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ABSTRACT 

This research gives a multidimensional investigation into community policies that 

are becoming more prevalent in American society. In Chapter 1,  I apply multiple Value-

Added Models (VAM) of achievement to data from the North Carolina Education Research 

Data Center (NCERDC) to determine the academic impacts of repeating a year (or more) 

with the same teacher on student achievement in math and reading. Given the growing 

trend in schools and teaching practices, like looping, that pair teachers and students for 

multiple years, this research finds contrasting results about the gains in academic 

achievement associated with repeating with a teacher. Specifically, while there is evidence 

that students on average have higher scores when repeating with a teacher, this effect is 

mitigated when one controls for teacher quality. Using limited probability models, I find 

students are 29\%-34\% and 42\%-46\% more likely to repeat with a teacher whose Value-

Added estimate is in the top 20\% of teacher-quality compared to a teacher in the bottom 

20\% in math and reading, respectively. This nonrandom assignment of students to 

teachers, creates upward bias in the estimated achievement effects of repeating with a 

teacher that have previously been unaccounted for. In chapters 1 and 2, I account for 

nonrandom assignment finding non-significant gains in achievement associated with 

repeating with a teacher. 

While Chapter 1 finds non-significant gains to student achievement, Chapter 2 

investigates if there are any non-cognitive gains students experience when they repeat with 

a teacher for another year. Using the same longitudinal data from the NCERDC, Chapter 

2’s results indicate increases in character-trait measures associated with teacher and student 

perceptions of academic success and effort. Using multiple partial persistence VAMs that 
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include controls for student heterogeneity and for teacher quality, the estimated effects on 

a teacher's subjective scoring of a student's academic success, student's anticipated grade 

for the year, and student attendance are all significantly greater than zero. Taken together, 

the positive effects from students repeating with the same teacher reveal themselves 

prevalently on character-trait improvements rather than on contemporaneous achievement 

scores. 

In Chapter 3, I investigate the causal direction of a popular policing policy. 

Although there are a large number of studies testing Broken Windows Theory (BWT) 

(Wilson & Kelling, 1982), the reverse theoretical pathway has never been assessed (risk 

perceptions predicting incivilities perceptions). It is estimated in Chapter 3 using panel 

data from Baltimore. Results show lagged, multilevel impacts of risk perceptions on 

changes in incivilities perceptions. Further, results show the impact of risk perceptions on 

seeing later changes in neighborhood problems varies significantly across street blocks. 

Findings support Harcourt’s (2001) assertion that “disorder” is not a fixed and 

unambiguous label; rather, it is dependent upon a person defining his or her surroundings. 

People who feel a high degree of crime risk are “biased” (Hipp, 2010; Wallace, 2011) 

toward defining neighborhood features as more problematic than those who do not. 
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CHAPTER 1 

ACHIEVEMENT GAINS 

Introduction 

How long should a student and teacher maintain their educational relationship to 

maximize the student’s human capital growth? In most U.S. public elementary schools, 

a student is in a teacher’s classroom for 180 days (Schools and Staffing Survey, 2017), 

before moving on to the next grade and teacher. Length of school year policy and the 

subsequent switching of teachers is, however, arguably due more to social norms than to 

an analysis of what is optimal for the student. A student is best served switching to a 

new teacher only when the benefits outweigh the costs of doing so. For a student, benefits 

of the switch are associated with experiencing a new, different teacher’s skill set. 

Opportunity costs of the switch include foregone benefits of maintaining an established 

relationship between the student and teacher. An increasing number of schools are 

questioning whether students can benefit from remaining with teachers for longer than 

180 days. In both public and private schools across the U.S., looping and multi-year 

teaching policies are becoming more common. Programs like these allow students and 

teachers to remain together for multiple school years and necessitates the question of 

whether a student acquires more knowledge by staying with a teacher for multiple years 

rather than switching to a new one. This research investigates this question by comparing 

achievement growth in math and reading scores of elementary school students that are 

with a teacher for two (or more) years to “traditional” students that are only with a teacher 

for one year. 

Looping1 is defined as the educational practice of teachers and students remaining 

together for two or more years (Thompson, Franz, & Miller, 2009). Advocates of looping 

can be found in both peer-reviewed journal articles (Simel, 1998;Hitz, Somers, & Jenlink, 

2007) and mass media outlets (Finder, 2005) alike and has led to growing implementation  
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of this teaching practice. While many looping classrooms are not formally reported, it 

has been suggested that looping has been implemented, to varying degrees, in thousands 

of schools across the United States.  In some school districts looping is offered at every 

grade level, while in others an individual teacher initiates the practice. Looping occurs 

most frequently in elementary schools, but is also present in middle schools. Both public 

and private schools, such as Waldorf Schools, employ looping (Grant et al., 1996). Despite 

the growing popularity of looping, estimates of significant effects on student achievement 

have not been thoroughly investigated. While this research does not specifically test the 

effects of looping, it does investigate whether the additional instruction time associated with 

looping leads to increases in a student’s achievement growth. Whether a student will 

experience higher achievement from repeating with a previous teacher remains 

theoretically ambiguous. 

The theoretical ambiguity of the effect on achievement largely results from the size 

of the adjustment costs related to a student (including parents) and teacher establishing 

a working, trusting relationship. Adjustment costs are mostly comprised of the time the 

student and teacher must spend establishing trust and becoming acquainted with each 

other’s respective learning and teaching habits. These are paid in foregone time spent on 

the education curriculum and reflected by lower student achievement. Using test scores 

as a representative measure of human capital gain, if adjustment costs are greater than the 

test- score benefits of any unique skills of the new teacher, the student will score higher on 

math and reading achievement tests by remaining with her current teacher. When the 

reverse is true the student will experience higher achievement scores by moving to a new 

teacher’s classroom. 

Determining the magnitude of the adjustment costs begins with empirically testing 

whether students that remain with their teacher for greater than one school year experience 

an increased gain in achievement. Surprisingly, there is little peer-reviewed research on this 

seemingly interesting topic. The limited amount that is available comes from Cistone and 
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Shneyderman (2004) and Rodriguez and Arenz (2007). In both papers, the authors find that 

looped elementary students perform significantly better than their non-looped counterparts 

in measures such as math and reading achievement, writing strategies, and vocabulary. 

While these descriptive results provide preliminary evidence regarding the benefits 

of students staying with teachers for multiple years, by simply comparing mean 

outcomes of groups of students that have been looped with those that have not, they lack 

controls for confounding influences that can create bias in the estimated effects. Such 

confounding influences include student-specific characteristics, teacher-specific 

characteristics including teacher quality, and self-selection into the treatment group. By 

controlling for these con- founding variables, the current research enlightens this darkened 

corner of the literature. 

To answer this question, I extend the Value-Added Models (VAM) of teaching 

quality initially proposed by E. Hanushek (1971) and later refined by Todd and Wolpin 

(2003), Rockoff (2004), and Rivkin, Hanushek, and Kain (2005) among many others. 

While widely used, these models of teacher quality are not without critics. Jesse 

Rothstein highlighted the bias in VAM estimates associated with nonrandom student 

sorting into teachers’ class- rooms (Rothstein, 2009, 2010). However, since Rothstein’s 

criticisms, researchers have found new ways to mitigate the bias in VAM estimates to 

insignificance by evaluating teachers over multiple years (Koedel & Betts, 2011) and by 

including appropriate controls in the VAM framework (Chetty, Friedman, & Rockoff, 

2014b). Both of these techniques are used in the current investigation. 

Much of the ongoing dispute over the validity of VAMs is centered around the 

magnitude of bias in their estimates. While this is a necessary and important concern, it 

overshadows the usefulness of VAMs. VAMs can be used to control for teacher quality 

while investigating the impacts of other educational inputs. In this research, I use the 

underlying framework of VAMs to control for teacher quality. This allows me to investigate 

the causal effects of repeating with a previous teacher independent of a teacher’s quality. 
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In doing so I underscore, despite the flaws commonly associated with VAMs, they are still 

one of the most helpful tools education researchers can use to control for teacher quality. 

Controlling for teacher quality proves to be very important in the current research. 

Using matched student and teacher data from the North Carolina Education Research Data 

Center (NCERDC), this research begins with an Ordinary Least Squares regression model 

to test whether a student experiences achievement gains from repeating with a teacher 

he has had previously. Initially, while only controlling for student, school, and class- 

room/peer characteristics I find results that agree with Cistone and Shneyderman (2004) 

and Rodriguez and Arenz (2007). Specifically, I find that students experience statistically 

significant increases in achievement scores in both reading and math. However, once I 

control for teacher quality using a VAM structure where past inputs decay geometrically, 

the positive estimates of repeating with a teacher on math and reading test scores are 

almost completely mitigated and no longer statistically different from zero. 

This latter finding highlights that not controlling for teacher quality may create up- 

ward omitted variable bias in estimates measuring the effects of repeating with a teacher 

on student achievement. The initial upwardly-biased estimates are due to a positive 

correlation between the variable of interest (whether a student is repeating with a 

previous teacher or not) and the omitted variable (teacher quality). I hypothesize that 

this is most likely associated with higher quality teachers having a larger proportion of 

repeating students than lower quality teachers. I investigate this assertion, by using a 

number of limited dependent variable models to test whether higher quality teachers 

have an increased probability of having a student she has previously taught. I find 

support for this hypothesis by estimating that higher quality teachers have a 29% to 46% 

greater chance of having a repeating student. 

The research conducted in this investigation emphasizes that controlling for a 

teacher’s quality is paramount to understanding the payoffs of a student repeating with a 

teacher. Accounting for teacher quality, something not done in previous studies, yields 
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surprising and opposing results. While this research does not investigate all the effects of 

repeating with a teacher and students may still benefit in non-academic measures, it does 

gives strong evidence that repeating with a teacher doesn’t academically benefit the 

student as much as initially determined. 

The rest of this paper is organized as follows: The second section reviews the liter- 

ature, the third specifies the data used to answer the research questions, the fourth tests the 

effects of repeating with a teacher on student achievement, the fifth tests nonrandom class- 

room sorting, the sixth discusses the results and the seventh concludes and offers future 

work recommendations. 

Review of Literature 

Attempts to identify the true effects teachers have on student achievement are well- 

documented (Gordon, Kane, & Staiger, 2006; Lockwood & McCaffrey, 2009) Almost all 

of the research in this area, however, focuses on a teacher’s yearly impact on a student. 

There is little published literature on the effect of a student having a teacher for more than 

a year and specifically whether the relationship between the time a student is in a teacher’s 

classroom exhibits constant, increasing or decreasing returns to academic achievement. 

Before theorizing about the relationship between student achievement and  

time in a teacher’s classroom, it is necessary to understand the overarching effects  

teachers have on student academic achievement and the importance of allocating 

teachers to students efficiently. Rivkin et al. (2005) find, while controlling for school, 

grade, and student het- erogeneity, that a one standard deviation increase from the mean 

in teacher quality raises average student achievement by about .1 standard deviations of 

the standardized math test score distribution. This result highlights that a 10-student 

reduction in class size has a smaller positive effect on achievement than a one standard 

deviation increase in teacher quality. E. A. Hanushek (2003) highlights the importance  
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of teacher quality as well as the quality of education overall. He reviews the impacts of 

the dramatic increases in school resources, such as smaller class sizes and tighter teacher 

credentials, during the 1990s and early 2000s. He compares these estimated effects with 

an incentive system designed to increase teacher quality, finding that the change to the 

incentive system is almost always superior to an increase in educational inputs. 

The number of years a student spends in primary education has long been a common 

proxy for human capital formation. While the quantity of educational attainment provides 

basic but important information on an individual’s productivity, the quality of the education 

attained should not be overlooked. (Dugan, Jamison, & Radner, 1976; Manski & Wise, 

1983; Rivkin, 1995) find that a student’s education quality has significant effects on both 

the quantity of education attained (College/high school completion) and on the individual’s 

productivity capabilities. Furthermore, Chetty, Friedman, and Rockoff (2014c) show that 

estimates of teacher impacts on test scores (as measured by Value-Added Models) are a 

good measure of teacher quality and 2) students assigned to high quality teachers are more 

likely to attend college, earn high salaries, and are less likely to have children as teenagers. 

Given the benefits students experience from having a high-quality teacher, it is critical to 

understand how to best allocate teachers in order to maximize the level of teaching 

quality students receive. Previous literature tests for changes in teacher quality when 

students and teachers are matched based on gender, race, and ethnicity, but finds no 

significant statistical differences (Ehrenberg, Goldhaber, & Brewer, 1995; Winters, 

Haight, Swaim, & Pickering, 2013). Kenny (1982) provides a theoretical framework to 

measure education input quality and finds that “schools operate in the range of increasing 

returns to school inputs.” Kinsler (2016) extends the basic Value-Added Model research to 

include teacher complementarities across grades. Although Kinsler finds only very small 

instructional complementarities between different teachers, he does not explore whether 

there are instructional complementarities across grades for the same teacher with the same 

student. The current research investigates opportunities to increase teacher quality by 
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reallocating teachers to classrooms containing students they’ve previously taught. 

To best explain how teacher reallocation can present opportunities for increased 

teacher quality, it is useful to understand the evolving relationship between teachers and 

students. From the School Psychology literature, Simonds et al. (1994) find that both 

students and teachers recognize that interpersonal communication is key to the academic 

success of the student-teacher relationship. Shamai, Ilatov, Hertz-Lazarovitz, and 

Bentsvi-Mayer (1995) establish that the teacher bears more responsibility for establishing 

and maintaining this relationship. This responsibility, or “power to realize” (Campbell, 

Kyriakides, Muijs, & Robinson, 2003) emphasizes that effective teachers have “power” 

over what occurs in their classroom. Kerssen-Griep, Gayle, and Preiss (2006) extend this 

result by concluding that this power is most likely derived from the authority teachers 

have in their classrooms and that students give this authority to teachers by consenting and 

cooperating towards the common goal of education attainment (Brown, 2004; Elliott, 

2009). The time a teacher needs to establish classroom authority and the length of time 

this authority continues is difficult to quantify. Empirically testing the achievement 

differences between classrooms where the teacher’s authority is already realized 

(classroom where an existing student-teacher relationship is established) and classrooms 

where it is not, is an important first step in understanding the opportunity cost of 

establishing classroom authority. 

Students that begin the school-year in the classroom of a teacher they’ve had 

previously and where teacher authority has already been established, provides teachers 

with additional time to allocate towards instruction. Teachers estimate they gain an 

additional month of instructional time during the second year repeating with students 

(Gaustad, 1998). Furthermore, this affords additional stability, enhancing relationships 

between the teacher and the student and the teacher and the student’s parents. The 

additional stability also pro- vides the opportunity for deeper student engagement in the 

education process (Thompson et al., 2009). Enhanced student engagement has been found 
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to be especially true for students whose lives outside of school are unstable (Simel, 1998). 

Repeating with a teacher is not without its disadvantages, however. In classrooms 

where classmates are with a teacher for a second year, there is a greater chance for a student 

that has not had a teacher previously to become jealous. Because teachers are required to 

prepare lessons that cover at least two years’ worth of material, they have less time to 

perfect their lessons through repetition. Additionally, if a teacher has any specific 

weaknesses in her teaching skill set, these weaknesses will persist for multiple years. 

Similarly, teachers have concerns about being placed with a difficult student and/or 

parents for multiple years. (Thompson et al., 2009). 

Empirically understanding whether the benefits of repeating with a teacher out- 

weigh its costs is difficult because students are usually non-randomly selected to repeat 

with a teacher. Students that have exceptional learning needs are specifically targeted as 

well as teachers that volunteer for looping teaching assignments. Because these students 

and teachers are not random draws from the overall school population, accurately 

comparing student achievement is difficult. To alleviate this problem and to drastically 

increase the sizes of the samples used in this research, I use information on students 

matched to past and present teachers using a large dataset from the North Carolina 

Education Research Data Center. 

Data 

Information on a large number of students’ test scores and educational inputs must 

be accurately matched to their classroom assignments and teachers’ characteristics over 

multiple years to determine whether students are repeating with a previous teacher. Stu- 

dents have anywhere from a 2%-4% chance of being taught by a teacher they’ve had 

previously. In order for estimates on any student achievement effects from repeating 

with a teacher to be precise enough and given the low rate of student-teacher repetition, 
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a large original sample of students is needed. Fortunately, the North Carolina Education 

Research Data Center (NCERDC) provides this type of data. The NCERDC has 

developed a longitudinal dataset that tracks achievement and characteristics of students 

as they progress through each year in the entire state school system of North Carolina. 

The dataset also includes yearly information on the specific teacher, class, and school to 

which the students are assigned. 

I obtained information on the school years ranging from 1993-1994 to 2012-

2013(for simplicity, henceforth, each school year is identified by the year in which the 

spring semester occurs, e.g. the school year 2012-2013, is 2013). Information on teacher 

class- room assignment is not specifically identified in years before 20062. Therefore, I 

restrict the dataset for this investigation to cover the years from 2007 to 2013. Because 

this investigation is focused on elementary school students, I limit the initial dataset used 

to find whether a student has repeated with a teacher to grades 1 through 5. However, the 

initial dataset is reduced to include only grades 3 through 5 because test scores are 

unavailable for students in grades below third grade, 

The dataset from the NCERDC provides an abundance of information on a number 

of educational input variables. This includes a student’s age, ethnicity, gender, 

exceptionality code3, free/reduced lunch, days absent, limited English proficiency, and 

academic giftedness. Information on measures of educational inputs at the teacher, 

classroom, and school levels are also included in the dataset. 

I restrict the sample to include students assigned to self-contained classrooms4. 

Observations that were updated, but where the original observation was not deleted, were 

collapsed into one observation. This led to eliminating about 42% of the initial (grades 1 

through 5) dataset5, resulting in 3,435,774 remaining observations. Of these remaining 

observations, only third to fifth grade students with non-missing test scores in math or 

reading are retained. The resulting testable population contains 1,705,626 observations. 

I stop at grade 5 because the number of students assigned to self-contained classes is 
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significantly smaller in later grades. This is because students are more likely to switch 

classes and there- fore have different teachers for different subjects. In order to not 

attribute one teacher’s effect for another’s, 6th grade students and higher are excluded. 

The samples used for estimation are restricted in a number of ways. First, because 

estimation of teacher effects is conditioned on prior test scores, the samples are limited to 

students that have prior-year’s test scores available. Second, students with missing 

information on their classroom teacher and on the school they attended are excluded. 

Third, I limit the samples to classrooms with sizes more than 7 students and less than 45. 

Fourth, I eliminate students from charter schools because this research is interested in 

gains in achievement in public schools. Finally, observations that are missing information 

on individual characteristics, such as whether the student receives a free/reduced lunch or 

whether the student is academically gifted, are eliminated from the samples. 

These sample restrictions lead to a loss of a large number of observations from the 

testable population. The majority of this reduction in observations is due to the prior-year’s 

test score restriction. This restriction, as well as the non-missing information requirement, 

results in higher-achieving students remaining in the samples used for estimation because 

lower-achieving students are more likely to have missing information across years. 

However, comparing the population to the samples used for estimation in Table 1 there 

are limited differences between student summary statistics of the population and of the 

samples.  With the exception of an increased percentage of academically gifted students 

in the samples, sample averages of student covariates are similar to the population’s. 

