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1 Introduction

At least since Becker (1964) cast schooling as an investment in human capital, economists

have sought to understand the factors that drive variation in educational outcomes. Socio-

demographic gaps in educational attainment have received particular attention, since educa-

tion facilitates upward economic and social mobility across generations (Bailey and Dynarski,

2011), increases earnings (Card, 1999), and has a direct, causal effect on a number of im-

portant social and behavioral outcomes such as civic engagement (Dee, 2004a; Milligan et

al., 2004), health (Grossman, 2006), and crime (Lochner and Moretti, 2004; Machin et al.,

2011). Moreover, there are numerous social benefits of a more educated population (Moretti,

2004). Such gaps are especially concerning if they reflect sub-optimal investments in human

capital by under-represented or historically disadvantaged groups (e.g., racial minorities).

Teacher expectations constitute one potentially important, but relatively understudied, ed-

ucational input that might contribute to socio-demographic gaps in educational attainment.

Despite pervasive views that teacher expectations matter, however, it is difficult to cred-

ibly identify their causal effects on student outcomes (Brophy, 1983; Jussim and Harber,

2005; Ferguson, 2003). The reason is that teacher expectations may simply reflect accurate

forecasts about educational attainment. If so, then teacher expectations do not influence

outcomes, but instead reflect the information teachers have about true student potential.

Alternatively, a causal impact arises if incorrect (i.e., biased) teacher expectations create

self-fulfilling prophecies in which investments made in or by students are altered, thereby

leading to outcomes that resemble teachers’ initially incorrect beliefs.1

In this paper, we develop and estimate a structural econometric model of the teacher-

expectation and education production functions.2 The model identifies both the distribution

of biases in teacher expectations and the impacts of those biases on students’ educational

attainment. Specifically, we estimate each student’s objective probability (upon entering the

tenth grade) of completing a college degree and compare these probabilities to the student’s

teachers’ stated educational expectations. We then allow discrepancies (biases) to directly

1We are not the first to examine how self-fulfilling prophecies can perpetuate negative bias against de-
mographic groups. Loury (2009) develops an informal model where taxi drivers’ racial biases against black
passengers lead to adverse selection in which blacks wait for a taxi such that the original biases become
true. In an earlier observational study, Rist (1970) provides a rather harrowing account of how subjective
teacher perceptions, driven largely by social class, affected how both teachers and students behaved in the
classroom. Eventually, these behaviors produced student outcomes that corresponded to the teachers’ initial
and negative beliefs about students from lower social classes. Both Jussim and Eccles (1992) and Jussim and
Harber (2005) recognize how accuracy and self-fulfilling prophecies could contribute to a correlation between
expectations and outcomes.

2We refer to the model as “structural” since we assign an explicit economic interpretation to some model
parameters.
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enter as inputs in the education production function. In doing so, we solve the fundamental

endogeneity problem that plagues previous research on the importance of teacher expec-

tations (Gregory and Huang, 2013; Boser et al., 2014) by distinguishing between accurate

forecasts and inaccurate forecasts that generate self-fulfilling prophecies. The econometric

analysis exploits a unique feature of a nationally-representative longitudinal dataset: two

teachers provide their educational expectations for each student.3 When teachers disagree

about a particular student, which they frequently do, this provides within-student varia-

tion in expectations. In both the formal model and analogous reduced-form instrumental

variables (IV) analyses, we leverage this within-student variation to identify the impact of

expectations on educational attainment. Both the structural and IV estimates suggest that

teachers’ expectations have sizable, arguably causal impacts on the likelihood that students

complete a college degree.

Prior to specifying and estimating a formal model that disentangles accurate forecasts

from biased beliefs that fuel self-fulfilling prophecies, the current study begins by document-

ing several interesting patterns in the teacher expectations data. First, teacher expectations

are informative, and remain so even after conditioning on a rich set of academic, demo-

graphic, and socioeconomic controls, as well as school fixed effects and the other teacher’s

expectation. Second, on average, teacher expectations are optimistic: teachers expect more

college degrees than are earned. Third, teacher expectations respond to information that

would presumably affect college-going, such as family income, standardized test scores, and

ninth-grade GPA. Fourth, teachers frequently disagree about how far a given student will

go in school. The most common margin for disagreements is between teachers who expect

“some college” and teachers who expect a four-year college degree. Finally, and key to our

identification strategy, teacher disagreements appear to be driven by transitory, relatively

unimportant factors that are arguably excluded from the education production function.

For example, when a student behaves passively in English class but not in math class, this

affects the English teacher’s expectation but not the math teacher’s expectation. This type

of within-student, within-semester variation in passiveness represents transitory, arguably

random departures from the student’s steady-state level of passiveness. Moreover, when two

teachers disagree about a particular students’ expected educational attainment, at least one

(but perhaps both) must be wrong. Both the structural and IV estimates are identified

off of conditionally random, exogenous disagreements between teachers. Intuitively, this is

akin to using one teacher’s expectation to control for the important factors that do directly

affect attainment. We investigate the production of teacher expectations and the sources of

3Previous research has leveraged this feature to estimate the effect of student-teacher racial match on
teachers’ perceptions and expectations via student-fixed effects models (Dee, 2005; Gershenson et al., 2016).
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disagreements in greater detail below.

The structural model formalizes the common factors that drive teacher expectations and

directly enter the education production function as a latent factor, which is interpreted as a

student’s objective probability, absent teacher bias, of obtaining a four-year college degree.

