 0.057
(0.077) (0.066)

Kindergarten School K-6 0.059 0.027
(0.076) (0.062)

Kindergarten School K-7 0.463∗∗ 0.402∗∗

(0.235) (0.185)

Kindergarten School K-8 0.030 0.162∗∗

(0.080) (0.069)

Kindergarten School K-9 -1.041∗∗∗ -0.909∗

(0.133) (0.480)

Percent Kids in Kindergarten School Receiving Free Lunch 0.0005 -0.002
(0.001) (0.001)

Percent Kids bused in Kindergarten School 0.004∗∗∗ 0.001
(0.001) (0.001)

Observations 5,504 3,970
Log Likelihood -6,816.844 -3,625.752

χ2 1,163.570∗∗∗ (df = 26) 456.399∗∗∗ (df = 27)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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10.4 Estimates of Controls - AFT Model of 1-2 Attrition

Dependent variable: Years Until First Exit

All Students in 1st Grade Students Who Stayed Past 2nd Grade

(1) (2)

Student Gender: Female 0.014 -0.002
(0.011) (0.002)

Student Race: Black 0.063∗∗∗ 0.001
(0.019) (0.003)

Student Race: Asian -0.101 -0.004
(0.097) (0.016)

Student Race: Hispanic 0.091 0.031
(0.193) (0.042)

Student Race: Native American -0.957∗∗∗

(0.167)

Student Race: Other -0.190 0.004
(0.126) (0.030)

Teacher Experience (yrs.) -0.0003 -0.00002
(0.001) (0.0001)

Days Absent -0.002∗∗ 0.00002
(0.001) (0.0001)

1st Grade School K-4 0.015 0.001
(0.027) (0.004)

1st Grade School K-5 0.054∗∗ 0.008∗∗

(0.026) (0.004)

1st Grade School K-6 -0.003 -0.0004
(0.023) (0.003)

1st Grade School K-7 0.225∗∗∗ 0.009
(0.073) (0.010)

1st Grade School K-8 0.042∗ 0.001
(0.025) (0.004)

1st Grade School K-9 -0.001∗∗∗ -0.0002∗∗

(0.0004) (0.0001)

Percent Kids in 1st Grade School Receiving Free Lunch 0.0005 -0.00001
(0.0003) (0.00005)

Percent Kids bused in 1st Grade School 1.132∗∗∗ 1.145∗∗∗

(0.115) (0.021)

Observations 5,354 4,077
Log Likelihood -6,478.014 -327.022
χ2 299.507∗∗∗ (df = 25) 66.298∗∗∗ (df = 26)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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10.5 Estimates of Controls - K-1 Peer Effects

60



10.6 Estimates of Controls - 1-2 Peer Effects
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