This provides evidence that the samples are random and representative draws of the 

population. Regression analysis of math and reading test scores is done using 2 

overlapping samples. The first, includes only fourth and fifth grades while the second 

consists of third, fourth, and fifth grades.  I do this for two reasons; 1) As mentioned 

above, test scores prior to grade 3 are unavailable.  However, math and reading tests 

administered at the beginning of the third grade (third grade pre-tests) are available. 
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These tests can serve as a proxy for second grade achievement and therefore can be used 

as a control for assessing achievement gains in third grade. This increases the number of 

observations available for analysis and follows previous research (Rothstein, 2009). Unlike 

the second grade proxies,, third and fourth grade test scores are administered at the end 

of the year and are used as lagged controls for fourth and fifth grade achievement, 

respectively. I use separate samples to identify any differences in estimates associated 

with the inclusion of second grade test score proxies. Third grade pre-test scores include 

any learning depreciation that occurs over the summer between second and third grades 

that would otherwise be absent in second grade end-of-year test scores. 2) Information 

on second grade students’ absences is unavailable. Previous literature that tests for 

teacher effects on student achievement typically controls for prior-year’s absences (Chetty 

et al., 2014b). While I use this approach in the fourth and fifth grade samples, because of 

the unavailability of second grade absences, I use current year absences as a control in the 

third through fifth grade samples. In the fourth and fifth grade samples, I eliminate students 

who were absent for more than one-third of the previous year. In the third through fifth 

grade sample, I eliminate students who were absent for more than one-third of the current 

year. This sample restriction helps to eliminate any outlying observations that have been 

abnormally affected by extraneous events. 

The summary statistics in Table 1 show that expanding the repeated cross-sectional 

samples to include third grade students, increases the number of observations by 160,683 

for math scores and 167,381 for reading. The number of students increases by 43,968 for 

math and 45,397 for reading. In the third, fourth, and fifth grade samples, current and 

lagged test scores and lagged classroom-averaged test scores are slightly lower than in the 

fourth and fifth grade sample. The majority of individual student variables are similar both 

between the two samples and in comparison to the testable population. There are a few 

exceptions that warrant explanation.  The proportion of third grade students in the third, 

fourth, and fifth grade samples is significantly lower than in the population. Because of 
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Table 1 
Sample Summary Statistics 

Variables 
Population 4th/5th Sample 3rd/4th/5th Sample 

Math Reading Math Reading 
Observations 1,705,626 538,094 534,253 698,777 701,634 
Students 878,646 376,028 373,486 419,996 418,883 
Schools 1,431 1,307 1,306 1,356 1,355 
Teachers 29,686 14,606 14,594 20,890 21,006 
Student Statistics 
Std. Math Score 0.000767 0.0759 – 0.0636 – 

(1.00) (1.00) – (0.997) – 
Std. Reading Score -0.00347 – 0.0604 – 0.0508

(1.00) – (0.996) – (0.995)
Lagged Std. Math Score 0.0199 0.0999 – 0.0713 – 

(0.993) (0.991) – (0.999) – 
Lagged Std. Reading Score 0.0112 – 0.0891 – 0.0649

(0.994) – (0.988) – (0.996)
Female 49.41% 49.59% 49.76% 49.61% 49.77% 
Age (years) 10.31 10.83 10.82 10.51 10.50 
Grade 3 35.69% – – 21.81% 22.72% 
Grade 4 33.49% 52.07% 52.08% 40.64% 40.17% 
Grade 5 30.82% 47.93% 47.92% 37.54% 37.10% 
Black 26.00% 24.82% 24.83% 24.84% 25.04 
Hispanic 12.87% 12.60% 12.52% 12.31% 12.26% 
Other nonwhite 7.99% 7.86% 7.85% 7.86% 7.86% 
Free/Reduced Lunch 52.24% 50.40% 50.34% 50.16% 49.96% 
Academically Gifted 14.49% 20.57% 20.70% 17.39% 17.60% 
Exceptional Student 12.78% 12.63% 12.07% 12.80% 12.30% 
Limited English Proficiency 10.11% 10.11% 9.99% 9.92% 9.75% 
Days in School 161.51 161.47 161.48 164.09 164.12 
Lagged Days in School 160.52 163.66 163.66 160.59 160.65 
Moved During School Year 0.903% 0.590% 0.588% 0.089% 0.087% 
Repeating Grade 1.30% 0.891% 0.888% 1.67% 1.64% 
With Teacher 2nd Time(D2 = 1) 40,927 18,646 18,499 21,760 21,553 
Repeating with Teacher(D = 1) 44,853 19,161 19,002 22,452 22,234 

Classroom Statistics 
Number Students in Class 21.75 23.04 23.05 22.43 22.42 
L. Class Ave.-Math 0.00694 0.0398 – 0.0317 – 
L. Class Ave.-Read 0.000723 – 0.0321 – 0.0233
Ave. Teacher V.A. Estimate – 0.0004 0.0002 0.0009 0.0004 

(0.236) (0.170) (0.239) (0.175) 
Note: Data was made available by the NCERDC. Population is based on students in third, 
fourth, and fifth grades in self-contained classrooms. Standard errors are in parentheses. 
Lagged test scores include beginning-of the-year pre-tests that serve as proxies for second 
grade test scores. 
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missing data constraints, only ≈ 44% of the population’s original 608,738 third grade

observations have third grade pre-test information. There are no apparent trends or 

patterns to which observations include data on third grade pre-test scores and given the 

similarities in proportions of the other individual covariates, it is assumed that the 

students with non-missing third grade pre-test information have been randomly selected. 

Another difference between the samples and population is the number of academically 

gifted students is proportionately greater in both samples than in the population. This is 

due to the in- creased likelihood of higher achieving students remaining in the sample. 

This is an issue I address, by additionally testing regressions that exclude gifted students6

finding similar results across all samples. 

To determine whether a student has had a teacher before, a simple dummy variable, 

Dn, was constructed identifying whether a student was previously taught by their current 

teacher. Current-year, student-teacher matches were cross-referenced with a student’s 

previous teachers for up to the past 4 years. Specifically, the teacher code matched with 

a student in grade 5 was cross-referenced with the teacher codes matched with the same 

student in grades 1 through 4. I match fourth grade students’ contemporaneous teacher 

codes with their previous teacher codes from grades 1 through 3 and the teacher codes 

for students in grade 3 were matched with their previous teacher codes from grades 1 and 

2. For students that are currently being taught by a teacher they have had previously, Dn

= 1. For all other students, Dn = 0, indicating that these students are being taught by a

teacher for the first time. 2.40% of the population repeat with a teacher for a second time 

(D2 = 1) and 2.63% of the population are in a teacher’s classroom that has taught them

before (D = 1)7. In both the math and reading samples, these percentages are slightly

higher. In the fourth and fifth grade samples, students repeat with a teacher for a second 

year 3.46% of the time in both math and reading. In the third through fifth grade samples, 
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Table 2 

Summary Statistics when D2 = 1
 4th/5th Sample       3rd/4th/5th Sample 

Variables Math Reading Math Reading 
Test Score Observations 18,646 18,499 
Students 18,640 18,493 
Schools 1,101 1,097 
Teachers 3,136 3,121 

Student Statistics 
Std. Test Score 0.1407 0.1119 

(1.01) (0.996) 
Lagged Std. Test Score 0.1472 0.1247 

(1.01) (1.00) 
Female 50.02% 50.20% 
Age 10.92 10.92 
Grade 3 – – 
Grade 4 43.60% 43.58% 
Grade 5 56.40% 56.42% 
Black 24.63% 24.66% 
Hispanic 13.35% 13.27% 
Other nonwhite 7.81% 7.81% 
Free/Reduced Lunch 49.91% 49.71% 
Academically Gifted 23.41% 23.56% 
Exceptional Student 13.94% 13.32% 
Limited English Proficiency 10.80% 10.65% 
Days in School 163.49 163.51 
Lagged Days in School 163.60 163.60 
Moved During School Year  0.193% 0.184% 
Repeating Grade 2.91% 2.89% 
2nd Year with Teacher 18,646 18,499 

Classroom Statistics 
Number Students in Class 22.44 22.45 
Lagged Class Average 0.0424 0.0304 

(0.415) (0.397) 
Ave. Teacher V.A. Estimate 0.00677 0.00934 

(0.229) (0.180) 

21,760 
21,635 
1,179 
4,119 

0.1043 
(1.00) 

0.0718 
(1.04) 

49.87% 
10.76 
12.66% 
38.08% 
49.26% 
25.36% 
13.67% 
7.63% 

51.41% 
20.92% 
14.98% 
11.45% 
163.96 
161.05 

 0.060% 
6.93% 
21,760 

22.11 
0.0304 
(0.413) 

 0.00574 
(0.237) 

21,553 
21,428 
1,173 
4,087 

0.07155 
(0.998) 
0.0508 
(1.03) 

50.03% 
10.76 
12.55% 
38.12% 
49.33% 
25.42% 
13.58% 
7.62% 

51.26% 
21.10% 
14.38% 
11.28% 
163.96 
161.11 

0.065% 
6.90% 
21,553 

22.13 
0.0176 
(0.396) 

 0.00856 
(0.196) 

Note: Data was made available by the NCERDC. Population is based on students in third, 
fourth, and fifth grades in self-contained classrooms where current-year test score 
information is available. Standard errors are in parentheses. Lagged test scores include 
beginning-of the-year pre-tests that serve as proxies for second grade test scores. 
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Table 3 

Summary Statistics when D = 1
 4th/5th Sample   3rd/4th/5th Sample 

Variables Math Reading Math Reading 
Test Score Observations 19,161 19,002 
Students 18,941 18,782 
Schools 1,103 1,099 
Teachers 3,164 3,148 

Student Statistics 
Std. Test Score 0.1366 0.1086 

(1.01) (0.998) 
Lagged Std. Test Score 0.1428 0.1223 

(1.01) (1.00) 
Female 49.88% 50.07% 
Age 10.92 10.92 
Grade 3 – – 
Grade 4 43.63% 43.60 
Grade 5 56.37% 56.40 
Black 24.83% 24.85% 
Hispanic 13.40% 13.33% 
Other nonwhite 7.83% 7.83% 
Free/Reduced Lunch 50.17% 49.96% 
Academically Gifted 23.29% 23.46% 
Exceptional Student 14.22% 13.57% 
Limited English Proficiency 10.87% 10.72% 
Days in School 163.46 163.48 
Lagged Days in School 163.59 163.60 
Moved During School Year 0.266% 0.247% 
Repeating Grade 2.91% 2.89% 
Repeating with Teacher 19,161 19,002 

Classroom Statistics 
Number Students in Class 22.40 22.41 
Lagged Class Average 0.0395 0.0289 

(0.415) (0.397) 
Ave. Teacher V.A. Estimate 0.00575 0.00846 

(0.229) (0.181) 

22,452 
21,978 
1,181 
4,156 

0.1014 
(1.00) 

0.0701 
(1.04) 

49.84% 
10.75 
13.07% 
37.92% 
49.01% 
25.61% 
13.73% 
7.67% 

51.50% 
20.88 
15.21% 
11.51% 
163.93 
161.09 

0.125% 
6.83% 
22,452 

22.07 
0.0289 
(0.414) 

0.00487 
(0.237) 

22,408 
21,764 
1,175 
4,123 

0.0708 
(1.00) 

0.0518 
(1.03) 

50.00% 
10.75 
12.97% 
37.95% 
49.08% 
25.67% 
13.65% 
7.67% 

51.34% 
21.05% 
14.59% 
11.35% 
163.93 
161.15 

0.121% 
6.79% 
22,234 

22.09 
0.0182 
(0.399) 

0.00774 
(0.197) 

Note: Data was made available by the NCERDC. Population is based on students in third, 
fourth, and fifth grades in self-contained classrooms where current-year test score 
information is available. Standard errors are in parentheses. Lagged test scores include 
beginning-of the-year pre-tests that serve as proxies for second grade test scores. 
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students repeat with a teacher for a second year 3.07% (Reading) and 3.11% (Math) of the 

time. These figures in- crease by 0.10% in all samples when calculating the ratio of 

observations that repeat with a teacher any number of times. The summary statistics when 

D2 = 1 and D = 1 are provided in Tables 2 and 3, respectively.

Testing the Effects on Achievement 

Extension of Value-Added Models 

Using the initial framework proposed by E. Hanushek (1971) and Boardman and 

Murnane (1979), this research builds on the Value-Added Models (VAMs) highlighted in 

Sass, Semykina, and Harris (2014) and Chetty et al. (2014b). VAMs serve as an empirically 

measurable production function of a student’s knowledge. These models assume a 

student’s accumulated knowledge is determined by a production process in which current 

and past time-varying inputs are combined with a student’s time-invariant inputs. A 

student’s time-invariant inputs are primarily comprised of a student’s innate ability. It also 

includes individual and family inputs that do not vary over time. The VAMs used in this 

research generalize the time-varying inputs into two vectors of characteristics; those that 

are individually based (including family inputs) and those that are based on the student’s 

educational institution. Let Xit and Wit represent the history of individual and school-

based educational inputs, respectively. The student’s time-invariant component is denoted 

µi. Allowing for idiosyncratic error in achievement, εit , the production function of 

achievement at time, t, is 

Ait = At [Xit , Wit , µi, εit ] (1) 

Where the subscript on At [.] allows the impacts of inputs and ability to vary throughout

time.  



Wit , the vector of educational inputs, includes both school-level and classroom-

level inputs. School-level inputs include such variables as principal quality and the effec-

tiveness of the school’s administrative staff. Classroom-level inputs include peer-effects of

the students in the classroom8, the quality of the teacher, and the primary variable of in-

terest, a variable indicating whether or not a student and teacher have been paired together

previously.

Assuming the cumulative achievement process is linear and additively separable,

and explicitly partitioning out Dit , the input variable indicating that a student has been

matched with her current teacher previously, fromWit , equation (1) can be written

Ait =
t

∑
h=0

[αhtXih +βhtEih+δhtDih]+ψt µi + εit (2)

The above equation specifies that achievement at time t is determined by the accumula-

tion of all past and present, time-varying, student- and school-based inputs; time-invariant

student inputs; and idiosyncratic student-specific shocks. The (potentially) time-varying

vectors αht and βht represent the effects on achievement associated with individual and

school inputs, respectively. δ , the average treatment effect of having a teacher for a pre-

vious year, is the parameter of interest. The impact of µi, the fixed student component for

individual i, is given by ψt and can vary over time. Furthermore, the achievement function

is time-specific and allows the marginal effects of the independent variables to vary at each

grade.9. Estimation of equation (2)’s parameters measures the average treatment effect for

each educational input within a specific year-grade combination10.

Despite its flexibility and lack of restrictive assumptions, there is a high computa-

tional cost of measuring the coefficients in equation (2). To do so, a researcher needs infor-

mation on all individual and school inputs from every year (including the current year) the

student has been acquiring knowledge. Given this unrealistically onerous task, the current

research follows previous VAM literature by assuming the achievement function does not
17



vary with grade level. Specifically, the impact of an input on achievement varies only with

the time span between the application of the input and the measurement of achievement,

but does not vary with the grade level at which it is applied. Under this assumption for

example, the effect on a student’s third grade achievement from having a small class in first

grade is the same as the effect on sixth grade achievement from having a small class in

fourth grade. Formally, for any t:

Ait =
t

∑
h=0

[αhXi, t −h +βhEi, t −h+δhDi,t−h]+ψt µi + εit (3)

Where αh, βh, and δh vary only with the time span of input application, h, while ψt still has

the flexibility to vary over time.

It is also assumed that the marginal impacts of prior educational inputs decay ge-

ometrically between the time of an input’s application and the time at which achievement

is measured. Specifically, inputs decay at a rate, λ , where 0 ≤ λ ≤ 1, such that for any h,

αt −h = λαt −1−h, βt −h = λβt −1−h, and δt−h = λδt−1−h. Imposing this assump-

tion, equation (3) becomes:

Ait =
t

∑
h=0

λ
h[αXi, t −h +βEi, t −h+δDi,t−h]+ψt µi + εit (4)

Adding and subtracting, a student’s decayed prior year’s achievement, where λAi,t−1 =

λ

(
∑

t−1
h=0 λ h[αXi, t −1−h +βEi, t −1−h+δDi,t−1−h] +ψt−1µi + εi,t−1

)
, from both sides of

(4) yields:

Ait =

(
t

∑
h=0

λ
h[αXi, t −h +βEi, t −h+δDi,t−h]+ψt µi + εit

)
+λAi,t−1−

λ

(
t−1

∑
h=0

λ
h[αXi, t −1−h +βEi, t −1−h+δDi,t−1−h]+ψt−1µi + εi,t−1

) (5)
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Collecting and simplifying like terms yields:

Ait =αXit +βEit +λAi,t−1 +δDit +(ψt −λψt−1)µi +ηit (6)

Where ηit = εit −λεi,t−1. Equation (6) serves as the baseline model for this research. (6)

states that current achievement is a function of four components: current student-based

and education-based inputs, including Dit ; decayed lagged achievement; student-specific

heterogeneity; and any autocorrelated, idiosyncratic shocks. The use of Ai,t−1 introduces

autocorrelation in the error terms, but its inclusion is for good reason. Ai,t−1 serves as an

approximation for all past individual and educational inputs, circumventing the need for a

full history of those measures. Furthermore, the inclusion of a student’s lagged achieve-

ment, at least partially, accounts for student heterogeneity.

In order to use the baseline model found in (6) as a testable hypothesis, two final

assumptions about the decay rate of educational inputs, λ , and student heterogeneity, µi,

are made. First, it is assumed that the decay rate of educational inputs is such that 0 <

λ < 1. This assumption follows previous literature11. Second, the use of Ai,t−1 and student

covariate controls is assumed to completely control for student heterogeneity, such that

ψt = λψt−1 dropping the term (ψt −λψt−1)µi from equation (6).12

δ serves as a measure of the student achievement growth associated with being a

student of a teacher for longer than 1 school-year. This treatment effect is independent

of teacher quality, school quality, and student characteristics. It measures whether the

increased instructional time associated with a teacher and student having an established

relationship has an impact on a student’s achievement in math or reading. In this investiga-

tion, estimates of δ are found for students repeating with a teacher for a second year only

(D2 = 1) and for students repeating with a teacher anywhere from a second to fourth year

(D = 1).

19
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Baseline Results 

To comprehensively understand the value of δ from equation (6), I estimate the 

effect of repeating with a teacher using a number of regressions. I find estimates using both 

the fourth and fifth grade samples (Results found in Tables 4 and 5) and the third through 

fifth grade samples (Results found in Tables 6 and 7). I use math test scores and reading 

test scores as separate dependent variables for each regression. Results for estimates using 

math test scores are reported in Tables 4 and 6 and results for estimates using reading test 

scores are reported in Tables 5 and 7. In Tables 4 through 7, estimates of δ2 and δ represent 

the effects of having a teacher for a second year (D2 = 1) and of repeating with a

teacher(D = 1). In all regressions, standard errors are clustered at the school level.

Following the work of Chetty et al. (2014b), in column (1) of tables 4 through 7 only cubic 

polynomials of prior-year achievement in math and reading are included as regressors in 

estimation. Under the assumptions above, they are used as controls for all prior educational 

inputs. Estimates of δ2 and δ are significant across both subjects and samples. 

In (2) of Tables 4 through 7, I extend the estimation of the δ s by adding student co- 

variates to regressions (1). These include controls for a student’s gender, age13, ethnicity14, 

economically disadvantaged background, academic giftedness, exceptional condition (see 

footnote 3 for further explanation), limited English proficiency, attendance15, switching of 

schools during the year16, and whether the student is currently repeating a grade. (2) offers 

the most similar replication to the descriptive results found in Cistone and Shneyderman 

(2004). 