Borrowing from the measurement error literature, we treat each teacher’s expectation as

a possibly mis-measured unobserved or “latent” factor.4 The latent factor is identified off

of two teacher expectations along with the observed student outcome. Since the latent

factor also enters the teacher-expectation production function, it encompasses the common

factors observed by both teachers that influence both teacher expectations and educational

attainment. Providing this sort of economic interpretation to a latent factor using lessons

from the measurement error literature is similar to Heckman et al. (2006), who develop

a model where latent factors capture both cognitive and non-cognitive skills. However,

an innovation of our approach is that we also provide an economic interpretation of the

measurement error (error terms in teacher expectations equations) that lead to disagreements

between teachers. Specifically, we interpret those errors as biases in teachers’ expectations,

which we then allow to enter the education production function. The main identifying

assumption is that the transitory or subject-specific shocks that cause teachers to disagree

about a student’s potential do not directly affect attainment. To continue the example from

the preceding paragraph, this means that while a student’s baseline level of passiveness can

directly affect educational attainment (since it is captured by the latent factor), classroom-

specific deviations from this baseline level that might affect individual teachers’ expectations

do not. We provide empirical evidence in support of this assumption (i.e., that factors that

might directly affect attainment but only be observed by one teacher do not predict teacher

disagreements).

In demonstrating that teacher expectations matter, this paper contributes to several

separate, but related literatures. First, a large literature has shown that teachers are impor-

tant inputs in the education production function (Chetty et al., 2013; Hanushek and Rivkin,

2010). However, it remains unclear what specific behaviors and characteristics make teachers

effective. Our study discusses one possible mechanism: teachers’ expectations might affect

student outcomes. A second, related literature has established robust evidence that on av-

erage, nonwhite students perform better and are more engaged when paired with same-race

teachers (Dee, 2004b; Fairlie et al., 2014; Holt and Gershenson, 2015). Again, we offer one

possible mechanism through which such mismatch effects operate, since Gershenson et al.

(2016) find that student-teacher racial mismatch affects teachers’ expectations.

4The use of multiple measures to recover the distribution of latent factors goes back to the psychometric
literature (Jöreskog and Goldberger, 1972).
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We also contribute to a nascent literature in the economics of education that investi-

gates how teachers’ biases affect student outcomes. For example, Lavy and Sand (2015)

identify primary school teachers in Israel who have “pro-boy” grading bias by comparing

students’ scores on “blind” and “non-blind” exams. The authors then show that random as-

signment to a “pro-boy”-biased teacher improves boys’ middle- and high-school exam scores

and increases boys’ advanced math/science course-taking in high school. Such teachers have

negative effects on these outcomes for female students, particularly for females from low-SES

backgrounds. Terrier (2015) finds similar effects of gender-based grading bias on short-run

achievement and subsequent course-taking in France. We contribute to this line of work by

explicitly estimating the production of expectations and by considering the role that teacher

expectations play in the education production function.

Another line of research to which we contribute has considered several reasons why teacher

expectations might influence (rather than simply reflect) student outcomes. Generally, teach-

ers might shape students’ academic self-concepts (Burgess and Greaves, 2013; Dee, 2014).

These effects might be particularly salient for relatively disadvantaged students who rarely

interact with college-educated adults outside of school settings (Jussim and Harber, 2005;

Lareau, 2011; Lareau and Weininger, 2008), since a model of costly information acquisition

would predict that such students rely on teacher expectations as a primary source of in-

formation. These effects could be transmitted in two ways. First, teachers might directly

impart their potentially biased expectations to students or do so indirectly by modifying

how they teach, evaluate, and advise stigmatized students (Ferguson, 2003). For example,

teachers likely influence students’ beliefs via the grades they assign (Mechtenberg, 2009).

Second, stigmatized groups may modify their own expectations and behavior to conform to

negative biases (Ferguson, 2003). Indeed, perceived low expectations for performance may

exacerbate the harmful effects of stereotype threat, whereby low expectations either cause

emotional responses that directly harm performance or cause students to disidentify with

educational environments (Steele, 1997). In either case, biased expectations can create a

feedback loop that functions like a self-fulfilling prophecy that perpetuates the educational

attainment gap. Our study does not identify which of the reasons discussed above is the

key mechanism explaining why teacher expectations drive outcomes. However, our empirical

framework formalizes the idea that biases function as self-fulfilling prophecies by allowing

these biases to enter the education production function. Therefore, the model is able to

disentangle two potential sources of correlation between expectations and student outcomes:

expectations may be accurate forecasts, but may also influence student outcomes through

self-fulfilling prophecies.

More generally, we contribute to literature on the importance of subjective expectations
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in understanding economic behavior. The idea that subjective beliefs rather than objective

probabilities drive individual behavior is not new (Savage, 1954; Manski, 1993). Indeed, Suen

(2004) presents a number of theoretical insights into how biased expectations are perpetu-

ated, particularly when information acquisition is costly and provided in coarse increments.