The δ estimates for reading test scores in column (2) are about half of the δ es- 

timates for math scores from their respective samples. Math δ estimates are significant 

at the 99% level and range from 0.015 to 0.017 of a standard deviation increase in math 

achievement. Reading δ estimates are just barely significantly different from zero with esti- 

mates ranging from 0.007 to 0.009 of a standard deviation increase in reading achievement. 
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The significance of the δ estimates in reading is sensitive to the inclusion of school-level 

clustered standard errors and to the sample used for estimation. 

Columns (1) and (2), despite not including many necessary education inputs, em- 

phasize a strong possibility of a positive increase in math achievement associated with 

repeating with a teacher. A similar, but weaker possibility also exists for reading achieve- 

ment. Further estimation that includes controls for school-level inputs, such as the quality 

of the school the student attends, the student’s classmates, and the student’s teacher is nec- 

essary. 

In (3) and (4), time, grade, and school fixed effects are added to the previous regres- 

sions. Time and grade fixed effects are interacted with one another and a student’s school 

is indicated via a dummy variable that captures the effects on achievement associated with 

the composition of the school. This includes the school’s principal, any administrative 

procedures, and interaction of the students (school-level peer effects). 

To account for classroom-level peer effects, controls for the number of students in 

the classroom and lags of the class averages in math and reading test scores17 are included 

in (5). The resulting estimates of δ2 and δ are found by contrasting achievement of students 

that repeat with a teacher, to students with comparable backgrounds, in the same school and 

grade, with similar classmates, during the same year that do not repeat with a teacher. 

In math, the magnitude of the estimates of δ2 and δ varies with the subsequent ad- 

dition of independent variables in regressions (1) through (5), however, in both samples, 

estimates of the δ s are found to be significantly different from zero. δ estimates from the 

fourth and fifth grade sample are slightly more positive than those from the third through 

fifth grade sample. In (5), while measuring all feasible educational inputs excluding those 

directly associated with the teacher, the estimated increase in math achievement of repeat- 

ing with a teacher is 0.014-0.016 standard deviations of the test score distribution. 

To put the δ measures into context, previous estimates of the increase in a student’s 

math achievement from having a “high” quality teacher 18 range from 0.11 to 0.26 stan- 
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dard deviations of the test score distribution19. While restricting the estimation of teacher 

effects to teachers with more than 20 student observations (across all years of the sample), 

I find estimates on math achievement to be 0.16 standard deviations in the grades 4 and 5 

sample and 0.18 standard deviations in the grades 3 through 5 sample. Using these values, 

repeating with a teacher seemingly has anywhere from 7.5% to 10% of the effect of having 

a high quality teacher. 

In reading, estimates of the δ s from regressions (3) through (5) are also positive, 

however, they are mostly not significantly different from zero in both samples. Similar to 

the math regressions, the magnitude of the δ reading estimates in the fourth and fifth grade 

sample (≈0.007 reading test score standard deviations) is greater than the magnitude of 

the same measures in the third through fifth grade sample (≈0.005 S.D.). The lack of sig- 

nificance in these estimates is not entirely surprising. While past research has shown that 

high quality teachers have a positive effect on reading achievement (Rockoff, 2004; Rivkin 

et al., 2005; Kane, Rockoff, & Staiger, 2008; B. A. Jacob & Lefgren, 2008; Rothstein, 

2010), that effect is estimated to be smaller than the estimated effect on math achievement 

of the same teacher quality increase. In both reading samples of the current research, the 

increase in reading achievement from having a high quality teacher is estimated to be about 

0.12 standard deviations of the reading rest score distribution20. This finding falls within 

the range of similar estimates (0.08 to 0.18 S.D.) from past research (E. A. Hanushek & 

Rivkin, 2010). The estimates in column (5) from Tables 5 and 7 make up 4% to 6% of the 

high-quality teacher effects on reading achievement. Despite the lack of statistical signif- 

icance, these estimates on reading achievement serve as a starting point in understanding 

whether estimates of the effect of repeating with a teacher are sensitive to the inclusion of 

teacher quality controls. 

In regression (6), using an indicator variable for each teacher id, teacher fixed ef- 

fects are included to control for teacher quality during estimation. Interestingly, the esti-  



Table 4 
Math Scores-Fourth and Fifth Grade Sample 

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

Estimate of δ2 0.02179*** 0.01729*** 0.01585*** 0.01594*** 0.01606*** 0.004029 
S.E. of δ2 (0.00346) (0.00389) (0.00388) (0.00392) (0.00391) (0.00433) 
Estimate of δ 0.02060*** 0.01596*** 0.01224*** 0.01595*** 0.01572*** 0.004816 
S.E. of δ (0.00341) (0.00384) (0.00384) (0.00388) (0.00387) (0.00431) 
Prior-Year Test Score Y Y Y Y Y Y 
Student Demographics Y Y Y Y Y 
Grade and Year F.E.s Y Y Y Y 
School F.E.s Y Y Y 
Classroom Characteristics Y Y 
Teacher F.E.s Y 
number of observations 755,764 538,321 538,321 538,321 538,321 538,321 
R-squared 0.7080 0.7303 0.7310 0.7417 0.7424 0.7710 

Note: δ2  is an estimate of the effect of repeating with a teacher on achievement when the student repeats with a teacher for a second time only. 
Where as, δ is an estimate of the effect of repeating with a teacher when the student repeats with a teacher for a second, third, or fourth time. 
Lagged test scores consist of cubic-polynomials of math and reading scores. Classroom characteristics include number of students and cubics of 
lagged average classroom achievement in math and reading. *, **, *** represents significance at the 90, 95, and 99% levels, respectively 
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Table 5 
Reading Scores-Fourth and Fifth Grade Sample 

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

Estimate of δ2 0.009049*** 0.008583** 0.007065* 0.006653* 0.006649 -0.004525 
S.E. of δ2 (0.00352) (0.00398) (0.00398) (.00406) (.00406) (0.00464) 
Estimate of δ 0.008325** 0.008791*** 0.007286* 0.006601* 0.006503 -0.004686 
S.E. of δ (0.00348) (0.00393) (0.00393) (0.00402) (0.00402) (0.00463) 
Prior-Year Test Score Y Y Y Y Y Y 
Student Demographics Y Y Y Y Y 
Grade and Year F.E.s Y Y Y Y 
School F.E.s Y Y Y 
Classroom Characteristics Y Y 
Teacher F.E.s Y 
number of observations 753,912 536,960 536,960 536,960 536,960 536,960 
R-squared 0.6984 0.7166 0.7167 0.7214 0.7215 0.7361 

Note: δ2  is an estimate of the effect of repeating with a teacher on achievement when the student repeats with a teacher for a second time only. 
Where as, δ is an estimate of the effect of repeating with a teacher when the student repeats with a teacher for a second, third, or fourth time. 
Lagged test scores consist of cubic-polynomials of math and reading scores. Classroom characteristics include number of students and cubics of 
lagged average classroom achievement in math and reading. *, **, *** represents significance at the 90, 95, and 99% levels, respectively 
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Table 6 
Math Scores-Third, Fourth and Fifth Grade Sample 

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

Estimate of δ2 0.04003*** 0.01568*** 0.01026*** 0.01415*** 0.01425*** -0.00050 
S.E. of δ2 (0.00330) (0.00370) (.00369) (.00372) (.00372) (0.00404) 
Estimate of δ 0.03779*** 0.01472*** 0.009423*** 0.01366*** 0.01350*** -0.00037 
S.E. of δ (0.00326) (0.00364) (0.00364) (0.00368) (0.00367) (0.00403) 
Prior-Year Test Score Y Y Y Y Y Y 
Student Demographics Y Y Y Y Y 
Grade and Year F.E.s Y Y Y Y 
School F.E.s Y Y Y 
Classroom Characteristics Y Y 
Teacher F.E.s Y 
number of observations 926,354 694,776 694,776 694,776 694,776 694,776 
R-squared 0.6920 0.7145 0.7155 0.7249 0.7256 0.7604 

Note: δ2  is an estimate of the effect of repeating with a teacher on achievement when the student repeats with a teacher for a second time only. 
Where as, δ is an estimate of the effect of repeating with a teacher when the student repeats with a teacher for a second, third or fourth time. 
Lagged test scores consist of cubic-polynomials of math and reading scores that include third grade pre-test scores. The latter serves as second 
grade test score proxies. Due to missing data restrictions, current year attendance is used instead of lagged attendance. Classroom 
characteristics include number of students and cubics of lagged average classroom achievement in math and reading. *, **, *** represents 
significance at the 90, 95, and 99% levels, respectively 
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Table 7 
Reading Scores-Third, Fourth and Fifth Grade Sample 

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

Estimate of δ2 0.03187*** 0.006631* 0.004358 0.004829 0.005053 -0.006169 
S.E. of δ2 (0.00338) (0.00379) (0.00380) (0.00386) (0.00386) (0.00435) 
Estimate of δ 0.03098*** 0.007176* 0.004917 0.004762 0.004854 -0.006308 
S.E. of δ (0.00333) (0.00374) (0.00374) (0.00382) (0.00382) (0.00433) 
Lagged Test Scores Y Y Y Y Y Y 
Student Demographics Y Y Y Y Y 
Grade and Year F.E.s Y Y Y Y 
School F.E.s Y Y Y 
Classroom Characteristics Y Y 
Teacher F.E.s Y 
number of observations 923,871 692,892 692,892 692,892 692,892 692,892 
R-squared 0.6797 0.6994 0.6998 0.7043 0.7045 0.7228 

Note: δ2  is an estimate of the effect of repeating with a teacher on achievement when the student repeats with a teacher for a second time only. 
Where as, δ is an estimate of the effect of repeating with a teacher when the student repeats with a teacher for a second, third or fourth time. 
Lagged test scores consist of cubic-polynomials of math and reading scores that include third grade pre-test scores. The latter serves as second 
grade test score proxies. Due to missing data restrictions, current year attendance is used instead of lagged attendance. Classroom 
characteristics include number of students and cubics of lagged average classroom achievement in math and reading. *, **, *** represents 
significance at the 90, 95, and 99% levels, respectively 
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mates of δ2 and δ from the math samples are no longer significantly different from zero. 

In the fourth and fifth grade math sample, the δ estimates reduce by 70%-75% and in the 

third through fifth grade sample estimates are reduced to less than zero. 

A similar trend in the estimates of δ and δ2 prevails in the reading samples as well. 

In both reading samples, estimates remain not significantly different from zero, however, 

they too are reduced to below zero. Magnitudes of the decrease in the reading estimates are 

0.011-0.012 standard deviations of the test score distribution when moving from regression 

(5) to regression (6). This is similar to the reduction in the δ estimates from the math 

samples (0.012-0.014 standard deviations). In both math and reading, a large proportion of 

any possible positive effects of a student repeating with a teacher are accounted by teacher 

quality. 

The large reduction in the value of the estimates of δ2 and δ when teacher quality is 

controlled for gives rise to the possibility of omitted variable bias associated with higher 

quality teachers being more likely to repeat with students. I check for this nonrandom 

teacher assignment by testing for any classroom sorting based on whether students are 

more likely to repeat with a high-quality teacher than a low-quality one in the next section. 

Nonrandom Classroom Assignment 

Testing for High-Quality Teacher Repetition 

Nonrandom classroom sorting is one explanation for why estimates may contain 

bias when critical variables, such as teacher fixed effects, are omitted from the baseline 

regression. When teacher quality is positively correlated with the likelihood of repeating 

with a student, then any estimation of the treatment effect that does not control for teacher 

quality will be upwardly biased. Positive correlation between the likelihood of repeating 

with a teacher and teacher quality comes from two sources. 
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Rothstein (2010) and Koedel and Betts (2011) find evidence of nonrandom class- 

room sorting when students’ parents attempt to influence assignment to a teacher’s class- 

room21. Presumably, students that have had a positive experience with their respective 

counterpart will rationally desire to pair with them again when given the opportunity. 

Specifically, if the expected utility of repeating with a teacher is greater than the expected 

utility gained of a random draw from the pool of other teachers in the grade, then the stu- 

dent’s parents will rationally attempt to influence classroom assignment. Moreover, if the 

opposite is true and the expected utility of repeating with a counterpart is less than the 

expected utility of a random draw, the student’s parents will not try to affect classroom 

assignment and may even attempt to avoid a repeat assignment. Both scenarios lead to 

a positive correlation between teacher quality and the probability of repeating in the 

same classroom again. 

The second source of correlation comes from high-quality teachers having a greater 

probability than low-quality of teaching more than one grade. (B. A. Jacob & Lefgren, 

2008) finds that principals can distinguish between teachers that are identified in the 

up- per and lower tails of the distribution of value-added measures. When principals 

use this identification ability to systematically assign higher-quality teachers to 

alternative teaching assignments, then, on average, higher-quality teachers will be more 

likely to repeat with students. 

Both nonrandom allocation of teachers to classrooms/grades and the possible parental 

influence explained above create a positive relationship between teacher quality and the 

likelihood of teacher-student repetition. Regardless of the source of this correlation, deter- 

mining whether there is an increase in the possibility of repeating with a student given a 

teacher’s quality is imperative to validating that uncontrolled teacher quality is a source of 

bias in estimates of the δ s in regressions (1) through (5) . 



In examining the mean value-added estimates of teacher quality in Tables 1 through

3, one can deduce that average teacher quality for both subjects is substantially higher in

both treatment groups, D2 = 1 and D = 1. This rudimentary assessment is useful, but

a more robust model is needed to validate any teacher sorting. In order to identify any

nonrandom assignment, I test whether teacher quality increases the probability of a student

repeating with a teacher by using the following model:

prob(D2it = 1) = σit +πt + γt +πt ∗ γt +ρi +
5

∑
j=1

φ jQ j +νit (7)

where σit represents student controls, πt are time fixed effects, γt are grade fixed effects, ρi

are school fixed effects, and the variables of interest, Q j, are indicator variables represent-

ing the quintile of quality of the student’s teacher. Using the Value-Added estimates from

the baseline model (equation 6), teacher quality was found for math and reading by com-

paring teachers within the same school, grade, and year. From these estimates of teacher

quality, in each subject teachers were assigned to quintiles, where Q1 represents the bot-

tom 20% of teachers, Q2 represents the next 20%, and so on up until Q5, the top 20% of

teachers. When estimating (7), if there is a positive correlation between the likelihood of

teacher repetition and quality of the teacher, this will be revealed by increasingly positive

estimates on Q j as j increases.

Equation 7 is tested via a Limited Probability Model where the dependent variable

is either D2 = 1 for students that are repeating with a teacher and D2 = 0 for students that

are not. Results are reported in Tables 8 and 9 highlight that as teacher quality improves,

students have a greater probability of having the teacher for a second time. When compared

29
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to teachers in the lowest quintile (Q1 = 1), in both math and reading, estimates on the 

indicator variable representing the top two teacher-quality quintiles (Q4 = 1 and Q5 = 1) 

are positive and significantly different from zero. Serial correlation of the errors at the 

classroom level is accounted for using clustered standard errors. 

In the math samples, the average student has between a 3.11% (grades 3 through 

5 sample) and 3.47% (grades 4 and 5 sample) chance of repeating with a low-quality 

math teacher (Q1 = 1). These probabilities increase, however, as the quintiles 

representing a teacher’s quality increase. While the coefficient on the quintile 

representing teachers in the 21st-40th percentiles of teacher quality is not significantly 

different from zero, there is a significant increase in the probability of repeating with 

a teacher when the teacher is in the upper 60% of teacher quality. Specifically, when 

teacher quality is in the 61st- 80th percentiles and the 81st-100th percentiles, the 

probability of repeating with a teacher increases by 23%-26% and 29%-34%, respectively, 

when compared to a Q1 teacher. 

In the grades 4 and 5 reading sample (Table 8), students have an unconditional 

probability of repeating with a teacher of 3.46%. This probability increases by 26% and 

42% when the student has a reading teacher of quality Q4 = 1 and Q5 = 1, respectively. In- 

creases in student-teacher repetition probabilities are even greater in the grades 3 through 

5 reading sample. When compared to a Q1 = 1 quality teacher, all other teacher-quality 

types significantly raise the probability of repeating with a teacher. Q2 = 1 quality 

teachers in- crease the probability of teacher repetition by 28%, while Q5 = 1 quality 

teachers generate a striking increase of 46%. 

The coefficients on a student’s lagged achievement and economic background are 

included in Tables 8 and 9 to highlight the family-oriented educational inputs that affect the 

probability of students repeating with their teacher. The significance of the probability esti- 

mates on these variables suggest that students with greater family inputs are more likely to 
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repeat with a teacher. Quantitatively, students from an economically disadvantaged house- 

hold are 9%-10% less likely to repeat with a teacher. 

Probit and Logit Limited Dependent Variable models with clustered standard errors 

at the classroom level were tested as robustness checks to the findings in Tables 8 and 9.22 

Across subjects and across grades, both probit and logit models maintain significance at the 

95% level on the estimates of the top teacher quality quintile when compared to the bottom 

teacher quality quintile. Probability estimates in the grades 3 through 5 reading sample 

are again greater than in the grades 4 and 5 reading sample with estimates on the top two 

teacher quality quintiles continuing to be significant at the 95% level. 

 

Discussion 
 

As affirmed in the previous section, controlling for teacher quality is necessary 

when testing for any causal student achievement gain related to repeating with a teacher. 

Fortunately, the Value-Added Models framework can be implemented to control for these 

inputs. Using the VAMs’ estimates of teacher quality, this research was able to test and 

evaluate the amount of classroom sorting that, when not controlled for, can lead to a signif- 

icant misinterpretation of the estimated results. 

Regressions (1) through (5) in Tables 4 and 6 highlight, on average, that a student 

who repeats with a teacher scores higher on standardized math tests than if that same stu- 

dent had not repeated with the same teacher. Results for reading regressions (1) through 

(5), although not always significantly different from zero, also produce positive estimates. 

These results agree with previous descriptive results (Cistone & Shneyderman, 2004; Ro- 

driguez & Arenz, 2007) and initially seem to provide evidence about the merits of academic 

gains associated with looping. However, once measures are added to the model that control 

for differences in the abilities of the teacher (in (6) of Tables 4 through 7), gains in student 

achievement scores are similar between a student that repeats with a teacher and one that 

does not. 
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Table 8 
LPM Estimates–Fourth and Fifth Grade Sample 
 
 

Variable Math Reading 
Teacher Q2 0.003937 0.003162 

 (0.00258) (0.00292) 
Teacher Q3 0.006366** -0.001862 

 (0.00278) (0.00305) 
Teacher Q4 0.006364** 0.007031** 

 (0.00308) (0.00334) 
Teacher Q5 0.008167** 

(0.00360) 
0.01249*** 

(0.00394) 
Lag Achievement 0.003003*** 0.002284*** 

 (0.000380) (0.000347) 
Free/Reduced Lunch -0.003064*** -0.003387*** 

 (0.000605) (0.000605) 
Other Student Controls Y Y 
Grade and Year Fixed Effects Y Y 
School Fixed Effects Y Y 
Number of observations 538,063 534,253 

 

LPM regressions include year, grade, and year by grade fixed effects. In addition to 
controls for lagged achievement and economically disadvantaged background a control for 
whether the student is repeating the grade is also included. Each teacher quality quintile is 
determined by ranking teachers based on their Value- Added estimates in math or reading. 
Standard errors are clustered at the teacher level. *, **, *** represents significance at the 
90, 95, and 99% levels, respectively. 
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Table 9 
LPM Estimates–Third, Fourth and Fifth Grade Sample 
 
 

Variable Math Reading 
Teacher Q2 0.002476 0.006164*** 

 (0.00197) (0.00201) 
Teacher Q3 0.003943* 0.008988**** 

 (0.00211) (0.00217) 
Teacher Q4 0.007117*** 0.009680*** 

 (0.00234) (0.00229) 
Teacher Q5 0.009224*** 

(0.00260) 
0.009986*** 

(0.00259) 
Lag Achievement 0.002556*** 0.001838*** 

 (0.000315) (0.00284) 
Free/Reduced Lunch -0.002370*** -0.002718*** 

 (0.000512) (0.000505) 
Other Student Controls Y Y 
Grade and Year Fixed Effects Y Y 
School Fixed Effects Y Y 
Number of observations 698,777 701,634 

 

LPM regressions include year, grade, and year by grade fixed effects. In addition to 
controls for lagged achievement and economically disadvantaged background a control for 
whether the student is repeating the grade is also included. Each teacher quality quintile is 
determined by ranking teachers based on their Value- Added estimates in math or reading. 
Standard errors are clustered at the teacher level. *, **, *** represents significance at the 
90, 95, and 99% levels, respectively. 
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In both math and reading, δ estimates from the grades 3 through 5 sample are 

consistently lower than those from the grades 4 and 5 sample. Interestingly, the average 

achievement gain per student is greater when third graders are included in the treatment 

group. In treatment groups using the 4th and 5th grade samples (Tables 2 and 3), aver- 

aged normalized lagged test scores are slightly greater than current-year normalized test 

scores. However, when third graders are included in the treatment groups, average lagged 

test scores are lower than current-year test scores. This again allows for the average uncon- 

ditional achievement growth to be greater when third graders are included in the sample, 

making the differences in the δ estimates and the fact that they continue to not be significant 

when teacher quality is controlled for a surprising result. 

One explanation to the differences in the δ estimates has to do with differences in 

characteristics of students that repeat with teachers and those that do not. Students in the 

treatment group are more likely to come from an economically-disadvantaged household, 

be academically gifted, have a learning condition, be a limited English proficiency student 

and/or be repeating a grade. While controlling for these student characteristics allows for 

comparison between treated and untreated groups, it does not allow for a comparison of 

how the effect of repeating with a teacher differs for different types of students. 

The possibility of heterogeneity in δ is evident in a) the differences of the δ 

estimates when 3rd graders are included in the sample and in b) the drastic reduction 

of the δ estimates when moving from regressions (1) to (2) in the grades 3 through 5 

math and reading samples. Heterogeneity in δ may be based on grade as well as specific 

student characteristics and therefor may be driving the differences in the estimates of the 

δ s across samples. For instance, if 3rd graders that repeat with a teacher are more likely 

to be academically gifted and the positive effect of repeating with a teacher is greater for 

academically gifted students, this would explain the differences in the δ s when third 
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graders are included and the drastic reduction of the δ estimates when moving from 

regressions (1) to (2) in the grades 3 through 5 math and reading samples. 

The differences in the significance and the values of the estimates of the δ s between 

the math and reading samples are not surprising and should be interpreted separately. For 

math, the estimates of δ are consistently less positive than the estimates of δ2 in regressions 

(1) through (5). Because observations where δ2 = 1 are a subset of observations where δ = 

1, this finding indicates that any positive effects of repeating with a teacher are strongest 

in the first year the student and teacher repeat together (the second year together overall). 

This possibility of diminishing returns in the effects of repeating with a teacher warrants 

further investigation. Interestingly, in the math samples, when school fixed effects are added 

to the regressions in column (4), estimates of the δ s increase. This may be associated with 

an increased likelihood of repeating with a teacher in certain schools or districts.  

Specifically, when schools with lower achievement gains on math tests are more likely to 

have students repeat with teachers, then estimates of the δ s will increase when school 

fixed effects are added to the model. Schools that have systematically lower-achieving 

students have been known to be more likely to implement looping programs, specifically 

in urban areas in the U.S. This is because a greater proportion of students come from 

an insecure family structure in lower-performing schools than in high-performing 

schools. Further analysis of the heterogeneity of the δ estimates and their relationship to 

household inputs will help validate whether lower-performing schools should be more 

inclined to implement a looping policy. In the reading samples, regardless of the 

magnitude of the estimates, the reduction in the estimates of the δ s is very similar to 

that of the math samples’. When going from regression (5) to (6), reading estimates 

reduce by similar amounts as the math estimates. This result highlights that the omitted 

variable bias associated with not controlling for teacher quality is similar across subjects. 

Estimates from the sorting models reaffirm this conjecture. 
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The sorting models featured in Tables 8 and 9 emphasize the degree of classroom 

sorting based on teacher quality.  Notably, classroom sorting is greater in reading than 

math.  Evidence of this is given via the larger reading estimates on the Q5 = 1 variables 

in the grades 4 and 5 sample. Furthermore, in the 3rd through 5th grade samples, an in- 

creased number of reading teacher-quality quintiles are significant when compared to math 

teacher-quality quintiles.  While the estimates on the reading Q5 = 1 are about the same 

across subjects, estimates on Qi = 1 where i = 2, 3, 4, 5 are all significant when compared 

to a teacher quality of Q1 = 1. This is due either to low-quality teacher avoidance by 

the students (rather than high-quality teacher preference) or to principals being unlikely to 

assign low-quality teachers to a new grade. 

Explanations as to why/how students sort to classrooms of higher quality teachers 

are related to one of two reasons or a combination of both: 1) When given the opportunity, 

students are more likely to lobby for high-quality teachers or 2) high-quality teachers are 

more likely to switch grades. An explanation of 1) is given in the previous section. Signif- 

icance of estimates on family economic background and lagged achievement in the sorting 

models indicate that students with greater amounts of household educational inputs are 

more likely to repeat with a teacher than students with lower household inputs, presumably 

through heightened lobbying by parents. 

An increased likelihood of high-quality teachers switching grades can be explained 

by a number of factors. There may be an incentive of an increase in pay or a bonus for 

teachers that switch grades. Teachers that are motivated to expand their teaching experience 

either because they want a new challenge or want to improve their resume will switch to a 

new grade. Teachers that switch grades may do so because they are dissatisfied with their 

current grade assignment and are looking for a better match between their skill set and their 

grade assignment. Lastly, mandatory grade changes may be implemented through specific 

school administrative policies. 
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Increases in pay and expansions of teaching experience create an incentive for high- 

quality teacher to switch grades at a higher rate than low-quality ones. When an increase 

in pay (or the prospect of an increase in pay from having extensive teaching experience in 

multiple grades) is the motivating device to switch grades, high-quality teachers are more 

likely to be accepted into the new role because of their more advanced skill set. This 

type of sorting exemplifies how, without any parental lobbying, additional administrative 

policies, or specific actions by the principal, students may organically have a higher chance 

of repeating with a high-quality teacher than a low-quality teacher. 

The quality of teachers that migrate between grades because they are looking for 

a better fit or because of administrative policies is ambiguous. Depending on the admin- 

istrative policy, principals may allocate lower-quality teachers to new grades in hopes of 

finding them a more productive role. However, principals may find it in their best inter-

est to move higher-quality teachers to new grades in order to balance the teaching quality 

between grades. Regardless of these ambiguities and why students are more likely to re- 

peat with high-quality teachers, this research emphasizes the importance of controlling for 

teacher quality when estimating treatment effects that are correlated with teacher assign- 

ment. Fortunately, VAMs provide the required framework to do so. 

As with most research using VAMs, one concern when testing for the true effect 

on achievement is that students are non-randomly sorted between the treatment and con- 

trol groups creating bias in the estimated results. Rothstein (2010), using data from the 

NCERDC, finds that 5th grade teachers have a large “effect” on 4th grade achievement 23; 

in part, because of mean-reversion bias. He finds that a student’s current classroom assign- 

ment is influenced by how much the student exceeded or fell short of expectations during 

the previous year. Fortunately, Rothstein (2009), shows that a large proportion of the bias 

associated with not controlling for non-random sorting can be mitigated by including a vec- 

tor of student covariate controls. I include an extensive number of student-level variables 

in the baseline regressions to account for demographic differences between students in the 
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treatment and control groups.  The inclusion of specific student-level variables is largely 

modeled after the VAM specified in Chetty et al. (2014b) where they find very little bias in 

their estimates. 

Perhaps the biggest criticism of the current investigation, is that the treatment vari- 

able does not really measure students that are looped with a teacher. Rather, this research 

answers a more defined question about repeating with a teacher. The lack of a positive ef- 

fect from repeating with a teacher in regression (6) may be due to teachers having to pay an 

adjustment cost associated with teaching a new grade for the first time. When adjustment 

costs are high enough, any gain in student achievement from repeating with the teacher will 

be offset when the adjustment cost is passed on to the student. 

Furthermore, when a teacher is looped with students, both the teacher and her pupils 

are aware that they will be spending (at least) another year together. Within-class teaching 

practices may be organized to maximize achievement based on this expectation. Teachers 

may have to spend less time preparing and organizing their class at the beginning and 

end of the school year allowing this time to be reallocated towards student achievement. 

Students may have better anticipation of a teacher’s expectations heading into a new school 

year leading them to adjust their summertime knowledge accumulation during the time 

between looped school years. These influences are not measured in the treatment effect 

from the baseline regressions and, if large enough, could lead to a positive increase in 

student achievement from looping with a teacher. 

This research has illuminated the upward bias in estimates measuring student 

achievement gains when teacher quality is not controlled for.  When higher quality 

teachers are more likely to loop with students, positive estimated effects on achievement 

may be inappropriately associated with looping rather than the increase in teacher quality. 

Despite not specifically measuring the effects of looping in this investigation, the use of 

the VAMs has allowed for a causal interpretation of repeating with a teacher for longer  

than the normal school year.  This technique can be extended to measure any gains to 
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students that have been looped when compared to those that have not. 

The use of VAMs, while controversial when used to determine teacher pay based 

on ranking of quality, is still very valuable in educational research. This research has 

employed its use as a control rather than a measure for ranking teachers; an application 

that has been used previously, (Jackson, 2009) and (Chetty, Hendren, & Katz, 2016). 

It is encouraged that the use of VAMs be implemented in other educational research 

investigations where it is necessary to control for teach quality. 

 
Conclusion 

 

While previous research has appropriately compared achievement gains of 

looped students with achievement gains of similar students that are not looped, necessary 

controls for teacher quality were missing. Given the strong positive relationship with 

teacher quality and the probability of repeating with a teacher, any inference of the 

estimated results needs to be made while holding teacher quality constant. This 

research employs these controls and ideally will serve as a building block for future, 

similar comparisons. 

The comparison between students that repeat with a teacher to students that do not 

is a beginning step in determining the efficient amount of time a student and teacher should 

continue their educational relationship. While this investigation has asserted that academic 

gains, on average, are minimal when the student-teacher relationship is extended past 180 

days, a few related questions are still unanswered. 

Are there gains in non-achievement measures, such increased attendance or 

increased effort on homework assignments, that students experience from repeating with 

a teacher? Are there specific students that causally benefit from repeating with a teacher 

for a second year? Specifically, do students with unstable lives outside of school 

experience a greater benefit from a stable, long-lasting relationship with their teacher?  
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Despite the initial hypothesis that students would, on average, experience 

achievement gains from repeating with a teacher for another school year being rejected, 

this rejection does not rule out that a certain contingency of students would benefit from 

repeating with a teacher. Understanding any changes in the estimated effect in achievement 

of repeating with a teacher is crucial in determining the outcomes of looping teachers and 

students. 
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CHAPTER 2 

NON-ACHIEVEMENT GAINS 

Introduction 

Recent literature on student outcomes has evolved to include both test scores and 

variables that are based on gains in non-cognitive, character traits. There has been substan- 

tial evidence indicating that interventions in elementary school have lasting, beneficial ef- 

fects on character skills. Additionally, character skills have been shown to predict later-life 

outcomes with the same, or greater strength as cognitive measures (Heckman, Humphries, 

& Kautz, 2014). 

Cunha, Heckman, and Schennach (2010) show that cognitive and non-cognitive 

skills are self-productive and exhibit dynamic complementarity; skills developed at younger 

ages directly and indirectly affect the productivity of future skills. They find that cognitive 

skill development (usually measured via achievement or IQ tests) is most sensitive during 

the years before age 11. However, the authors also find that character skills foster cognitive 

development, with investment in character skills during early years having a higher return 

than later investment. 

Because of the influence character skills have on human capital development, this 

research complements the investigation in Chapter 1 by testing for any gains in a stu- 

dent’s character skills from repeating with a teacher for one or more years. I use partial- 

persistence Value-Added Models (VAMs) to test for changes in teacher-subjective achieve- 

ment scores, student-anticipated achievement scores, attendance, homework effort, and 

other measures of how students use their time outside of school from repeating with 

a teacher. I find that both students and teachers perceive increases in academic 

achievement and that effort by students increases. These results, combined with those 

from Chapter 1, highlight the necessity of using multiple measures of student 

achievement to understand the many facets of which teachers influence students. 
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The rest of the chapter is organized in following manner: Section II reviews the 

relevant literature for this investigation’s research question, section III outlines the 

framework of the models, section IV provides information about the dataset used for 

empirical testing, section V gives the results, section VI discusses and specifies future 

relevant work, and section VII concludes. 

 
Literature Review 

 

The shortcomings of using test scores as the sole measure of human capital accu- 

mulation have been well documented. Adaptive tests, such as those where the question a 

student receives depends on his answers to previous questions, and linear interpretations 

of interval scaling (such that the increase from 400 to 450 on the SAT is interpreted as the 

same improvement in knowledge as an increase from 700 to 750) can lead to inappropriate 

comparisons across students (B. Jacob & Rothstein, 2016). Kane and Staiger (2001), using 

data from the NCERDC, argues that school-level test scores are noisy estimators of school 

quality estimating that about 38 percent of the variance in 5th grade reading test scores 

comes from sampling variation or yearly, idiosyncratic shocks. Furthermore Kane, Staiger, 

Grissmer, and Ladd (2002) finds that this uncontrolled volatility stems from a relatively low 

number of students per grade level and from one-time factors that influence test outcomes 

that are not sensitive to sample size. 

If the primary goal of education is to develop a student’s productive capabilities 

for when she enters the labor market, then skills associated with increased productivity are 

more valuable to employers and employees than outcomes on tests that serve as a proxy 

for these skills. Achievement tests are designed to measure acquired knowledge (crystal- 

lized intelligence) and IQ tests measure the rate at which people learn (fluid intelligence) 

(Heckman et al., 2014), but both types of tests are mistakenly used as the only measures of 

a student’s skill set. Productive capabilities are, however, strongly related to both acquired 

knowledge and effort and character traits (Heckman et al., 2014). 
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Character skills 24  influence performance on a task either directly or indirectly, 

through changes in effort, and have been shown to be strong predictors of educational 

attainment, labor market success, health, and criminality. 25 Character skills that are crucial 

to a student’s economic and social success include perseverance (“grit”), self-control, trust, 

attentiveness, self-esteem and self-efficacy, resilience to adversity, openness to experience, 

humility, tolerance to diverse opinions, and the ability to engage productively in society 

(Heckman et al., 2014). 

Kautz, Heckman, Diris, Ter Weel, and Borghans (2014) compares cognitive and 

non-cognitive skill development, establishing that achievement tests do not adequately cap- 

ture character skills that are valued in the labor market. The authors find that character 

skills rival cognitive skills in predicting labor market success. They highlight that character 

skills development is a dynamic process, where earlier investments lay the foundation for 

future investments. Cunha et al. (2010) agree that early-childhood investments in charac- 

ter skill development provide greater returns than later investments, especially for students 

with disadvantages in parental and birth endowments. Given the importance of investments 

in character skill development during elementary school, the current research investigates 

gains in these measures for students that repeat with a teacher in grades 4 and 5. 

To test for character skill improvements associated with repeating with a teacher, 

I use a model similar to those found in Jackson (2016) and Bacher-Hicks, Chin, Kane, 

and Staiger (2017) Jackson (2016) uses a weighted average of the behavioral outcome 

variables of a student’s suspensions, attendance, course grades, and on-time grade 

progression. He finds that, as long as test scores and behavioral outcome variables do not 

reflect the same exact mix of student skills: 1) some teachers may develop productive 

labor market skills without raising test scores and a researcher can better predict long-

run life outcomes, such as labor market success, using both test scores and behavioral 

outcomes than using just test scores. In testing for bias in teacher performance,  
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Bacher-Hicks, Chin, Kane, and Staiger (2017) use the Value-Added Model (VAM) 

framework to find little bias of teacher performance in value-added estimates, using test 

scores, scores from classroom observations, and student survey outcomes as the 

dependent variables in their models. 

Psychologists have arrived at a relatively well-accepted taxonomy of character 

skills, with the acronym OCEAN, which stands for: Openness to experience, 

Conscientious- ness, Extraversion, Agreeableness, and Neuroticism (Heckman et al., 

2014). Of the “Big Five” character skills, conscientiousness–the tendency to be 

organized, responsible, and hardworking–is the most widely predictive across a variety 

of life outcomes. Job performance, wages, and criminality are all most strongly related to 

conscientiousness (Heckman et al., 2014). 

 
Framework for Testing the Effects on Non-Achievement 

 

The framework used in this chapter closely follows the extended Value-Added 

Mod- els (VAMs) proposed in Chapter 1. These models build on the VAMs of Sass et al. 

(2014) and Chetty et al. (2014b). These VAM models measure a student’s knowledge 

accumulation by specifying a production function in which current and past time-varying 

inputs are combined with a student’s time-invariant inputs. Typically, knowledge 

accumulation is measured using test scores in math and/or reading. In this investigation, 

the achievement production function’s dependent variable is replaced with measures of 

behavioral outcome variables, Yit . Unlike Jackson (2016), I do not use a weighted 

average of the behavioral outcome measures. Rather test each outcome variable 

individually. I do this to identify which character skill is most significantly impacted from 

having the same teacher again. 
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In this investigations, I use the outcome variables of attendance, time spent on 

homework, and time spent reading as proxies for Conscientiousness, measuring a student’s 

levels of perseverance and self-control. I use a student’s anticipated grade in math or read- 

ing as a measure of trust, self-esteem, and self-efficacy. These traits are commonly associ- 

ated with the “Big Five’s” personality factors Extraversion and Agreeableness (Heckman 

et al., 2014). Lastly, I use the teacher’s subjective assessment of the student’s educational 

progress throughout the year as a measure associated with both cognitive and non-cognitive 

developments. A student’s time-varying inputs are given by the vector, Vi(t), while a

student’s time-invariant component is denoted by µi. The generalized production 

function at time t is 

Yit = Yt [Vi(t), µi, υit ]  (8) 

Any unaccounted for influences on a non-cognitive measure are contained in the error 

term, υit , and the subscript on Yt [.] allows for the impact of the educational inputs to vary

through-out time. 

Vi(t), includes inputs at the school, classroom, and individual levels. These in- 

puts are largely similar to the educational inputs specified in Chapter 1, with a few 

exceptions. School- and classroom-level inputs do not differ much from those that are 

typically included in achievement VAMs. However, school and classroom effects, 

including the teacher’s input and any effect from a student and teacher repeating together, 

are now measured via changes in non-cognitive outcomes. Individual-level inputs 

include those specified in Chapter 1 plus a student’s math and reading standardized test 

scores. Lagged achievement is usually included in achievement VAMs, however, it is 

normally used as a proxy variable for all past educational inputs. Conversely, in the VAMs 

used here, achievement measures are included to control for student heterogeneity and 

omitted educational influences, such as family inputs and time-varying student effort. 