Similarly, Van den Steen (2004) shows how people tend to over-weight information that is

consistent with the information that they already have. The trouble with this is exempli-

fied in the following example. Suppose a black student has pessimistic views about his or

her ability to earn a four-year college degree. Upon meeting a black college graduate, the

student might update his or her beliefs about the feasibility of earning a degree. Alterna-

tively, the student might view the black college graduate as a fluke and essentially ignore

the new information provided by this data point (Suen, 2004; Van den Steen, 2004). Despite

their importance, subjective expectations are only recently entering into economic analyses

of decision-making. One reason is that data on subjective expectations have rarely been

collected. Another reason is that it is difficult to assess whether beliefs have causal effects

on outcomes absent experimentally-induced exogenous variation.5 Our approach addresses

this issue by using lessons from measurement error literature and, moreover, by leveraging

multiple reported subjective expectations about a single objective probability. We therefore

offer a methodology to use observational data to assess how beliefs affect behavior. We also

contribute to literature studying how beliefs form and affect economically important behav-

ior. For example, several studies have examined how biased media influences voter behavior

(Chiang and Knight, 2011; DellaVigna and Kaplan, 2007; Gentzkow and Shapiro, 2006). In

the education context, Fortin et al. (2015) and Jacob and Wilder (2010) examine how stu-

dents’ expectations evolve over time and might explain demographic gaps in achievement.

The current study contributes to this literature by (i) suggesting that teacher biases may be

one reason that certain groups make sub-optimal decisions due to lack of information and

(ii) providing one way to identify arguably causal effects of biased beliefs using longitudinal

observational data in a non-experimental setting.

We provide compelling evidence of a causal impact of teachers’ expectations on the like-

lihood of college completion. Specifically, the model captures three distinct reasons for the

racial gap in outcomes. The most important of which is that black and white students enter

tenth grade with very different objective probabilities of completing a college degree. This

5In a famous contribution, Rosenthal and Jacobson (1968) report effects of informing teachers that some
randomly selected students are high-aptitude. These students perform better on tests. This paper provides
some basis for the view that teacher expectations matter in that biases can become self-fulfilling prophecies.
Our paper shows that these so-called “Pygmalion Effects” exist in the absences of experimentally-induced
variation, have long-run impacts on educational attainment, and contribute to black-white gaps in college
completion.
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is not necessarily due to ability differences, but also by differences in the full complement of

educational inputs received from birth to grade nine (Todd and Wolpin, 2007). Related to

this are differences in how those initial conditions, including race, map into teacher expecta-

tions (Gershenson et al., 2016). Finally, there are racial differences in how biases and initial

conditions map into educational attainment (Cameron and Heckman, 2001).

The structural model also addresses an open question raised in Gershenson et al. (2016):

when white and black teachers systematically disagree about black students’ potential, who

is correct? It turns out that neither is correct, in the sense that both teachers’ expectations

diverge from the objective probability of college completion. However, a focus on who is

correct misses the policy-relevant point, as all teachers are optimistic, on average, and high

expectations have a positive impact on the likelihood of college completion. Instead, white

teachers’ optimism is systematically greater for white students than for black students. Such

differences matter and contribute to racial gaps in college completion, due to the positive

impact of high expectations on educational attainment.

We use the model to explore two social policies that could attenuate the attainment gap

between black and white students. The first policy, which has been hotly debated, is to hire

more black teachers (Putman et al., 2016). This would increase the probability that black

students face a black teacher, which in turn would increase the likelihood that a black student

faces higher expectations (Gershenson et al., 2016). One potential drawback is that black

teachers might favor black students at the expense of white students; however, we show little

evidence that this is true.6 Another policy we consider is the de-biasing of white teachers.

A number of interventions have shown promise in reducing racially-based unconscious bias

(Devine et al., 2012), including some in the education context (Carnes et al., 2015; Okonofua

et al., 2016). Additionally, Dobbie and Fryer Jr. (2015) provide suggestive evidence that some

pre-service teacher training programs can reduce teachers’ racial biases and increase their

educational expectations for children from disadvantaged backgrounds. We operationalize

this counterfactual by simulating white teachers who, regardless of student race, form the

same expectations for a given objective probability of college completion.

Four main results emerge from these counterfactual simulations. First, hiring more black

math teachers is somewhat more effective at raising college completion versus hiring more

black ELA teachers. Second, hiring more black math teachers is considerably more effective

than de-biasing white teachers for students entering the tenth grade with low probabilities

6There are many other reasons why this policy is debated. For one, it suggests segregating students.
Second, it would require the hiring of so many black teachers that the current rate of college-educated
blacks going into the teacher profession would need to rise dramatically. Achieving this would likely require
increasing teacher salaries and would pull college-educated blacks from other professions.
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of college completion. Third, de-biasing white teachers becomes relatively more effective for

black students who enter with relatively high probabilities of college completion. Finally,

both policies are generally more effective for students entering with higher objective proba-

bilities. For example, raising the probability that a black student in the top quartile sees a

black math teacher from 18% to 84% raises the probabilty of college graduation from 62.9%

to 65.2%. Doing the same in the lowest quartile raises graduation probability from 3.70% to

3.89%. Moreover, de-biasing an equivalent number of white teachers has a similar effect at

the upper quartile and no effect at all on the bottom quartile. Among other conclusions, our

results show that plausible policies can help some black students, especially those who are

above the median objective probability of college completion upon entering the 10th grade.

However, our results suggest that disadvantaged blacks barely respond to these policies,

suggesting that earlier interventions are necessary.

The paper proceeds as follows. Section 2 describes the data set used in the project and

documents some basic facts about the information contained in teacher expectations and

how and why teachers disagree. Section 3 develops the structural model and describes iden-

tification and estimation. Sections 4 and 5 present the main results and policy simulations,

respectively. Section 6 concludes.