Assuming education production process is linear and additively separable and ex-

plicitly identifying the treatment variable that indicates whether a student has been matched

with her current teacher previously, Dit from Vit , equation (8) can be written

Yit =
t

∑
h=1

[θhtZih+ωhtDih]+ϕt µi +υit (9)

The non-cognitive function above is time-specific, allowing the marginal effects of the in-

dependent variables to vary at each grade-time combination. These are found as average

effects across students in the same school and grade during the same year. Equation (9)

specifies that non-cognitive knowledge accumulation at time t is determined by the accu-

mulation of all past and present, time-varying educational inputs; a student heterogeneity

component, ϕt µi, that can vary with t; and any idiosyncratic student-specific shocks. Usu-

ally VAMs are used to measure the influence of teachers on the outcome variable, however,

in this research the VAM framework controls for confounding variables that may bias the

parameter of interest, ω . ω measures the average treatment effect of having a teacher for a

previous year on Yit

To measure every coefficient found in equation (9) a researcher would need in-

formation on the full history of a student’s educational inputs. To make estimation more

tractable, two further assumptions are imposed. First, I assume the production function

does not vary by grade level. Rather, the impact of an input varies only with the time

span between the application of the input and the measurement of the dependent variable,

h. This assumption is not overly restrictive because I only estimate education production

functions across, at most, grades 3 through 5. Even if there are differences in the produc-

tion of knowledge across grades, these differences should be mitigated due to the relatively

small span of grades.

The second assumption states that the marginal impacts of prior educational inputs

decay at the rate, λ , where 0 ≤ λ < 1 for any time span of application, h, such that θt −h =
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λθt −1−h, and ωt−h = λωt−1−h. This allows equation (9) to be written as:

Yit =
t

∑
h=0

λ
h[θZi, t −h+ωDi,t−h]+ϕt µi +υit (10)

Using a decayed lag of the (10)’s dependent variable, where

λYi,t−1 = λ

(
∑

t
h=0 λ h[θZi, t −1−h+ωDi,t−1−h]+ϕt−1µi+υi,t−1

)
, the second assump-

tion allows Yi,t−1 to serve as a proxy for the input of all past educational variables on the

current-year outcome measure. Importantly, this eliminates the need for a full history of

past inputs. After collecting and simplifying like terms26 equation (10) becomes:

Yit = θZit +λYi,t−1 +ωDit +(ϕt −λϕt−1)µi + ιit (11)

Where ιit = υit −λυi,t−1. Equation (4) specifies that non-cognitive measures are a function

of current-year educational inputs, including Dit ; a decayed proxy of all past educational in-

puts; student-specific heterogeneity; and any autocorrelated, idiosyncratic shocks. Student

heterogeneity is accounted for by the inclusion of student-specific characteristics, includ-

ing math and reading achievement. Equation (11) serves as the baseline model for this

research.

I implement the baseline model by estimating (11) using a number of different

specifications. I separately run regressions where the decay rate of educational inputs is

0 < λ < 1 and when λ = 0. In the former, a lag of the dependent variable is included in the

regressors, while in the latter it is not. Furthermore, I control for student heterogeneity by

using either a student’s current achievement, Ai,t , or her lagged achievement, Ai,t−1. When

student heterogeneity is completely controlled for ϕt = λϕt−1, dropping (ϕt − λϕt−1)µi

from equation (11). This eliminates the need for the traditional control for student hetero-

geneity, student-level fixed effects.
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Data 
 

This research uses a longitudinal dataset from the North Carolina Education Re- 

search Data Center (NCERDC) to test the effects on character skills of repeating with a 

teacher. The dataset contains yearly information on a student’s non-cognitive measures 

and characteristics as they progress through the state school system of North Carolina, in- 

cluding information on their assigned teacher, classroom, and school. The dataset spans the 

school years 2007 to 2013 and is restricted to elementary school students in self-contained 

classrooms. 27. 
Chapter 2’s investigation supplements Chapter 1’s question about the achievement 

gains associated with repeating with a teacher. Therefore, I use a similar approach, where 

a simple dummy variable, Dn, was constructed to identify whether a student has previously 

been in his current teacher’s classroom. Current-year, student-teacher matches were cross- 

referenced with a student’s previous teachers for up to the past 4 years. For students that are 

currently being taught by a teacher they’ve had previously, Dn = 1. For all other students, 

Dn = 0, indicating that these students are being taught by a teacher for the first time. 

The original dataset used to find whether a student has repeated with a teacher 

spans grades 1 through 5, but, because non-cognitive measures are unavailable for students 

in grades below 3rd grade, the testable population begins at grade 3. To prevent mistakenly 

associating one teacher’s effect on character traits for another’s, I cap the sample at fifth 

grade. Students are more likely to switch classes and have different teachers for different 

subjects in grades after fifth grade. Finding a teacher’s true effect would require the nearly 

impossible task of disentangling multiple teachers’ effects on a student’s non-cognitive 

outcomes 28. Similar to Chapter 1, 2.40% of the testable population repeat with a teacher 

for a second time (D2 = 1) and 2.63% of the population are in a teacher’s classroom that 

has taught them before (D = 1)29. 

I use a number of regressions to estimate the effect of repeating with a teacher on 

each non-cognitive measure. Each regression uses a distinct sample based on available 
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independent variables. however, every sample is limited in the following ways: 1) Obser- 

vations with missing information on their classroom teacher or on the school they attended 

are excluded.  2) Observations in classrooms with less than 7 and more than 45 students 

are excluded. 3) Observations from charter schools are excluded. 4) Observations that are 

missing information on individual student characteristics30 are excluded. 

The availability of lags of student achievement in math and reading and the avail- 

ability of lags of each dependent variable determine the samples used to estimate the effect 

of repeating with a teacher on each non-cognitive measure.  Non-cognitive measures are 

broken up into two groups; those based on a student or teacher’s subjective assessment of 

student achievement31 and those based on a student’s time allocation. Data on the depen- 

dent variables is provided from the NCERDC using an interval scales, but these variables 

are standardized (µ = 0, σ = 1) to make estimation results more interpretable. 

Lags of these non-cognitive measures are unavailable before grade 3.  Therefore, 

regressions that include lags of the dependent variable are limited to students in grades 4 

and 5 and those repeating grade 3. Using lags of math and reading achievement in the 

equations limits samples to fourth and fifth grade students and third graders where scores 

of tests administered at the beginning of third grade act as second grade achievement proxy 

variables32. Lastly, as a robustness check, I also use samples that include only students that 

attend school for more than two-thirds of the year to account for any outlying outcomes that 

are abnormally affected by extraneous events. See Table 10 for a summary of the outcome 

variables. 
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Table 10 
Non-Standardized Values of Character Trait Outcome Variables 
 
 

Variable Name Mean Std. Dev. Min Max 
Days in School 160.82 21.64 0 180 
Time Reading 
(1/2 hour intervals) 

1.61 

(≈ 45min/day) 
1.07 0 4 

Time on Homework 
(2 hour intervals) 

1.99 

(≈ 25min/day) 
1.08 0 5 

Student Anticipated Grade-Math 2.73 1.01 0 4 
(0=F, 1=D, 2=C, 3=B, 4=A)     
Teacher Judgment-Math 2.91 0.85 1 4 
Student Anticipated Grade-Reading 2.77 0.98 0 4 
(0=F, 1=D, 2=C, 3=B, 4=A)     
Teacher Judgment-Reading 2.90 0.84 1 4 

 

 

 

Results 

In each of the regressions used to find the estimates in tables 11 through 14, cubic 

polynomials of lagged math and reading achievement and controls for a student’s age, gen- 

der, ethnicity, family affluence, any learning disabilities, switching schools during the year, 

and repeating the grade are included. Furthermore, differences in a student’s classroom- 

and school-level inputs are controlled for using average classroom achievement and school 

fixed effects, respectively. Time and grade fixed effects along with their interaction are also 

included in all reported regressions. 

In each of the tables 11 through 14, estimates of ω2 and ω represent the non- 

cognitive effects of having a teacher for a second year (D2 = 1) and of repeating with a 

teacher (D = 1). In columns (1) and (3) of each table, controls for the teacher’s input are 

not included, while they are included in columns (2) and (4).  This offers a comparison 

between the two estimates of the ωs allowing for any student sorting based on teachers’  
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inputs to be more easily highlighted. In all regressions, standard errors are clustered at the 

school level. 

I run a number of regressions for each dependent variable as robustness checks. 

These include variations in the reported regressions such that the sample includes only 

students that have attended school for 120 days or more, a lag of the dependent variable 

is not included, and current achievement is used instead of lagged achievement. A lag of 

the dependent variable is included to allow for maximum flexibility of the value of λ in 

equation (11). When a lag of the dependent variable is not included, the restriction λ = 0 

is assumed, meaning the impact of any past educational inputs has completely decayed by 

the start of current school year. I use this restriction to test for any differences in the ω’s 

when third graders are included in the sample. In the reported results, only fourth- and 

fifth-graders are included in the sample, because information on the prior-year’s dependent 

variable is not available before grade 3 33. 

Lagged achievement is preferred to current achievement because of the difficulties 

associated with disentangling the separate effects a teacher has on the cognitive and non- 

cognitive skills in the same year. For instance, consider a teacher that has an above average 

effect on a student’s homework effort, but an average effect (value-added estimate = 0) 

on a student’s cognitive achievement when measured independently of homework effort. 

If homework effort impacts a student’s measured achievement, than the teacher’s positive 

effect on homework effort may be misidentified as a direct effect on student’s cognitive 

abilities, rather than an increase in the student’s non-cognitive homework effort. Using 

lagged achievement rather than current-year achievement helps to eliminate this problem, 

so long as lagged achievement is unrelated to current teacher quality 34. 
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Changes to Subjective Measures of Achievement 
 

Tables 11 and 12 report that, regardless of whether teacher quality controls are 

included, estimated effects on both subjective teacher assessment scores and student antici- 

pated grade scores in the subjects of math and reading are significantly different from zero. 

Estimates of ω and ω2 in both tables are significant at the 99% level, except for estimates 

on subjective Reading scores when teacher fixed effects are included (column (4) of Table 

11). These estimates are still significant at the 95% level. 

In Table 11, estimated effects of repeating with a teacher on teacher-based subjec- 

tivity scores in math and reading, similar to achievement scores35, diminish when teacher 

controls are included. However, unlike the findings in Chapter 1, estimates on subjective 

math and reading scores remain significantly different from zero when teacher controls are 

included. I estimate that repeating with a teacher increases subjective math scores by about 

0.038 standard deviations and subjective reading scores by about 0.018-0.019 standard de- 

viations. Unconditional on teacher quality, columns (1) and (3) report even greater in- 

creases in math (0.054-0.055 standard deviations) and reading (0.032 standard deviations) 

teacher-subjective scores. 

In Table 11, estimated effects of repeating with a teacher on teacher-based subjec- 

tivity scores in math and reading, similar to achievement scores36, diminish when teacher 

controls are included. However, unlike the findings in Chapter 1, estimates on subjective 

math and reading scores remain significantly different from zero when teacher controls are 

included. I estimate that repeating with a teacher increases subjective math scores by about 

0.038 standard deviations and subjective reading scores by about 0.018-0.019 standard de- 

viations. Unconditional on teacher quality, columns (1) and (3) report even greater in- 

creases in math (0.054-0.055 standard deviations) and reading (0.032 standard deviations) 

teacher-subjective scores. 
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Standardizing the dependent variables allows for the comparing the estimates of ω 

and ω2 to the estimates of δ and δ2 from Chapter 1. Most of Chapter 1’s comparable esti- 

mates on math and reading achievement are not significantly different from zero. However, 

when they are, such as the estimates on math scores when teacher quality is not controlled 

for, the estimates from Chapter 1 are much smaller than this Chapter’s estimates of the 

ω’s on subjective teacher scores. When comparing column (1) of Table 11 to column (5) 

of Chapter 1’s Table 4, increases in a teacher’s subjective scores associated with repeating 

with a teacher are 3.4-3.5 times larger than the analogous measure on math achievement. 

Increases in student achievement associated with being taught by a high quality 

teacher37 is a useful standard to compare the estimates of the effect of repeating with 

a teacher on subjective teacher scores. Having a high-quality teacher increases a 

student’s math and reading test scores by 0.16-0.18 and 0.12 standard deviations, 

respectively. Using estimates found in columns (2) and (4), increases in subjective 

teacher assessments are, respectively, about 22% and 15% of the increase in math and 

reading achievement associated with having a high-quality teacher. 

The results on anticipated grades in math and reading, a measure related to a stu- 

dent’s self-reflective assessment of their level of trust, self-esteem, and self-efficacy 

(Heckman et al., 2014), found in Table 12 highlight that students report higher anticipated 

scores when being taught by the same teacher again. When teacher fixed effects are not 

included in estimation ((1) and (3) in Table 12) the estimated effects of repeating with a 

teacher are slightly greater in math than in reading. However, both math and reading, 

regressions that include teacher-quality controls yield increases in anticipated grades of 

about 0.027-0.028 standard deviations. Estimates of the ωs are smaller in magnitude when 

teacher-quality controls are included, amounting to about 16% and 23% of the increase 

in math and reading achievement associated with having a high-quality teacher, 

respectively. 
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Table 11 
Teacher Subjective Scores in Math and Reading 
 

Math                                      Reading 
 

 

Regression (1) (2) (3) (4) 
Estimate of ω2 0.05444*** 0.03799*** 0.03176*** 0.01847** 
S.E. of ω2 (0.00653) (0.00718) (0.00663) (0.00732) 
Estimate of ω 0.05455*** 0.03823*** 0.03232*** 0.01857** 
S.E. of ω (0.00647) (0.00717) (0.00658) (0.00731) 
Teacher F.E.s N Y N Y 
number of observations 564,451 564,451 563,686 563,686 
R-squared 0.5900 0.6441 0.5971 0.6478 

 

Notes: Subjective scores are standardized scores based on the teacher’s judgment of the 
student’s achievement that year. ω2 is an estimate of the effect of repeating with a teacher 
when the student repeats with a teacher for a second time only. Where as, ω is an estimate 
of the effect of repeating with a teacher when the student repeats with a teacher for a 
second, third, or fourth time. Controls for individual and institutional educational inputs 
included student lagged test scores that consist of cubic-polynomials of math and reading 
scores; student covariate controls for age, gender, ethnic- ity, family affluence, any learning 
disabilities, switching schools during the year, and repeating the grade; lags of teacher 
judgment scores in math or reading, respectively; classroom characteristics such as number 
of students and cubics of lagged average classroom achievement in math and read- ing; 
school, grade, and time fixed effects, including an interaction between grade and time 
fixed effects. The inclusion of lags of each regression’s dependent variable (teacher 
judgment scores) presumes that 0 < λ < 1 from equation (11) above. Reported standard 
errors of the are clustered at the school level. *, **, *** represents significance at the 90, 95, 
and 99% levels, respectively. 
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Table 12 
Student Anticipated Scores in Math and Reading 
 

Math Reading 
 

 

Regression (1) (2) (3) (4) 
Estimate of ω2 0.04021*** 0.02707*** 0.03373*** 0.02656*** 
S.E. of ω2 (0.00695) (0.00760) (0.00727) (0.00796) 
Estimate of ω 0.04057*** 0.02776*** 0.03425*** 0.02796*** 
S.E. of ω (0.00695) (0.00766) (0.00724) (0.00797) 
Teacher F.E.s N Y N Y 
number of observations 565,095 565,095 564,510 564,510 
R-squared 0.5516 0.6151 0.5510 0.6141 

 

Notes: Anticipated scores are standardized scores based on a student’s judgment of their 
expected achievement that year. ω2 is an estimate of the effect of repeating with a teacher 
when the student repeats with a teacher for a second time only. Where as, ω is an estimate 
of the effect of repeating with a teacher when the student repeats with a teacher for a 
second, third, or fourth time. Controls for individual and institutional educational inputs 
included student lagged test scores that consist of cubic-polynomials of math and reading 
scores; student covariate controls for age, gender, ethnic- ity, family affluence, any learning 
disabilities, switching schools during the year, and repeating the grade; lags of teacher 
judgment scores in math or reading, respectively; classroom characteristics such as number 
of students and cubics of lagged average classroom achievement in math and read- ing; 
school, grade, and time fixed effects, including an interaction between grade and time 
fixed effects. The inclusion of lags of each regression’s dependent variable (student 
anticipated scores) presumes that 0 < λ < 1 from equation (11) above. Reported standard 
errors of the are clustered at the school level. *, **, *** represents significance at the 90, 95, 
and 99% levels, respectively. 
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Changes to Students’ Use of Time and Effort 

While the results in Tables 11 and 12 focus on outcomes that are largely related to 

achievement scores, the results in Tables 13 and 14 relate to how students allocate their time 

and effort. The outcome variable attendance is measured by number of days spent in school 

while the outcomes of time spent on homework, and time spent reading are all standardized 

(µ = 0, σ = 1). Time spent on homework and time spent reading were initially reported 

based on interval scales. 

Looking at Table 13, students attend about 2 more days of school when they repeat 

with the same teacher. Unconditional on teacher-based inputs, estimates of the ωs are 1.7-

1.8 days of additional attendance, while, interestingly, the same estimates increase by about 

25% when conditioned on teacher inputs. This is in direct contrast to the results found in 

Chapter 1. I examine the possible causes of this increase in the estimates of the ωs in (2) 

of Table 13 in the discussion section. 

The estimates of the outcome variables in Table 14 helps us to understand if a 

student’s repeating with the same teacher leads to changes in the student’s allocation of 

time and effort after school. These outcome measures, like those in Tables 11 and 12, 

have been standardized to allow for comparison across variables. While time spent on 

homework best quantifies the amount of effort exerted by the student outside of the school 

setting, understanding whether any increases in homework effort come at the opportunity 

cost of other potential education inputs warrants investigation. 

Estimates in column (1) of Table 14, indicate there is a positive and significantly 

different from zero increase in the amount of time a student spends on homework when 

they repeat with the same teacher, regardless of teacher quality. In columns (3) and (4) of 

Table 14, the negative coefficients on the ωs emphasize that students are spending less time 
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Table 13 
Student Attendance 
 

Attendance 
 

Regression (1) (2) 
Estimate of ω2 

S.E. of ω2 

Estimate of ω 

1.740*** 
(0.101) 

1.799*** 

2.146*** 
(0.117) 

2.262*** 
S.E. of ω (0.102) (0.119) 

Teacher F.E.s N Y 
number of observations 569,838 569,838 

R-squared 0.2499 0.2934 
 

Notes: Attendance values and their associated estimates are measured in number of days. 
ω2 is an estimate of the effect of repeating with a teacher when the student repeats with a 
teacher for a second time only. Where as, ω is an estimate of the effect of repeating with a 
teacher when the student repeats with a teacher for a second, third, or fourth time. 
Controls for individual and institutional educational inputs included student lagged test 
scores that consist of cubic-polynomials of math and reading scores; student covariate 
controls for age, gender, ethnicity, family affluence, any learning disabilities, switching 
schools during the year, and repeating the grade; lags of teacher judgment scores in math 
or reading, respectively; classroom characteristics such as number of students and cubics 
of lagged average classroom achievement in math and reading; school, grade, and time 
fixed effects, including an interaction between grade and time fixed effects. The inclusion 
of lags of attendance in the regressions (1) and (2) presumes that 0 < λ < 1 from 
equation (11) above. Reported standard errors of the are clustered at the school level. *, **, 
*** represents significance at the 90, 95, and 99% levels, respectively. 
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Table 14 
Time Spent on Homework and Reading 
 
 

Homework Reading 
 

 

Regression (1) (2) (3) (4) 
Estimate of ω2 0.03384** -0.00476 -0.01540* -0.01657* 

S.E. of ω2 (0.0134) (0.0147) (0.00806) (0.0103) 
Estimate of ω 0.03344*** -0.00185 -0.01549* -0.01623* 

S.E. of ω (0.0136) (0.0148) (0.00797) (0.0102) 
Teacher F.E.s N Y N Y 

number of observations 422,305 422,305 426,319 426,319 
R-squared 0.1039 0.2305 0.1759 0.2194 

 

Notes: Time spent on homework and reading is standardized with mean = 0 and standard 
deviation= 1 to allow for comparison across dependent variables. ω2 is an estimate of the 
effect of repeating with a teacher when the student repeats with a teacher for a second time 
only. Where as, ω is an estimate of the effect of repeating with a teacher when the student 
repeats with a teacher for a second, third, or fourth time. Controls for individual and 
institutional educational inputs included student lagged test scores that consist of cubic-
polynomials of math and reading scores; student covariate controls for age, gender, 
ethnicity, family affluence, any learning disabilities, switching schools during the year, 
and repeating the grade; lags of teacher judgment scores in math or reading, respectively; 
classroom characteristics such as number of students and cubics of lagged average classroom 
achievement in math and reading; school, grade, and time fixed effects, including an in- 
teraction between grade and time fixed effects. The inclusion of lags of each regression’s 
dependent variable (time spent on homework in regressions (1) and (2) and time spent 
reading in (3) and (4)) presumes that 0 < λ < 1 from equation (11) above. Reported 
standard errors of the are clustered at the school level. *, **, *** represents significance at 
the 90, 95, and 99% levels, respectively. 
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reading when they repeat with the same teacher. While the estimates of the increase in time 

spent on homework are more than twice as large as the estimated decrease on reading time, 

together these results highlight that students partially offset the increase in homework time 

with less time spent reading. 

Specifically, the estimates on time spent on homework in column (1) show that 

students move up the distribution of homework time by 0.033-0.034 standard deviations. 

Treatment estimates of the original, non-standardized homework variable help us to under- 

stand this result. The original values of the homework variable are measured as an inconsis- 

tent interval scale, with outcomes 0-5 38. Estimates of the non-standardized variable39 are 

not much different than those for the standardized outcome, with values of 0.035-0.03640. 

A student from the sample averages 1 to 3 hours per week doing homework, unconditional 

of any covariates. A back-of-the-envelope calculation, simplifying the average homework 

time to 2 hours per week, finds that a student spends a little more than 4 additional minutes 

doing homework per week when they repeat with a teacher. 

While students that repeat with the same teacher spend more time doing homework, 

adding teacher Fixed Effects show that this increase is mostly related to the teachers’ input 

of those that repeat with students. In (2) of Table 14, estimates of time on homework are 

no longer significantly different from zero, where, in (4), estimates on reading time are 

still negative and significantly different from zero. The R2 of the Homework regression 

more than doubles when teacher inputs are included, highlighting the influence teachers 

have in determining the amount of time a student spends on homework. Including teacher 

inputs when measuring the effects of repeating with the same teacher on homework effort 

is essential to determine whether students are working harder because they are repeating 

with a familiar teacher or because the teacher they repeat with systematically assigns more 

homework. The findings in Table 14 indicate the latter. 
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Discussion 
 

The benefits of repeating with a teacher for another school year appear to be stronger 

in non-cognitive measures than in the scores on objective achievement tests studied in 

Chapter 1. Character traits associated with a student’s levels of Conscientiousness, Ex- 

traversion, and Agreeableness all see positive gains when she repeats with a teacher, pro- 

viding evidence of the educational enhancements associated with programs designed to 

keep students and teachers together for multiple years. Like the regressions using test 

scores as outcome variables, one must control for nonrandom student sorting into teachers’ 

classrooms when using non-cognitive measures. However, unlike the estimates of academic 

gains in math and reading test scores, the estimates on the gains in subjective teacher scores 

and anticipated student scores are significantly different from zero even after controlling for 

teacher quality. These results, in combination with findings supporting increased student 

effort when repeating with a teacher, provide substantial evidence for the character-building 

benefits of keeping students and teachers together for multiple school-years. 

Rockoff and Speroni (2011) finds that subjective and objective measures of teacher 

quality are equally predictive of future student success. Furthermore, subjective scores 

of student success may be based on academic achievement success as well as character 

skill gains where objective subject test outcomes only measure the former. Therefore, in 

understanding the complete academic impact of repeating with a teacher, one needs to 

look at both objective and subjective outcomes. While Chapter 1 establishes that objective 

outcomes are non-significantly affected by repeating with a teacher, subjective outcomes 

see significantly positive gains. When subjective scores account for character skills as 

well as academic achievement measured by test scores, the significant effects on subjective 

scores and not objective scores emphasizes that a student’s character skill development is 

more strongly affected than academic achievement when a teacher-student relationship is 

maintained. 
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If the increase in a teacher’s subjective assessment of a student’s academic success 

is due to nonrandom measurement bias (such as when a teacher’s evaluations of students 

are affected by increases in the amount of time spent with them), then the results from 

subjective scores can be misleading. However, the gains in student perceptions of their 

academic success, as measured by anticipated scores in math and reading, complement the 

results from subjective scores. Both teachers and students perceive increased academic 

success when they repeat together, highlighting that both parties are more optimistic about 

their educational experiences. This optimism, categorized as an increase in the psycho- 

logical character trait, extraversion (Heckman et al., 2014), fosters an environment more 

conducive to learning and helps establish a more positive student outlook that can lead to 

further academic and adult-life success. 

Given the nonrandom student sorting into higher-quality teachers’ classrooms es- 

tablished in Chapter 1, the dampened estimates when teacher input controls are included 

in the teacher-subjective and student-anticipated regressions is not surprising. However, 

the increase in the estimated effect of repeating with a teacher on student attendance when 

teacher controls are included in the regression (Table 13) is surprising, especially when 

coupled with the results from the regressions using student time spent on homework as the 

dependent variable. Both attendance and time spent on homework are measures of student 

effort (Heckman et al., 2014). When teacher controls are included in the regressions using 

time spent on homework as the dependent variable, estimates are dampened and no longer 

significantly different from zero. 

These results suggest that, conditional on teacher quality, students are more willing 

to come to school when they are repeating with a teacher. However, this does not make 

students increase their out-of-school effort. This again suggests that, on average, repeat- 

ing with a teacher makes school more enjoyable for the student.  This improvement in 
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a student’s feelings about school is especially important for elementary school students. 

Cunha et al. (2010) and Heckman et al. (2014) both find evidence that investments in char- 

acter skills during early childhood years have a higher economic return than investment 

in later years because they build the base for subsequent investments. This concept of 

self-productivity can be summarized as “skills beget skills” (Heckman et al., 2014). 

Interestingly, the lack of significance on estimates measuring increases in home- 

work effort when teacher controls are included and the previously established nonrandom 

sorting of students to higher-quality teachers suggest a causal relationship between home- 

work effort and high-quality teachers. Students, on average and unconditional of teacher 

quality, increase their homework effort and see higher achievement when they repeat with 

a teacher. However, after controlling for teacher inputs, a student’s homework effort and 

achievement gains are not significantly affected by repeating with a teacher. This suggests 

that higher-quality teachers increase a student’s homework effort (either by assigning more 

homework or inspiring students to spend more time on their assignments) which, in turn, 

increases the student’s test scores. 

Taken together, the effects of repeating with a teacher favor a student’s non-cognitive, 

character skill development more than the development of cognitive skills that are tradition- 

ally measured by test scores. This falls in line with previous research that finds teachers to 

have a bigger effect on character skills than on cognitive skills (Jackson, 2013b). Further- 

more, these two teacher effects are only weakly correlated, suggesting that some teachers 

improve only one dimension of skill development without improving the other (Jackson, 

2013b). 

The current investigation has asserted that, on average, repeating with a teacher 

makes school more enjoyable for a student and students that enjoy school do better 

on standardized tests (Heckman et al., 2014). However, despite the positive effect 

repeating with a teacher has on a student’s perception of school, contemporaneous student 

test scores do not see an improvement. I hypothesize this is because increases in a 
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student’s character skills occur more quickly than changes in a student’s academic 

achievement. It seems that any gains in academic achievement from repeating with a 

teacher will be associated with increases in character skills and not from a student 

learning more of the course curriculum. These character skill gains are still developing 

during the year a student and teacher are repeating, with their full effect not being 

realized until the school-year is over and the standardized tests have been taken. An 

interesting extension of the current research would be to test for any gains in math and 

reading achievement in the year after a student repeats with a teacher. This research does 

not rule out all math and reading achievement gains from repeating with a teacher; only 

contemporaneous achievement gains. The findings in this investigation stress that 

programs intended to keep students and teachers together for multiple years should be 

implemented during elementary school rather than in high school because the benefits of 

character skill improvements are greatest among younger children. Furthermore, this 

research highlights the importance of using multiple dimensions when measuring gains 

in knowledge and productive capabilities. 

Conclusion 

This research has identified the improvements in non-cognitive abilities elementary 

school students experience when repeating with a teacher. The gains in character traits 

established through this investigation are important, because, when measuring academic 

success purely on the cognitive gains associated with achievement tests, a researcher will 

fail to recognize academic gains that will lead to greater amounts of school completion 

and better results in the labor market. Gains in character traits should be investigated as 

complement measures of research using test scores as a mark of academic success. 
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Both students and teachers perceive increases in the academic achievement when 

“looped” together. Subjective scoring (by teachers) and anticipated grades (by students) 

show gains when each stay together longer than the usual 180 days. Additionally, student 

effort improves, as measured by attendance. These findings establish that despite the lack 

of improvement in test scores when students repeating with a teacher, students are 

experiencing academic gains when they repeat with a teacher for another year. 

Given the differences in non-cognitive and cognitive gains of repeating with a 

teacher, it is important for future work to identify any heterogeneity in these effects. Kautz 

et al. (2014) present evidence about the increases in character gains of students from 

disadvantaged backgrounds compared to students from stable backgrounds of programs 

implemented to improve the “soft skills” of students. This is an avenue for future work; 

not just to measure of changes character gains, but also to test for any heterogeneity in 

achievement gains. 
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CHAPTER 3 

REVERSING BROKEN WINDOWS THEORY 

Introduction 

 
Since the 1970s, criminologists have shown that “fear of crime” is distinct from 

“fear” of “crime”—residents are fearful not only of actual crime, but of other physical and 

social cues of disorder and incivilities embedded within their environments (Garofalo & 

Laub, 1978). Research in this realm has continued to pique interest because incivility 

perceptions have been linked to a number of untoward outcomes. They can affect stress 

and well-being, and consequently health (Ross & Mirowsky, 2001); reduce participation 

in local community organizations (Perkins, Brown, & Taylor, 1996); decrease the 

likelihood that residents will walk outdoors in their own neighborhoods (Gallagher, et al., 

2010); lead to increases in later crime (Taylor, 2005); and might even predict the decline 

of entire neighborhoods (Skogan, 1990). There is empirical support for the cross-sectional, 

individual level incivilities model (incivilitiesfear). LaGrange, Ferraro, and Supancic 

(1992) and Wyant (2008) demonstrated that the causal chain is largely incivilitiesrisk 

perceptionsfear. However, these and other works have relied on cross-sectional data, 

which creates the potential problem of causal directionality.  

Wilson and Kelling’s (1982) “Broken Windows” version made the model 

ecological and longitudinal. Their version argued that physical and social incivilities 

clustered on street blocks can lead to reduced informal control, thereby creating a 

concentration of emboldened potential offenders. More fear and withdrawal occurs over 

time, and more crime-inclined people move in. Limited empirical support for this model 

exists. To date, two studies have examined the lagged impacts of incivilities on 

neighborhoods and street blocks (Robinson et al., 2003; Taylor, 2001). Taylor (2001) found 

that incivilities showed some lagged impacts on crime, decline, and fear; however, these 
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impacts varied across outcomes and depended on the type of incivility indicator used. 

Further, neighborhood structural variables had comparatively larger impacts. Robinson et 

al. (2003) used a one-year follow-up design and found that earlier perceived incivilities 

show weaker-than-expected impacts on later changes in several reactions to crime—

including fear. In short, longitudinal support for BWT is limited.  

Recent work emerging from the incivilities paradigm emphasizes the subjective 

nature of disorder perceptions (Hipp, 2010; Sampson, 2009; Sampson & Raudenbush, 

2004; Wallace, 2012; Wickes et al., 2013). This literature shows us that the assumption 

within BWT that disorder cues can be summarized by “we know it when we see it” rests 

on tenuous empirical grounds, and that perhaps Harcourt (2001) was correct to argue that 

a clear and rigid category of “disorderly” does not exist. In light of these findings, and in 

conjunction with BWT’s modest level of empirical support, should the beginning sequence 

of the theory be reconfigured to reflect the variable nature of perception? Are there 

plausible theoretical reasons, for example, to reverse the initial link of BWT by arguing 

that risk perceptions may shape perceptions of incivilities? The current work—relying on 

a symbolic interactionist perspective on incivilities (Harcourt 2001)—argues for such a 

plausible relationship in that people feeling high localized crime risk might be “biased” 

(Hipp, 2010) toward interpreting their environments as more incivility-ridden. In other 

words, the person perceiving more crime risk might be more attuned to the immediate 

surrounding problems than those perceiving less. Similar to BWT, this model amounts to 

a psychological effect with an individual-level outcome. Given the longitudinal nature of 

our data, we can test both causal pathways (incivilitiesrisk and riskincivilities). 

Wilson and Kelling (1982) illustrate that some dynamics that affect individual-level 

outcomes occur at higher levels, such as the street block or the neighborhood. It is within 

these specific street block or neighborhood contexts where crime-inclined people can 

proliferate. Thus, the Wilson and Kelling argument amounts to a multilevel, ecological 
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argument (street block-level crime and incivilitiesmore fear among group members). 

Accordingly, we also build an ecological test of BWT and its reverse into our models by 

aggregating risk and incivilities perceptions to the street block level and testing both 

pathways. We ask: Do earlier incivilities perceptions aggregated to the street block have 

impacts on later changes in individual perceptions of risk? And: Do earlier risk perceptions 

aggregated to the street block level have impacts on later changes in individual perceptions 

of street block problems? Which model finds more empirical support? 

The current work takes advantage of longitudinal and multilevel data to test BWT 

and its reverse formulation with risk perceptions impacting how one sees her environment. 

This is the first study to examine this reverse ordering. In a closely related investigation 

with a slightly different outcome, Brunton-Smith (2011) used a cross-lagged design to 

examine the impacts of incivilities on fear and fear on incivilities and found more support 

for the traditional BWT model. Our findings diverge from his. While we do find limited 

support for the traditional BWT model, two different types of models show more support 

for the reversed model. HLM models and fixed effect analyses show substantial support 

for a model by which risk perceptions shape the degree to which people see things in their 

environs as problematic later in time.  

 

Biased Perceptions 

Incivilities thesis models and key empirical findings are outlined below. We then 

tie in an emerging literature that questions the basic starting point of the BWT model—

that neighborhood incivilities, or embedded neighborhood cues, are universally perceived 

and defined as problematic. This literature investigates what factors shape or “bias” 

perceptions of neighborhood problems (Franzini et al., 2008; Harcourt, 2001; Hipp, 2010; 

Sampson & Raudenbush, 2004; Wallace, 2011; Wickes et al., 2013). With this literature’s 

focus on the variability in how people define neighborhood problems as the backdrop, the 
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current work exploits a symbolic interactionist perspective to elucidate how perceptions 

of incivilities may also be a function of feelings of localized crime risk. Our empirical 

findings not only question the theoretical adequacy of the current articulation of BWT, 

they highlight another reason that perceptions of local incivilities are not the unambiguous 

and universal cues they were once thought to be; rather, they are subjective constructions 

that are shaped by many biases, including crime risk perception. 

 

Incivilities Thesis Research 

Victimization surveys have revealed that fear of crime, especially in urban 

environments, is more ubiquitous than the actual number of people who became victims of 

crime (Cook & Skogan, 1984; Hunter, 1978; Taylor, 1999). This is why many have argued 

that “fear of crime” in urban environments is more complex than simply “fear” of “crime” 

(Garofalo & Laub, 1978; Hunter, 1978; Wilson, 1975). Linking social incivilities (i.e., 

loitering youth, panhandlers, and public drunkenness) and physical incivilities (i.e., litter, 

vandalism, vacant and/or rundown structures) (Perkins & Taylor, 1996), the initial research 

was individual-level and focused on how the presence of incivilities within urban 

communities contributes to increased levels of fear for community residents. Wilson and 

Kelling’s (1982) version asserted that incivilities in certain neighborhoods caused law-

abiding residents to avoid those places out of fear, while those inclined to anti-social 

behavior would remain. The persistence of these incivilities sends a signal to local teens 

and at-risk youth that the area is ripe for delinquency (Taylor & Covington, 1993). On these 

street blocks and in these neighborhoods, the remaining concentration of residents with 

proclivities toward crime would thus produce an increase in the frequency and severity of 

crime and other anti-social behaviors. As such, their model predicts that crime will increase 

in areas with high levels of incivilities over time through social psychological processes 

that occur at the street block and neighborhood levels. 
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Several years later, Skogan (1990) posited a version of the thesis (in “Decline and 

Disorder”) whereby incivilities begin a process that leads to fear primarily through risk 

perceptions occurring at the neighborhood level. Fear of crime and weakened local 

commitment may, as Skogan argued, lead to later deterioration at the neighborhood level. 

Expanding on the Wilson and Kelling framework, Skogan argued that disorder not only 

might lead to later elevated crime, but to an increase in later incivilities as well. Testing his 

theory, Skogan analyzed cross-sectional data from five large American cities and found 

that high levels of incivilities predicted neighborhood decline as manifested by increased 

crime later in time.  

Since 1975, research and theory on the incivilities thesis has gripped academics and 

public policymakers alike on a broad basis. However, empirical tests of the theory have 

been less than strongly supportive (Harcourt & Ludwig, 2006; Harcourt, 2001; Taylor, 

2001). In 2001, Harcourt re-analyzed Skogan’s (1990) data and found only a correlation 

between levels of disorder and later robbery, suggesting that his framework’s ability to 

predict crime generally is limited. Taylor’s (2001) work only partially supported the thesis 

when he found that minor physical decay and social incivilities in Baltimore were linked 

with only some types of serious crime changes, but not others. Further, Taylor found that 

the impacts of these incivilities paled in comparison to the structural variables in his 

models. More recently, and inspired from earlier writings (Taylor, 2001), Gau and Pratt 

(2008) critiqued BWT on a conceptual level by showing that “Citizens did not seem to 

differentiate between disorder and crime; rather, the two blended together in their eyes”. If 

this is so, BWT may need revision on a fundamental level. 

The vast majority of scholarship in the broken windows realm has argued 

theoretically for the impact of incivilities on risk and fear (most well known in Wilson & 

Kelling, 1982). However, most of this research has used cross-sectional data to support its 

assertions (Skogan, 1990; Wyant, 2008). This elevates the problem of causal directionality: 
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Is it perceiving incivilities that leads to risk perception, fear, and withdrawal, or is it people 

who see more local risk defining environmental cues as disorderly (Perkins & Taylor, 

1996; Taylor, 1999)? Some critics have argued that relationship may be entirely spurious, 

as both perceptions of disorder and risk may be driven by unmeasured neighborhood 

processes (Gau & Pratt, 2008; Kubrin, 2008; Sampson & Raudenbush, 1999; Worrall, 

2006; Xu et al., 2005).   