2 Data Set and Preliminary Data Analysis

In this section, we discuss the data set used in the project and describe some basic patterns in

the data. Section 2.1 introduces the 2002 Education Longitudinal Study (ELS 2002). Section

2.2 establishes that teacher expectations are informative, i.e., that they are strongly predic-

tive of student outcomes. This empirical pattern could reflect that teacher expectations are

accurate forecasts of student outcomes or alternatively that they influence student outcomes

through self-fulfilling prophecies. To examine these alternatives further, Section 2.3 studies

how teacher expectations are produced. We pay particular attention to understanding why

two teachers disagree (in terms of reported expectations) about the same student. We also

discuss how we exploit teacher disagreements to estimate causal effects.

2.1 ELS 2002

The ELS 2002 is a nationally representative survey of the cohort of U.S. students who entered

10th grade in 2002.7 The ELS data contain rich information on students’ socio-demographic

7The ELS data are collected, maintained, and made available to researchers by the National Center for
Education Statistics. See https://nces.ed.gov/surveys/els2002.
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backgrounds as well as secondary and postsecondary schooling outcomes (including educa-

tional attainment through 2012, or within 8 years of an “on time” high school graduation).

Students were sampled within schools and school identifiers facilitate within-school (school

fixed effects) analyses. The data also contain a number of observed school and teacher

characteristics, including teachers’ experience, demographic background, credentials, and

expectations and perceptions of specific students.

The main analytic sample is restricted to the 6,060 students for whom the above-mentioned

variables are observed.8 Because there are two teacher expectations per student, the analytic

sample contains 12,130 teachers. Table 1 summarizes the students who comprise the analytic

sample. Column (1) does so for the full sample and columns (2)-(5) do so separately by stu-

dent race and sex. The outcome of interest, students’ educational attainment, is summarized

in three ways: percentage of students who earn a four-year college degree (or more), per-

centage of students who fail to complete high school, and average years of schooling. About

45% of students in the sample completed a four-year degree, though whites and females were

significantly more likely to do so than blacks and males, respectively. This is consistent

with demographic gaps in educational attainment observed in other datasets (Bailey and

Dynarski, 2011; Bound and Turner, 2011; Cameron and Heckman, 2001). The racial gaps

in educational attainment are particularly stark, as whites were about 20 percentage points

(50%) more likely to graduate from college than blacks while blacks were twice as likely

as whites to fail to complete high school. Racial differences in educational attainment are

also apparent in Figure 1, which provides a histogram for educational attainment categories

across for the full sample and then separately for blacks, whites, males, and females.

Our primary analysis focuses on racial differences in teachers’ expectations and student

outcomes, along with the role of student-teacher racial mismatch. This is because black-white

gaps in expectations and college completion are substantively large. Moreover, Gershenson et

al. (2016) find statistically and economically significant differences between white and black

teachers’ expectations for black students. Our aim is to assess whether this type of mismatch

effect, and biases in teacher expectations more generally, influence students’ educational

outcomes. We focus on the college-completion margin due to the striking patterns observed

in Figure 1: blacks are significantly more likely than whites to only complete “some college.”

This suggests that college completion, relative to college entrance, is an important margin

to consider in the analysis of racial attainment gaps.9 We define students’ educational

8All sample sizes are rounded to nearest ten in accordance with NCES regulations for restricted data.
The instrumental variables analysis described below uses a further restricted sample, for whom a wider range
of teacher-perception variables are observed.

9Recent research explicitly notes that individuals with some college, but less than a four-year degree,
have socioeconomic trajectories that closely resemble those of high school graduates (Lundberg et al., 2016).
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attainment and teachers’ educational expectations for the student in the same way: the

student outcome of interest in the primary analyses is an indicator for “student completed a

four-year college degree or more” (as of 2012, 8 years removed from an on-time high-school

graduation) and the independent variable of interest is an indicator for “teacher expects a

four-year college degree or more.”

We exploit a unique feature of the ELS 2002’s design: two teachers, one math and one

English Language Arts (ELA), provided their subjective expectations and perceptions of each

student. The key teacher-expectation variable is based on teachers’ responses to the following

question: “How far do you think [STUDENT] will go in school?” Teachers answered this

question by selecting one of seven mutually exclusive categories.10 Teachers’ expectations

are summarized in the next section of Table 1. Overall, about 64% of teachers expected

the student to complete a four-year college degree. This suggests that teachers, on average,

are too optimistic about students’ college success, since only 45% of students complete

a four-year degree. This over-optimism is apparent in each demographic group, though

teachers’ expectations for black students are significantly lower than for white students, as

are expectations for male students relative to females. This points to an interesting feature

in the data that foreshadows our results: black students are put at a disadvantage in terms

of teacher expectations not because teachers’ expectations are too low, but due to a lack

of teacher over-optimism. These racial and sex gaps in expectations are consistent with

the patterns in actual educational attainment described above, suggesting that teachers’

expectations are informative. However, while math and ELA teachers’ expectations are

similar on average, ELA teachers’ expectations tend to be slightly higher, particularly among

black students. This shows that teachers occasionally disagree about how far a particular

student will go in school. Below, we further investigate the sources of teacher disagreements

and consider how such disagreements can be leveraged to identify the impact of expectations

on student outcomes.

The final two panels of Table 1 summarize students’ academic and socioeconomic charac-

teristics. A comparison of columns (2) and (3) shows that white students have significantly

higher test scores, GPAs, and household incomes than black students, as well as better ed-

ucated mothers, all of which is consistent with longstanding racial disparities in academic

performance and socioeconomic status (Fryer, 2010). Another notable difference by student

race is in their assigned teacher’s race: black students are four to five times as likely as white

students to be assigned a black teacher, which is due to non-white teachers being more likely

10Options were Less than high school graduation; High school graduation or GED only; Attend or complete
2-year college/school; Attend college, 4-year degree incomplete; Graduate from college; Obtain Master’s
degree or equivalent; Obtain PhD, MD, other advanced degree.
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to teach in majority non-white schools (Hanushek et al., 2004; Jackson, 2009). Nonetheless,

the majority of students, white and black, have white teachers. This is troubling in the

context of the current study, as Gershenson et al. (2016) show that student-teacher racial

mismatch has significant, arguably causal effects on teachers’ educational expectations for

students. Columns (4) and (5) of Table 1 show that girls have higher GPAs and perform

better on reading assessments than boys, while boys perform better on math assessments.

This is consistent with the literature (Jacob, 2002). Unsurprisingly, there are no significant

differences in SES by sex, since boys and girls live in the same neighborhoods and attend

the same schools.

Table 2 similarly summarizes the teachers represented in the analytic sample. Overall,

11% of teachers are nonwhite and nonwhite teachers are evenly represented across subjects

and sex. The average teacher has about 15 years of experience though 16% of teachers have

≤ 3 years of teaching experience. Math teachers are more experienced than English teachers,

on average, as are black teachers relative to white teachers. Almost half of teachers have

an undergraduate degree in the subject they teach. A similar percentage hold a graduate

degree. The bottom panel of Table 2 confirms that black teachers are significantly more

likely to teach black students than are teachers from other racial backgrounds.

2.2 Teacher Expectations are Predictive

Are teacher expectations informative? This section demonstrates how teacher expectations

about educational attainment are predictive and, moreover, that they remain so even after

controlling for a number of factors that jointly determine teacher forecasts and student out-

comes. Figure 2 plots the percentage of students who complete a four-year college degree for

each category of teacher expectations, separately for math and ELA teachers. According to

the figure, higher expectations are associated with a higher probability of college completion.

Interestingly, however, teacher forecasts are subject to error. For example, of students for

whom ELA teachers expect some college, roughly 15% go on to obtain a 4-year degree. Fore-

cast errors tend to be in the opposite direction, however. Fewer than 60% of students whose

math or ELA teachers expect a 4-year degree actually obtain one. This pattern extends to

students for whom teachers expect a Masters or other higher degree, who obtain at least a

4-year degree roughly 80% and 85% of the time, respectively. In other words, though teacher

expectations are predictive of student outcomes, on average teachers seem to over-estimate

educational attainment, which is consistent with patterns found in Table 1.

One reason teacher expectations predict student outcomes is that teachers use informa-

tion they have on students, such as student performance in class or socioeconomic back-
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ground, to generate accurate forecasts. Therefore, we would expect expectations to become

less predictive of outcomes once we control for factors that potentially affect both. Table 3

presents estimates of linear regressions of the form

yi = γETEi + γMTMi +Xiβ + εi, (1)

where the T ’s denote teacher expectations, y denotes student outcomes, and i indexes stu-

dents.11 Either γE or γM can be restricted to equal zero, where E and M index ELA and

math teachers, respectively. The vector X includes a progressively richer set of statistical

controls, up to and including school fixed effects (FE). Standard errors are clustered by

school, as teachers and students are nested in schools.

Columns (1) and (2) of Table 3 report simple bivariate regressions of y on the ELA and

math teachers’ expectations, respectively. The point estimates are nearly identical, positive,

and strongly statistically significant. Of course, these positive correlations cannot be given

causal interpretations since there are many omitted factors that jointly predict student out-

comes and teachers’ expectations (e.g., household income). In subsequent columns of Table

3 we attempt to reduce this omitted-variables bias by explicitly controlling for such factors.

In column (3), we simultaneously condition on both teachers’ expectations. Interestingly,

though both estimates of γ decrease in magnitude, they remain nearly identical to one an-

other and both remain individually statistically significant. That both teachers’ expectations

remain individually significant indicates that there is substantial within-student variation in

teacher expectations (i.e., teachers frequently disagree). Intuitively, one teacher’s expecta-

tion can be viewed as a proxy for many of the other factors that influence y; indeed, this

idea foreshadows the formal identification strategy introduced in Section 3.

Subsequent columns of Table 3 continue to add covariates to the model, which lead

to a similar pattern in the estimated γ: the estimated effects of expectations decrease in

magnitude, but remain positive, similar in size to one another, and individually statistically

significant. The richest (and our preferred) specification, which conditions on students’

socio-demographic background, past academic performance, and school FE, is reported in

column (7). These estimates suggest that conditional on the other teacher’s expectation and

a rich set of observed student characteristics including sex, race, household income, mother’s

educational attainment, 9th grade GPA, and performance on math and ELA standardized

11To allay concerns that these results are driven by students with extreme levels of attainment, Appendix
Table S1 reports OLS estimates of equation 1 for the restricted sample that excludes students who either
did not complete high school or who earned a graduate degree. We present OLS estimates of these linear
probability models (LPM) for ease of interpretation and to facilitate the inclusion of school fixed effects.
However, estimates of the probit analog to equation (1) yield qualitatively similar patterns. Probit estimates
are reported in Appendix Table S2.
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tests, the average marginal effect of changing a teacher’s expectation that a student will

complete college from zero to one increases the student’s likelihood of earning a college

degree by about 15 percentage points. Columns (8) and (9) show that the point estimates

are similar in magnitude for white and black students, though the black-sample estimates

are less precisely estimated, likely due to the significantly smaller sample size.