 

What is “Disorder” and “Incivility”? 

Another challenge in this line of research centers on the need for conceptual clarity 

regarding the nature of incivility and disorder (Kubrin, 2008). Challenging the assumption 

that the perception of incivilities is an objective assessment of physical indicators of 

disorder, researchers have found evidence that people define disorder differently. Akin to 

George Kelly’s (1955) theory of personal constructs which finds that “the correspondence 

between what people really think exists and what really does exist is a continually 

changing one”, the inclination to perceive a certain indicator as a mark of disorder or 

incivility is dependent on different variables at both the individual and group levels. These 

variables include race, social cohesion, neighborhood attachment, and exposure to teens 

hanging out, among other factors (Hipp, 2010; Wallace, 2011; Wickes et al., 2013).  

Previously, nearly all prior work on BWT focused on how incivilities and other 

neighborhood characteristics shape risk and risk and fear outcomes—either at individual 

or neighborhood levels (Markowitz et al., 2001; McGarrell, Giacomazzi, & Thurman, 

1997; Robinson et al., 2003) with little questioning of how incivilities are perceived. In 

contrast, recent research has investigated how perceptions of neighborhood problems are 

shaped (Carvalho & Lewis, 2003; Franzini et al., 2008; Sampson & Raudenbush, 2004). 

Much of this work has investigated how perceptions of incivilities may not be simple 

reactions to unambiguous symbols that are noticed by passersby in the same manner— as 
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“Broken Windows” theory may suggest (Harcourt, 2001). Rather, social and physical cues 

are defined and socially interpreted through a filtering process, causing more perceived 

problems among particular individuals, as well as among particular areas. The limited 

research in this area supports the idea that incivilities perceptions are not solely a function 

of actual incivilities, but rather they are A) socially constructed—at least in part (Hipp, 

2010; Wallace, 2011), and B) shaped by neighborhood structure such as racial and class 

composition (Franzini et al., 2008; Jackson, 2004; Sampson & Raudenbush, 2004; Wickes 

et al., 2013). In a similar vein, Innes (2004; 2005) argued that it is not per se crime or 

incivilities rates in an area that necessarily shapes residents’ perceptions, but it is how 

certain types of events—or “signals”—are processed and defined by members of the 

community. Exactly what makes an event a “signal” event, however, is not well 

understood. 

The link between “objective” and community or individual assessments of 

incivility is not as clear as the traditional model of BWT indicates. One cause for concern 

is the difference in findings when objective indicators rather than survey respondent 

assessments of disorder are used. Studies incorporating the former, either via systematic 

observation of street blocks (Perkins & Taylor 1996; Sampson & Raudenbush, 2004; 

Taylor & Covington 1993; Taylor 2001), or interviewer assessments (Brunton-Smith & 

Sturgis 2011; Skogan 1990; Taub, Taylor, & Dunham 1984), found a weaker correlation 

between incivilities and fear than studies using subjective respondent measures. As Taylor 

(1999; 2001) and others have pointed out, these findings might indicate that incivilities and 

risk may be linked in ways we currently do not understand. In other words, cross-sectional 

associations found between incivilities perceptions and the perception of risk may 

represent, in part, a phenomenon by which people define situations as incivility-ridden 

based on perceived risk. But is there a plausible theoretical basis to argue that perception 

of crime risk would shape how one defines ambiguous social and environmental cues? 
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Current Investigation 

We draw on Harcourt's (2001) framework to argue for a theoretical relationship 

by which perceived risk affects perceptions of incivilities. Harcourt contends that BWT 

and order maintenance policing is problematic because “the norm and meaning of 

orderliness have become fixed, natural, and uncontested”. Instead, Harcourt argues that 

context and social meaning are the driving force behind what is understood as disorder for 

a given individual or community. In essence, he argues that theoretical categories of 

“orderly” and “disorderly” are social constructions rather than reflections of empirical 

reality.  

This phenomenological approach, in appreciating the subjective nature of human 

experience, emerged out of the symbolic interactionist perspective (Matsueda, 1992; 

Mead, 1934). Mead (1934) argued that humans do not perceive their social environment 

directly and universally; rather, they define and give personal meaning to situations they 

are in. In this sense, perceived realities and interactions are social constructions that will 

vary from person to person. How individuals define these situations is based on ongoing 

and evolving social interactions and thought processes. Applying this framework to the 

incivilities/risk association, a reasonable argument could be made that perceiving 

incivilities in one’s surroundings is a subjective and ongoing process that is shaped by 

changing interactions with humans within the same ecology, as well as changing cognitive 

assessments of danger. If this is true, individuals may assess their social environments as 

being more or less deteriorated based on the degree to which they see and interpret 

ongoing ambiguous cues (or “signals”) as fear-inducing.  

Further, there is reason to believe that the impact of risk perceptions on perceived 

neighborhood problems might be stronger in some areas. Neighborhood stability can 

promote ties to the community (Bursik & Grasmick, 1993), and can make residents feel 

less worried about crime and other neighborhood issues (Taylor, 1996), and thus might  
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Figure 1 
Conceptual Model 
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prevent residents from interpreting possibly ambiguous cues as disorderly. Also never 

tested before, our data allow us to test the hypothesis that people living on street blocks 

with higher levels of stability are “protected” from reacting to feelings of risk by defining 

neighborhood cues as problematic. 

The above conceptual model illustrates how both models are tested (solid lines 

indicate BWT; broken lines indicate our reversed hypotheses). Using data from 50 street 

blocks in Baltimore City, we examine the impact of pathway b (broken line)—the impact 

that risk perceptions at the street block level at baseline has on later changes in perceptions 

of incivilities at follow-up, while controlling for baseline incivilities at the individual 

(pathway j) and other key controls. A parallel investigation on the individual level—

pathway f—will examine the impact that risk at baseline has on later incivilities at follow-

up, while holding baseline incivilities and other predictors constant. In an attempt to 

control for potential confounds, we also hold constant demographics at the individual level 

and recent crime changes at the street block level (pathways d & h) to see if the impacts 

of pathways b & f survive. Respectively, pathways a and i test the street block- and 

individual-level models as articulated in the traditional BWT model. 

 

Methods 

Setting 

Panel data used in this analysis derived from a probability sample of Baltimore 

City residents (for a detailed description of the data and procedures, see Perkins 1989). 

Baltimore during this period was not unlike many other older urban cores in the U.S. that 

were experiencing the harsh effects of deindustrialization (Taylor, 2001). Once a booming 

industrial center featuring a bustling maritime port, the City experienced a 6.5% decrease 

in population and dramatic job losses between 1980-1990, marked by a 38% reduction in 

manufacturing jobs, a 12% drop in the trades, and a 21% decrease in infrastructure jobs. 
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(U.S. Bureau of Economic Analysis, 2011). Relatedly, the population was poor, with 

median household incomes of $12,811 and $24,045 in 1980 and 1990, respectively, and 

in the same years 56% and 33% of households earned incomes of less than $15,000, (in 

2009 inflation-adjusted dollars). The population was young, with 60% between ages 5 and 

44 in 1980, and 61% between the same ages in 1990. A city characterized by a sizable 

African American population, 56% of the population in 1980 was non-white, and this rose 

to 60% by 1990 (U.S. Census Bureau, 2009).  

The violent crime rate in 1985 was 2009/100,000, and this would decline 

marginally during the next two years before spiking in the early 1990s (FBI, Uniform 

Crime Reports, 2012). Property crime rates followed a similar trend, at 6565/100,000 in 

1985, followed by a .8% decrease in 1986, and a 2.8% increase in 1987. Despite the 

apparent stability of the City’s property crime problem during these three years, rates 

increased in each of the following eight consecutive years, peaking in 1995 at 

10,300/100,000 (FBI, Uniform Crime Reports, 2012). 

 

Sample 

Heads of households were surveyed in 1987, and one year later in 1988, using a 

multi-stage, stratified, clustering sampling design (Shadish, Cook, & Campbell, 2002). 

Out of 237 ecologically defined and geographically stratified neighborhoods, 50 

neighborhoods were randomly selected with a proportional probability to the population 

size for inclusion. Within these neighborhoods, street blocks were randomly sampled 

according to a probability proportional to street block population size (referenced via the 

number of residential, phone number listings for each street block) (Perkins, 1989). These 

narrowly-defined and small ecological units reduce the risk of systematic bias (Hipp, 

2010). Fieldworkers sampled 12 households from each street block using an interval 
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sampling procedure with a random start. Household heads, randomly sampled if necessary 

(i.e.-multiples heads), were designated respondents within households. The first wave of 

interviews was conducted in late winter and early spring of 1987 (N=412), while the 

follow-up interviews took place one year later (N=305) (Perkins, 1989).  

The initial sampling frame was 601 respondents (Robinson, et al., 2003). Thirteen 

households were never used, and thirteen others were identified as abandoned/vacant. This 

leaves a total sampling frame of 575 households where interviews were attempted. If this 

number is used as the denominator, the response rate was 72% for Time1 (412/575). 

Analyses of on-site ratings of houses and streetblock characteristics showed no significant 

differences between houses where an interview was successfully completed and houses 

where an interview could not occur. One year later, 336 of the original 412 interviewees 

were available for re-interview. Seventy of the original 412 has moved off their 

streetblock, and were therefore ineligible for re-interview. Six others had passed on. Of 

these available 336, 305 were re-interviewed, for a response rate of 91% (Robinson, et al., 

2003). Analyses were conducted to explore differences between the Time1 and Time2 

samples. The samples showed to be very similar. At the Bonferroni adjusted alpha level, 

the two groups were not different on sex, age, race, or education. There was a small over-

representation of homeowners (as compared to renters) in the Time2 sample. Accordingly, 

a weight was created and used in the analyses to account for this small bias. 

Another issue common in survey research stems from non-generalizable samples 

due to complex sampling strategies and procedures (Tracy & Carkin, 2014). As such, we 

compared our sample with U.S. Census data from 1990 and found the groups to be similar. 

In the 1987 sample, the respective percentages of African Americans and Whites were 

52% and 46%. Data from the 1990 census show 57% for African Americans and 41% for 

Whites. This pattern of decreasing White populations and therefore increasing proportions 

of African Americans accords with the changing demographics of Baltimore at the time 
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(Taylor, 2001). In additions, in the 1987 sample, 58% were homeowners and 42% were 

renters. By 1990, 52% were homeowners and 48% were renters. This is also a pattern we 

would expect given people that wealthier people, who were more likely to own, were 

moving out of the City, and the remaining concentration of poorer residents were more 

likely to rent. 

At follow-up (Table 15), the sample was 45% White and 55% African American. 

Thirty-three percent of the respondents were male, and 64% had completed high school. 

The average age was 47 years; 58% of the sample were homeowners and the remaining 

were renters. Average household size was 2.9 persons. Approximately half the sample had 

a household income of less than $20,000 per year. The average length of residence in the 

neighborhood was 14.6 years, and the mean length of residence at the current address was 

12.6 years (Perkins, 1989; Robinson et al., 2003). Compared to baseline, slightly more of 

the follow-up respondents were homeowners, and a weight was applied to control for this 

shift. 

Dependent Variable 

To measure the incivility variable, respondents’ perceptions of incivilities on their 

respective street blocks were formed into an error-free latent index variable based on eight 

distinct items. With possible response categories of “big” (2)/ “somewhat” (1)/ and “not” 

(0), individuals estimated the degree to which each of the following neighborhood features 

presented a problem: (1) “Vandalism, like people breaking windows or spray painting 

buildings?”; (2) “Vacant housing?”; (3) “People who don’t keep up their property or 

yards?”; (4) “People who say insulting things or bother other people when they walk down 

the street?”; (5) “Litter or trash in the streets?”; (6) “Vacant lots with trash or junk?”; (7) 

“Groups of teenagers hanging out on the street?”; and (8) “People fighting or arguing?”  

The use of an index variable to measure perceived incivilities  follows previous work
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Table 15  
Summary Statistics-Individual and Street Block Variables 

Variable   Mean Std. Dev Min Max 

Individual 

Race (1=white, 0=non-white) 0.46 0.50 0.00 1.00 
Sex (1=male, 0=female) 0.33 0.47 0.00 1.00 
Age 49.26 15.52 20.00 88.00
Marital Status (1=married, 0=other) 0.53 0.50 0.00 1.00 
Work Full-Time (1=yes, 0=other) 0.49 0.50 0.00 1.00 
Work Part-Time (1=yes, 0=other) 0.12 0.32 0.00 1.00 
Children Living in Home (1=yes) 0.62 0.49 0.00 1.00 
Occupational Prestige 38.80 23.93 6.00 93.00
Home Ownership (1=yes) 1.00 0.11 0.91 1.15 
Baseline Risk 0.28 0.41 0.04 1.72 
Follow-up Risk 0.22 0.37 0.03 1.66 
Baseline Incivilities 0.40 0.35 0.06 1.58 
Follow-up Incivilities 0.32 0.30 0.06 1.46 

Street Block 
Baseline Risk 0.29 0.22 0.04 1.02 
Baseline Incivilities 0.39 0.23 0.06 1.01 
Robbery (logged) 6.55 1.00 3.9 8.42 
Homeownership (proportion) 0.61 0.35 0 1.00 

Notes: N= 305 residents of Baltimore City nested within 50 street blocks in 1987-1988. At 
the individual level, risk and incivilities were group-mean centered; age and occupational 
prestige were grand-mean centered. Risk and incivilities were grand-mean centered at the 
street block level. Robbery change variable was for the years 1985 through 1987 and was 
logged. Homeownership was weighted to account for fewer renters in follow-up sample.



79 

by Rountree and Land (1996a and 1996b). Confirmatory structural equation modeling 

(SEM) was used and error-adjusted factor scores were computed to build the “error-

free” latent variable. “Fighting” was the referent variable. 

Independent Variables 

Items from Ferraro’s (1995) work were used to create crime risk perception as a 

latent index variable that contained four items gauging the perceived local probability of 

four crimes. Using response categories “big” (2)/ “somewhat” (1)/ “not” (0), individuals 

estimated how much of a problem (1) “Burglary?”; (2) “People selling illegal drugs?”; (3) 

“People getting robbed on the street?”; and (4) “People getting assaulted or beaten up on 

the street?” were on their particular street block. We found that using this constructed 

variable, rather than a dichotomous variable indicating whether an individual feels safe or 

not on her street block (Rountree & Land, 1996a; 1996b), provides a more diversified 

measure of perceived risk, allowing for more variability in this variable, and producing 

more efficient estimates of the effect of perceived risk on the change in future incivilities. 

Further, another benefit of our variable is that it is measured at the street block level—a 

relatively small unit of measurement that is not as susceptible to the threats to validity 

present when measuring at higher levels of aggregation such as the census tract (Hipp, 

2010). In terms of our proposed theory, an individual seeing more local crime risk than 

his or her neighbors may be more tuned in to, or more likely to give weight to, later shifts 

in incivilities on his or her street block. For this reason, we group-mean centered perceived 

risk to gauge differences between people on the same street block (see Firebaugh, 1980 

for more on group-mean centering).  

Additionally, BWT argues that elements at street block and neighborhood levels 

have impacts on individual perceptions. As such, we also controlled for the baseline 
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perceived risk at the street block level by using street block mean scores based on the 

average of the individual-level risk index scores (before group-mean centering) to capture 

street block variations in perceived risk. These scores were entered grand-mean centered 

to compare differences across street blocks. 

Covariates 

Perceptions of incivilities at the individual level and at baseline was entered as a 

control variable. The benefit of controlling for the outcome at baseline is that the 

remaining variation of incivilities at follow-up reflects unexpected changes in incivilities 

perceptions; in other words, the inclusion of this variable in the model allows for a lagged 

analysis of earlier factors on later changes in incivilities. The eight-item index was 

constructed identically to the error-free latent index outcome variable. Because of the 

possibility of omitted variable bias for the estimated effect of perceived risk on perceived 

incivilities from not including a control for crime, the logged neighborhood robbery rates 

per 100,000 in Baltimore from the two years prior to the beginning of the surveys (1985-

1986) and for the first year of the survey (1987) were included in the final model. 

Demographics 

Harcourt (2001) argued that perceptions of disorder are variable and are influenced 

by many individual factors. As such, and to limit the amount of bias in the estimate(s) of 

interest, it was necessary to control for individual demographic variables. Indeed, recent 

research shows individual factors have significant effects on the perception of disorder 

(Hipp, 2010; Wallace, 2011).   Perception of disorder has shown to significantly decrease 

with age (Wallace, 2011), but not just because, all else equal, an older individual will 

perceive less incivility than a younger person. Rather, the lifestyles of an older individual 

versus a younger individual are different, leading to differences in how disorder is 
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perceived. Therefore, age was included as a lifestyle proxy and grand-mean centered. 

Along the same lines, occupational prestige was entered as an indicator of socioeconomic 

status (Duncan, 1961), and was grand-mean centered. A number of dichotomous 

demographic variables were also included in our models. A gender indicator was included 

to account for the safety concerns that may cause females to be more aware of dangers in 

the environment (Hipp, 2010). This variable was coded “0” (females) and “1” (males). 

Background effects were controlled for with a race variable that was coded “0” for non-

white and “1” for white. A neighborhood attachment variable (homeowner) was included 

to control for community attachment. This variable was coded “0” (renter household) and 

“1” (owner occupied). To account for altruistic increase in incivilities associated with 

being responsible for the safety of dependent children a variable that captured if children 

resided in the home “1” or not “0” was included in the model. Further, a married variable 

was also included and coded “1” for married individuals and “0” for all others. Last, two 

employment dummy variables were included for full-time and part-time workers. These 

variables captured working full-time “1” or not “0” and working part-time “1” or not “0”, 

respectively. 

Analytic Strategy 

Hierarchical linear models (Hox, 2010; Raudenbush & Bryk, 2002) permitted 

separating psychological from ecological impacts or risk and incivilities perceptions 

(Taylor, 2010). Four models are presented here: Model A, an analysis of variance 

(ANOVA) in HLM, assessed whether significant ecological variation in the outcome 

incivilities perceptions appeared. Model B (ANCOVA) entered baseline perceived 

incivilities to learn whether significant ecological variation remained in changes in 

incivilities between baseline and follow-up. Model C (ANCOVA) added risk perceptions 
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at both the individual (L1) and street block (L2) levels (pathways e and b, respectively) 

permitting the estimation of each on changes in perceived incivilities. 

Model D was a random coefficients regression (RCR) HLM model that controlled 

for compositional effects (pathway h) and recent neighborhood robbery rates (pathway d). 

While finding the average effect of the individual’s perception of risk on later incivilities 

is important in an important test of this reversed model, understanding how ecological and 

psychological variables might moderate that effect gives a much more comprehensive 

understanding of risk perceptions’ impact on incivilities, and gives us clues about causal 

mechanisms. Therefore, in Model E, we estimated an intercepts-and-slopes-as-outcomes 

(IASAO) model that allowed the effect of individual risk perceptions on incivilities to 

vary and tested whether street block stability significantly moderates risk and incivilities 

perceptions. Model F was an RCR model that tested the traditional BWT pathway. 

In Model G, following Hipp (2010) and Wallace (2011), we used a fixed effect 

model to control for unobservable differences on each street block that may bias the 

estimation of the resulting coefficients. In the fixed effect model, a dummy variable 

representing every street block but one is included in the model. This effectively absorbs 

all of the variation between each street block. This results in coefficient estimates that are 

found using only the variation of individuals within the same street block, producing 

consistent results albeit with the sacrifice of less efficiency. Thus, in this model, any 

differences in incivility perceptions among the respondents are due to individual 

differences and are not a function of the street block environment (Halaby, 2004; Wallace 

2011). 
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Results 

Model A (table not shown) revealed significant ecological variation in perceived 

incivilities and that over a third of the variation in incivilities perceptions is ecological (x2 

= 207.596, p < .001, ricc = .350).  