At first blush, 0.15 might seem like an implausibly large effect, since 45% of students in the

sample earned a four-year degree. But it is unlikely that the policy-relevant counterfactual

is changing a teacher’s expectation of the probability that a student earns a college degree

from zero to one. Instead, consider the average marginal effect of more modest 10- or 20-

percentage point increases in the probability that a teacher places on a student completing

college, which correspond to the estimated effect of having a different-race teacher on teacher

expectations (Gershenson et al., 2016) and the unconditional black-white gap in expectations

shown in Table 1, respectively. The effects of these changes are about 1.5 and 3.0 percentage

points, respectively. From the base college-completion rate of 45%, these represent modest,

but nontrivial, increases of 3.3 to 6.7%. These effect sizes are remarkably similar to those

found in other evaluations of K-12 inputs’ impacts on post-secondary outcomes. For example,

Dynarski et al. (2013) find that assignment to small classes in primary-school increased the

probability that students earned a college degree by 1.6 percentage points. Similarly, Chetty

et al. (2013) find that a one-SD increase in teacher effectiveness increases the probability

that a student attends at least four years of college between the ages of 18 and 22 by

about 3.2%.12 Still, even with these rich controls and conditioning on the other teacher’s

expectation, the threat of omitted-variables bias remains. We discuss alternatives to OLS

estimation of equation (1) that address this concern below.

2.3 The Teacher Expectations Production Function

To understand whether teacher expectations have a causal impact on student outcomes,

we must first understand what drives variation in teacher expectations. In this section, we

examine the teacher-expectation production function. Teacher expectations reflect informa-

tion that is important for college-going, which means that they reflect accurate forecasts of

student outcomes. However, we also discuss evidence that teachers disagree about particular

students, and why such disagreements might arise. Teacher disagreements offer one possible

way to identify causal effects of expectations on outcomes. The reason is that disagreements

may arise because of transitory shocks that do not directly affect student outcomes (i.e.,

shocks that are excluded from the education production function shown in equation (1)).

12Chetty et al. (2013) do not observe actual college completion and instead use this as a proxy.
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To assess this possibility, we examine teacher responses to questions that appear to reflect

transitory shocks. Such factors include, for example, a teacher’s perception that a student is

“passive in class” or “likes math.” These variables, which are summarized in Appendix Table

S3, tend to predict disagreements in teachers’ expectations for the same student, rather than

proxying for important underlying student attributes or traits observed by both teachers. We

argue, therefore, that these factors can be used as instruments for teacher expectations that

aid in the estimation of causal effects. We implement this strategy by estimating equation (1)

by 2SLS, where the first stage represents the production function for teacher expectations.

Consider equations describing the production of teacher expectations of the form

Tij = Xiβj + ZiMπjM + ZiEπjE + νij, j ∈ {M,E} (2)

where Xi are the factors included in equation (1) that affect teacher expectations and student

outcomes. In constrast, Zj are vectors of possibly transitory, subject-specific factors that

each teacher reports separately for each student. These variables are arguably excluded from

equation (1), indicating that equation (2) represents a potentially valid first-stage for 2SLS

estimation of equation (1). One of the key implications of Section 2.2 is that teacher ex-

pectations seem to reflect information that would presumably matter for college completion,

such as ninth grade GPA, test scores, parental income and education, and the unobserved

school and neighborhood characteristics captured by school fixed effects. Specifically, as we

added controls to equation (1), the explanatory power of teacher expectations decreased,

which suggests that expectations reflect much of this information. This is consistent with

the estimates of pooled (across subjects) versions of equation (2) reported in Gershenson et

al. (2016) and with the differences observed in Table 3: there are positive socioeconomic,

GPA, and ability gradients in teacher expectations and a gender gap that favors females.13

The relationship between students’ performance on standardized math and ELA exams,

which were conducted by the ELS and not shown to teachers, and teachers’ expectations is

approximately linear. Moreover, Panel A of Figure 3 shows that math and ELA teachers’

expectations respond nearly identically to math scores. Panel B shows that the same is

true for ELA scores. Importantly, this suggests that differences in students’ subject-specific

abilities do not drive teacher disagreements, which is a key identifying assumption of the

econometric model presented in Section 3. More generally, Figure 3 reinforces the idea that

teachers’ expectations are informative and reflect information, in this case information about

students’ cognitive ability, that is likely important for college completion and observed by

both teachers.

13Specifically, see Table 3 in Gershenson et al. (2016).
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Still, expectations may reflect information that we have not accounted for in X, but

which also matter for student outcomes, in which case OLS estimates of equation (1) would

be biased. To motivate a potential instrumental-variables solution to this endogeneity prob-

lem, recall from Table 3 that teacher expectations predict y independently of one another.

This arises because there is some within-student variation (i.e., disagreements) in teacher

expectations. Again, this variation alone does not solve the potential endogeneity problem.

For example, one teacher may have higher expectations if she observes skills that matter for

college that the other teacher does not. One obvious potential source of such “important”

(endogenous) disagreements is legitimate differences in subject-specific aptitudes that are

only observed by one teacher. However, this is not borne out in Figure 3, which shows that

both teachers respond similarly to both math and reading test scores.14

To further investigate the types and sources of disagreements, the transition matrices in

Table 4 show that the majority of disagreements about whether or not a student will earn

a 4-year college degree are between teachers who expect a degree and teachers who expect

the student to complete some college, rather than more substantive disagreements. This

suggests that disagreements are often subtle, and might hinge on transitory or relatively

unimportant factors. For example, chance encounters between teachers and students in the

hallway might affect the teacher’s expectations for that student, even though the behavior

was unrepresentative of the student and will not affect college going. Such factors are

normally unobserved by the econometrician. However, the ELS includes a battery of teacher-

specific perceptions of each student that might affect one teacher’s expectations, but not the

other’s.15

Specifically, teachers were asked whether each student was “passive” and “attentive” in

class. Similarly, students were asked whether they found math and reading to be “fun.”

While students’ steady-state levels of passiveness, attentiveness, and enjoyment of learning

are non-cognitive skills that likely affect educational attainment (Cunha et al., 2010), subtle

differences in the expression of these traits between 10th-grade math and English classrooms

should not influence students’ educational attainment. Of course, high-school students may

behave differently in different classrooms for myriad reasons, including but not limited to

the peer-composition of the classroom and the time of day the class meets (Carrell and

Hoekstra, 2010; Figlio, 2007; Imberman et al., 2012; Shapiro et al., 2015). Such differences

might well affect teachers’ expectations, however, since English teachers do not typically

observe students’ behavior in math classrooms, and vice versa.

14We return to this point and formally test whether test score differences drive differences in teacher
expectations in Section 3.2 when we discuss identification of our main econometric model.

15These variables are summarized in Appendix Table S4. These variables are missing for < 5% of students.
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We investigate this hypothesis, and the production of teacher expectations more gener-

ally, by estimating a fully-specified version of equation (2). Results are presented in Table 5.

For context, regressing ELA and math teachers’ expectations on X alone yields R2 of about

0.5, meaning that this set of fairly standard measures of socio-demographic background,

achievement, and school quality explains about half the variation in teacher expectations.

Columns (1) and (2) of Table 5 report estimates of equation (2) for the full analytic sam-

ple. Two results are immediately apparent. First, the classroom-specific variables (Z) are

informative: adding them increases the adjusted-R2 by 0.05 (11%) and they are strongly

jointly significant. Second, they tend to be individually significant, and intuitively signed.

For example, column (1) shows that being perceived as passive in English class significantly

reduces the likelihood that the English teacher expects a college degree, but has no effect

on the math teacher’s expectation. The reverse is true for being perceived as passive in

math class (column 2). This is fascinating, as it implies that teachers are not responding

to the student’s steady-state (underlying) demeanor, but rather that teachers are forming

expectations based on within-semester, within-student, between-class variation in students’

passiveness. Similar differences are observed in teachers’ perceptions of students’ “attentive-

ness.” Most remarkable are English teachers’ negative responses to whether students “find

math fun.”

The estimates of the teacher-expectation production functions reported in columns (1)

and (2) highlight some of the transitory shocks that likely affect expectations but not stu-

dent outcomes (except through their effects on teachers’ expectations). Of course there are

many others, which are not observed in the data. The model developed in section 3, which

explicitly accounts for such unobserved factors, is motivated by the teacher-expectation pro-

duction functions. Specifically, since the transitory, between-classroom variation in students’

demeanor affects teachers’ expectations but arguably does not affect students’ educational

attainment, these variables are potential instruments for the endogenous teacher expecta-

tions in equation (1). Indeed, the teacher-expectation production functions in columns (1)

and (2) can be interpreted as first-stage regressions. The instruments are strong, as evidenced

by the first-stage F statistics of 16 and 20 (Stock and Yogo, 2002). The rank condition is

likely satisfied as well, since the “passive in English” indicator affects the English teacher’s

expectation, but not that of the math teacher, and vice versa for the “passive in math” indi-

cator. The resulting 2SLS estimates of the impact of teacher expectations on college-going

are positive and statistically significant, and are similar in magnitude to the corresponding

OLS estimates, both of which are reported in the top panel of Table 5.16

16Indeed, control-function Hausman Tests find no significant differences between the OLS and 2SLS esti-
mates for the full, white, or black samples in Table 5. The estimates for the black sample are particularly
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In the following section, we develop an econometric model to assess the causal effect

of teacher expectations on student outcomes. The econometric model relies on a similar

identification strategy to the instrumental-variables procedure employed here: teachers might

disagree about a given student due to factors that do not influence student outcomes directly

(e.g., a chance positive encounter after class) but could do so indirectly by leaving a teacher

with an unduly favorable perception of the student’s prospects. Our aim in this section was

to find such factors. A key weakness of this approach, however, is that the majority of these

types of factors, by virtue of being subtle and transitory, are unlikely to be measured and

thus unobserved by the econometrician. Another limitation is that the IV procedure provides

no information about the distribution of biases in teacher expectations or how expectations

relate to students’ objective probabilities of completing college. This leads us to develop

an econometric model where we use lessons from the measurement error literature (Hu and

Schennach, 2008) to estimate a distribution of forecast error that not only leads teachers

to disagree, but can also affect student outcomes through the mechanism of self-fulfilling

prophecies.

3 A Model of Expectations and Outcomes

We develop an econometric model to isolate the causal impact of teacher expectations on

college completion. The key identification challenge is that the observed correlation between

teacher expectations and students’ educational attainment can reflect a causal impact (via

self-fulfilling prophecies), but might also reflect that teacher expectations are accurate fore-

casts of student outcomes. The model disentangles these two sources of correlation. To

allow teacher expectations to be accurate forecasts, we model them as functions of the same

latent factor that produces student outcomes. This latent variable captures factors that

produce student outcomes and that teachers use to form expectations. However, we also

allow teacher expectations to incorporate forecast error, which is identified off of teacher

disagreements regarding the same student. These forecast errors, in turn, are permitted to

influence student outcomes, which captures the idea of self-fulfilling prophecies.