As expected, Model B (Table 16) revealed a significant impact of baseline on 

follow-up incivilities perceptions. Significant (p < .01) ecological variation remained in 

the outcome, which is now changes in perceived incivilities after the baseline interview.  

In Model C (ANCOVA), results showed that both individual and street block 

differences in baseline risk perceptions shaped later changes in incivilities perceptions (p 

< .001 and p < .05, respectively). Those respondents perceiving more risk than their 

neighbors were more likely later to see local deterioration emerging. In addition, street 

blocks where residents initially saw elevated risk were also more likely to see more 

deteriorated conditions emerging subsequently (p < .001). Even after factoring in the 

multilevel impacts of perceived risk on later changes in incivilities perceptions, significant 

(p < .05) ecological variation in the latter persisted.  

 Model D (RCR) controlled for demographics/compositional effects at the 

individual level, and a local crime rate variable (robbery) at the street block level. Both 

the ecological and psychological impacts of perceived risk remained significant. Standard 

errors of coefficients were clustered around street block to account for autocorrelations of 

the independent variables of neighbors living on the same street block.  

Model E (IASAO) results showed that the impact of risk perceptions indeed varied 

significantly across street blocks (χ² = 65.22, p = .014) and could be predicted by 

homeownership. An indicator of stability, the proportion of street block homeownership 

(0 – 1) was entered into the model individually for each observation and was able to 

significantly predict the varying slope of risk on incivilities perceptions. The intercept for 
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risk perceptions at level one was .197 and the impact of a resident’s street block 

homeownership proportion on the slope of risk predicting incivilities perceptions was -

.202. This estimation led to an interesting theoretical interpretation: as a street block’s 

score on stability increases, impact of perceived risk on perceived incivilities decreases. 

We conclude that residents who live on a block with higher stability will metaphorically 

wear rose-colored glasses and be less likely to associate heightened perceptions of risk to 

heightened perceptions of unexplained incivilities. In this model ecological variation on 

the outcome was now no more than sampling error.   

Model F (RCR) (Table 17) shows the results for testing a segment of the traditional 

BWT model (incivilitiesrisk). Here we find partial support. While no evidence is found 

for perceived incivilities shaping later perceived crime risk at the individual level, we do 

find an ecological effect—incivilities at the street block level predict later changes in risk 

perceptions. 

In the fixed effect analyses (Table 18), we accounted for possible bias in the 

coefficient estimates due to persistent, unexplained neighborhood variables that account 

for correlation in neighbors’ responses in the explanatory and explained variables. We 

find that perceived risk still significantly predicts future unexplained incivilities, though 

the estimated coefficient on Time1 risk drops from .197 in Model E to .118 in Model G 

(see Table 18). This finding highlights that perceived risk’s effect on future unexplained 

incivilities is not due to similarities in variables from living on the same street block as 

your neighbors. The neighborhood robbery rate was dropped from the model due to its 

lack of variability at the street block over time. Now we turn to the results where we tested 

part of BWT by using the fixed effect modeling to see if perceived incivilities had a 

significant effect on future unexplained risk perceptions after controlling for all other 

factors including 49 dummy variables for each street block. We find no significant effect 

(see Table 18).     
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Table 16 
ANCOVA, RCR, and IASAO Models of Incivilities Perceptions 
 
 
 
 
 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

* ⁱ p < .05, one-tailed; * p < 0.05; **p < 0.01; ***p < 0.001 

Notes: N= 305 residents of Baltimore City nested within 50 street blocks in 1987-1988. At the 
individual level, risk was group-mean centered; age and occupational prestige were grand-mean 
centered. Risk was grand-mean centered at the street block level. Robbery change variable was 
for the years 1985 through 1987 and was logged. Homeownership was weighted to account for 
fewer renters in follow-up sample. 

 

 

 

Variables Model B Model C  Model D  Model E 

Individual Level 
 

Time 1 Incivilities 0.618 *** 0.501*** 0.507 *** 0.519 *** 
S.E. T1 Incivilities (0.047) (0.066) (0.064) (0.063) 

Time 1 Risk 0.094* 0.090 * 0.197* 
S.E. T1 Risk (0.049) (0.048) (0.084) 
% Homeownership -0.202*ⁱ 
S.E. of  %  Home. (0.113) 
Marital Status -0.014 -0.007 
Homeownership -0.039 -0.051* 
Gender  -0.033 -0.028 
Work Full-Time 0.003 0.005 
Work Part-Time -0.035 -0.050 
Race  -0.001 -0.001 
Age -0.001 -0.001 
Children Living at -0.018 -0.005 
Occupational Prestige -0.001 -0.001 
Streetblock Level 

 
Time 1 Risk 0.311*** 0.279 ** 0.269** 

S.E. T1 Risk (0.080) (0.077) (0.077) 

Robbery -0.004 -0.004 
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Table 17 
HLM Model of  Traditional BWT model 
 

Variables Model F 

Individual level  

Time 1 Incivilities -0.005 
S.E. of T1 Incivilities 0.077 
Time 1 Risk 0.603*** 
S.E. of T1 Risk 0.084 
Marital Status  0.044 
Homeownership  -0.054 
Gender 0.010 
Work Full-Time 0.033 
Work Part-Time -0.025 
Race  0.071 
Age  0.000 
Children Living at Home -0.044 
Occupational Prestige 0.000 
Streetblock level variables 
Time 1 Incivilities 0.233* 
S.E. of T1 Incivilities 0.103 
Robbery -0.012 

*p < .05; **p < 0.01; ***p < 0.001 

Notes: N= 305 residents of Baltimore City nested within 50 street blocks in 1987-
1988.At the individual level, incivilities was group-mean centered; age and 
occupational prestige were grand-mean centered. Incivilities was grand-mean 
centered at the street block level. Robbery change variable was for the years 1985 
through 1987 and was logged. Homeownership was weighted to account for fewer 
renters in follow-up sample. 
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In summary, intra- and inter-street block differences in perceived risk at baseline 

significantly shaped later changes in perceived incivilities, even after controlling for 

compositional differences and neighborhood crime. Street block residents’ perceptions of 

later shifts in local deteriorated conditions were significantly shaped by the entire street 

block’s perceptions of crime risk, and by residents’ perceptions of crime risk relative to 

their on-block neighbors. This impact varied significantly by street block. Those blocks 

that had a high percentage of homeownership felt virtually no impact of crime risk on later 

neighborhood problems, while street blocks that had low homeownership felt double the 

average impact of risk. Testing the traditional BWT model, we find support for the 

ecological component but not for the individual-level, psychological model. Finally, 

accounting for possible bias in the coefficient estimates due to omitted street block-level 

variables, the fixed effects model confirms the individual-level results of our HLM 

models.   

Discussion 

 Robinson et al. (2003) speculated that the causal ordering suggested by the 

incivilities thesis might have been viewed too narrowly: “It also seems plausible the 

connection may be working the other way, with changing fear and changing satisfaction 

driving changes in perceived problems”. Perkins and Taylor (1996) and Taylor (1999) 

have mentioned that incivilities, risk, and fear may be ordered and related in ways we do 

not yet understand fully. Building on these ideas, this work targeted a key version of the 

incivilities thesis—the “broken windows” version—and tested a central longitudinal link 

in that version—the incivilities-risk link. But it also tested a model assuming a temporal 

ordering opposite that suggested by Wilson and Kelling (1982). Results more strongly 

supported this reversed ordering: earlier risk, operating through two pathways, altered  
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Table 18 
Fixed Effects Model of Incivilities Perceptions 
 
 Model G 
 Dependent Variable 
Independent Variables Time 2 Incivilities Time 2 Risk 
Time 1 Incivilities  0.442*** -0.0118 
S.E. of T1 Incivilities 0.0690 0.0869 
Time 1 Risk 0.118* 0.599*** 
S.E. of T1 Risk 0.0520 0.0819 
Marital Status (1=married 0=other) 0.0206 0.0833 
Homeownership (1= yes 0=no) -0.0198 -0.0512 
Gender -0.0398 0.0113 
Work Full-Time 0.0195 0.0160 
Work Part-Time -0.0165 -0.0362 
Race 0.0277 0.1065 
Age -0.0003 -0.0004 
Children Living at Home 0.0031 -0.0139 
Occupational Prestige 0.0001 0.0002 
  
F-test (d.f. 60, 242) 15.52 6.94 
p< 0.001 0.001 
R2 0.6805 0.6336 
 

 
*p < 0.05; **p < 0.01; ***p < 0.001  

 
Notes: N= 305 residents of Baltimore City nested within 50 street blocks in 1987-1988. Analysis 
does not show coefficients for 49 dummies representing all but one streetblock. Robbery change 
variable was for the years 1985 through 1987 and was logged. Homeownership was weighted to 
account for fewer renters in follow-up sample 
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later incivilities perceptions. This is the first empirical test, of which we are aware, finding 

multilevel, lagged impacts of risk perceptions on later shifts in local perceived incivilities. 

 Wilson and Kelling’s influential 1982 piece argued that incivilities in communities 

are identified and interpreted by residents and passersby as an indication of imminent 

breakdowns in resident-based informal control over people and events in their immediate 

surrounds. This results in increased perceptions of threat to personal safety—ultimately 

causing law-abiding people to withdraw from common residential spaces. Underlying this 

contention is the assumption that residents in fact see and interpret cues—specifically 

incivilities—similarly. Wilson and Kelling quote Glazer (1979) to support their 

contention: “…the proliferation of graffiti, even when not obscene, confronts the subway 

rider with the inescapable knowledge that the environment he must endure for an hour or 

more a day is uncontrolled and uncontrollable, and that anyone can invade it to do 

whatever damage and mischief the mind suggests”. Our results do not support such a view.  

 Rather, results support an alternative view that crime risk perceptions themselves 

may shape how one defines features within his or her environment. Individuals who feel 

more at risk earlier are likely to define features in his or her immediate surroundings as 

more problematic later. Further, an ecological dynamic also was operative: those on street 

blocks where average perceived risks were higher initially reported more local 

deterioration one year later. These findings potentially suggest two pathways for how 

individual incivilities perceptions might be framed. First, whereby an individual-level, 

psychological process produces these perceptions based on feelings of crime risk, and 

second, a pathway whereby something in the street block ecology, possibly discussion or 

interaction with other street block residents, shape how ambiguous cues are defined. We 

argue that these empirical findings fit within a symbolic interactionist framework that 

emphasizes how individuals perceive and define interactions and experiences in ways that 
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are non-uniform. Thus, our findings are consistent with Harcourt’s (2001) hypothesis that 

defining disorder is a subjective process with considerable variation. 

  The above findings advance recent research in disorder theory that questions the 

existence of universally accepted cues of physical and social incivilities. Whether one 

decides to define a cue as disorderly is dependent upon many factors and “biases”, 

including: race, place, social cohesion, neighborhood attachment, engagement in 

protective behaviors, and routine activities (Carvalho & Lewis, 2003; Franzini et al., 2008; 

Hipp, 2010; Jackson, 2004; Sampson & Raudenbush, 2004; Wallace, 2011; Wickes et al., 

2013). Now we have evidence that individual perceptions of crime risk significantly shape 

perceptions of local conditions as well. People who feel a high, localized risk of crime are 

“biased” toward seeing possibly ambiguous features of a neighborhood as problematic. 

Thus, disorder theory has evolved to the point that fundamentally challenges the beginning 

link of the incivilities thesis—that people see and define their surroundings similarly. 

 Our results also contribute to the literature on neighborhood stability and reactions 

to crime and related phenomena (Taylor, 1996). Out of many possible demographic, 

crime, and neighborhood structure variables, we found that only street blocks with higher 

proportions of homeownership were less likely to react to crime risk by seeing more 

neighborhood problems later. In this way, homeownership—as an indicator of residential 

stability—appeared to insulate certain street blocks from the untoward consequences of 

feeling crime risk. It seems plausible that residents of high homeownership areas would 

tend to define their surroundings as better than those who are in high instability 

neighborhoods. This finding supports the stability emphasis of Bursik and Grasmick’s 

(1993) systemic model of informal social control. They write, “At the private level, 

ongoing changes in the residential population of a neighborhood make it very difficult to 

establish and maintain intimate primary ties within the community”. It is within these 
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private levels (Baltimore street blocks) where ongoing changes in homeownership were 

high that individuals were more likely to see their blocks deteriorating. In addition, these 

findings support Taylor’s (1996) work that showed stability to have expected positive 

impacts on involvement, attachment, and responses to disorder. He captures the 

importance of stability succinctly: “More stable neighborhoods have residents who care 

more about their community. But in addition…the work here suggests that because 

stability enhances neighbors’ knowing one another and caring about their neighborhood, 

it also makes them feel less vulnerable to crime and related problems”. In sum, 

homeownership showed to be the only item that could predict why risk perceptions had a 

stronger impact on later neighborhood deterioration in some areas but not others. To our 

knowledge, this work is the first to identify this empirical phenomenon.  

Conclusions 

 Using panel data, we found empirical support for both Broken Windows (Wilson 

& Kelling, 1982) and a reversed Broken Windows theory. Although, in line with recent 

research on how disorder and incivility perceptions are indeed socially constructed, our 

results more strongly favored the reversed Broken Windows model. Two different types 

of models found strong evidence that crime risk perceptions have lagged impacts on 

changes in perceived neighborhood conditions. Further, the impact of the effect is 

contingent on the degree of stability on a particular street block—blocks with low stability 

saw high impacts of risk and blocks with high stability were virtually inoculated against 

any potential impact.  
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NOTES 
 

1Also referred to as multi-year teaching/placement, continuous learning, or family-

style learning. The term “Looping” will be used primarily throughout this paper. 

2Before 2006, the person identified as the student’s classroom teacher is the 

person that administered the exam. While this is very likely to be the student’s actual 

classroom teacher, in many cases it was not. In some schools tests were administered in 

large sections of multiple classrooms or students switched to another classroom during 

testing. 

3This includes codes for disabilities that greatly affect the learning process such 

as autism, deafness, developmental delay, serious emotional disability, intellectually 

disabled, orthopedic impairment, speech impairment, traumatic brain injury, and visual 

impairment.           

4 Self-contained classrooms are such that students have the same classroom teacher 

for the core curriculum subjects. These subjects include but are not limited to history, 

science, writing and the subjects of interest for this research, math and reading.  Self-

Contained classes do not include special education classes. A useful restriction because 

the curricular and student-teacher interactions in these classrooms significantly differs 

from that of a traditional classroom settings. 

5About half of these observations are eliminated because when a new student entered 

a class, an updated observation was created for every incumbent student in the class 

6While excluding gifted students from the regression analysis will help with any 

non- random sample selection associated with this variable, it does not control for any 

peer effects other students may experience from having gifted students in their class. 
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Rather, peer effects are controlled for by including lagged average class scores in math and 

reading  

7Students in a classroom of a teacher they have had previously, include all students 

that are repeating with a teacher for a second year as well as students that are repeating 

with a teacher for a third and fourth year 

8Controlling for peer-effects is necessary when students are not randomly assigned 

to classroom and peer-group composition effects achievement. Clotfelter, Ladd, and 

Vigdor (2006) use an alternative approach to addressing this problem by studying students 

that are randomly assigned to classrooms. 

9The summation series in equation (2) is over grade level or years of schooling 

10The parameters that specify each grade level achievement function are not 

specific to each student, so the marginal effects are the same for all students in a given 

grade at the same time. 

11See Chetty et al.  (2014) for the most convincing argument as to the lack of bias 

in VAMs’ estimates when 0 < λ < 1. Their models actually use a cubic-polynomial of prior 

years’ test scores in both math and reading. This research extends the baseline model to 

replicate this approach. 

12If this assumption does not hold and student heterogeneity is correlated with a 

student’s probability of repeating with a teacher than student fixed effects are necessary to 

minimize bias in the estimation. 

13This includes a square of age to allow for diminishing returns of age on achievement 

14This includes indicator variables for American Indian, Hispanic, Black, Multi-

racial, Pacific Islander, and White ethnicities. 

15I again allow for diminishing returns of attendance on achievement. 
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16This includes separate variables for when the student moved within the same 

school district and when the student moved to another school district. 

17For maximum flexibility, lags include cubics of the class averages in math and 

reading test scores. 

18Within the same school, grade, and year, teachers with estimated effects on 

achieve- ment that are one standard deviation (or more) above the mean teacher 

(normalized to 0) are considered to be “high” quality 

19see E. A. Hanushek and Rivkin (2010) for a summary. 

20As with math score teacher estimates, I restrict estimation of teacher effects to 

teachers with more than 20 student observations. 

21See (B. A. Jacob & Lefgren, 2007) for information on what teacher attributes 

parents prefer. 

22Results not reported. See author for results 

23If students are randomly sorted to classrooms, then the true effect of next year’s 

teacher on a student’s achievement this year should be equal to zero 

24sometimes referred to as soft skills, personality traits, non-cognitive traits, non-

cognitive abilities, character, and socio-emotional skills 

25see Kautz et al. (2014), Heckman and Kautz (2012), Borghans, Duckworth, 

Heckman, and Ter Weel (2008) 

26See Chapter 1 and the analogous derivation using a student’s lagged achievement 

score. 

27Self-contained classrooms are such that students have the same classroom teacher 

for the core curriculum subjects and do not include special education classrooms. 
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28Even if every teacher a student is taught by in a school year is properly 

identified (not always the case), to find the true teacher effects would require 

controlling for any externalities of all other contemporaneous teachers. 

29Students in a classroom of a teacher they’ve had previously, include all students 

that are repeating with a teacher for a second year as well as students that are repeating 

with a teacher for a third and fourth year 

30These include student’s age; ethnicity; gender; exceptionality codes for disabilities 

that greatly affect the learning process such as Autism, deafness, developmental delay, 

serious emotional disability, intellectually disabled, orthopedic impairment, speech 

impairment, traumatic brain injury, and visual impairment; socio-economic disadvantage; 

days absent; limited English proficiency; and academic giftedness 

31Student subjective assessment of achievement is based on anticipated grades which 

is determined by how well a student perceives she has done throughout the year while teacher 

subjective assessments are based on how well the teacher thinks the student has done. Both 

variables are specified before the student has received her state-administered test outcome. 

32See Chapter 1’s Data section for a more extensive explanation of the use of third 

grade pre-tests. 

33Technically there is a very limited number of third graders included in the sample. 

For these students information is available from the previous year because they are 

repeating the third grade included in the sample used for the reported results 

34This is a fundamental assumption when using Value-Added Models to estimate 

teacher effects, however, it has been the subject of great debate. See (Rothstein, 2017) and 

(Chetty, Friedman, & Rockoff, 2016) for the most up to date arguments. 

35see Chapter 1 
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36see Chapter 1 

37Conditional on school, grade, and year, teachers that have a value-added estimate 

≥ one standard deviation of the distribution of estimated teacher effects on achievement 

are considered high-quality teachers 

38The values of the outcomes on time spent on homework are on a weekly basis. 

They are measured as follows: O-no time spent on homework, 1-less than an hour 

spent on homework, 2-1 to 3 hours, 3-3 to 5 hours, 4-5 to 10 hours, and 5-10 or more 

hours. 

39Not reported. Contact author for results 

40Significance at 99% level is maintained. 
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