The key identifying assumption is that teacher forecast error arises from factors that do

not directly affect the objective probability of college completion, but might do so indirectly

through their impact on teacher beliefs. This is similar to the exclusion restriction for the

IV estimates discussed in section 2.3. However, by their nature, many such factors (e.g.,

chance positive or negative encounters with a student) are unlikely to be recorded in the

imprecise, again due to the small sample.

16



data set. The framework we develop here draws upon lessons from the measurement error

literature to capture these unobserved factors by estimating a distribution of teacher forecast

errors, which can jointly affect teachers’ expectations and student outcomes.17 Section 3.1

introduces the baseline model. Section 3.2 discusses identification. Section 3.3 describes

estimation.

3.1 The Econometric Model

College completion is a binary variable denoted yi, which takes the value 1 if student i

graduates from a 4-year college and 0 otherwise. The probability that yi = 1 is given by:

Pr(yi = 1) = Φ(c+ θi +Giβ + bEiγE + bMiγM), (3)

where Φ is the standard normal cdf. According to equation (3), college completion is a

function of a constant c and a latent factor θi, where we assume that

θi ∼ N(0, σ2
θ). (4)

Together, c, θi, and 9th-grade GPA (G) determine the objective probability that student i,

absent teacher bias (b), will attain a four-year college degree. Similar to Cunha et al. (2010),

we assign an economic interpretation to θi. However, it is neither a student fixed effect nor

a measure of student ability. Rather, it is a latent variable that captures heterogeneity in

the objective probability that a student observed in the 10th grade will eventually gradu-

ate college. It is the same latent variable that will be used in the production function of

teacher expectations to capture how teachers observe many of the factors that determine

this objective probability.

The model will be separately estimated for black and white students, though we suppress

race subscripts to avoid additional notation. This means that blacks and whites may exhibit

different distributions of completing a college degree, which would be captured by race-

specific differences in c (mean) and σθ. Given our interpretation of θ, these differences are

17The techniques used in this literature draw upon the psychometric literature (see e.g., Goldberger (1972)
and Jöreskog and Goldberger (1975)), where an aim is to separate measurement error from an underlying
latent factor (e.g., depression) captured imperfectly by a set of measurements. These methods were later
incorporated into economics where the latent factor is assigned an economic meaning. A key example is
Cunha et al. (2010) who use multiple test scores to identify a latent factor capturing cognition along with
measures to identify a non-cognitive skill factor. Both factors are then used in a model of human capital
accumulation and labor market outcomes. Hu and Schennach (2008) extend this literature by generating
conditions under which parametric assumptions can be relaxed and identification is still achieved. We rely
on arguments in Cunha et al. (2010) and Hu and Schennach (2008) when we discuss identification.
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not purely ability differences, but also reflect variation in the inputs received by students that

could affect long-run educational outcomes, such as early childhood investments and school

quality. Teacher biases, expressions for which are derived below, are given by bji, where

j ∈ {E,M} indexes the teacher and the γ parameters map biases to outcomes. Including

biases in teachers’ expectations in the education production function is an innovation of the

current study that formally allows for self-fulfilling prophecies.

The econometric model jointly estimates teacher-expectation and student-outcome equa-

tions as functions of θi and Gi. Teacher expectations, denoted Tji for teachers j ∈ {E,M},
are given by:

Pr(Tji = 1) = Φ(cj + φjθi +Giβj +Dji × [cj,D + φj,Dθi +Giβj,D]). (5)

The indicator Dji takes the value of one if student i faces an other-race subject-j teacher,

and zero otherwise. This captures how teacher-student racial mismatch can change how

teachers form expectations for a given student with a singular objective probability of college

completion (Gershenson et al., 2016). In other words, racial mismatch between teachers and

students can affect whether and to what degree teachers are biased.

We define bias by combining equations (3) and (5):

bji ≡ Tji − Φ(c+ θi +Giβ) (6)

so that bias is simply the difference between what a teacher reports (Tij) and the objective

probability that the student would complete a college degree given θi and Gi. This definition

of bias implies that bji is continuous, increases 1:1 with Tji, and is ∈ (−1, 1).

According to equation (6), teacher bias arises when teachers diverge from information that

is common to both of them, including ninth-grade GPA and the latent factor θi. The model

captures several potential sources of bias in teacher expectations. Based on the patterns

observed in section 2.1, we allow teachers to be wrong on average, meaning cj and cj,D can

deviate from c. Teachers may also be wrong about how θi maps into outcomes, which occurs

if φj 6= 1. For example, the reduced form finding that teachers seem to over-estimate low and

high educational attainment outcomes despite our controlling for a host of observables could

mean that φj > 1.18 Teachers may also be biased in how they map observable grades Gi to

18The term (φj−1) may capture how teachers have biased beliefs about how a given θi affects outcomes. It
may also capture that teachers correctly map ability to outcomes, but mis-estimate θi. We cannot separately
identify these effects. Similarly, the term βj may represent that teachers are biased in the mapping or in their
observation of Gi. Again, we are unable to separately identify these mechanisms. For ease of interpretation,
we will assume that teachers observe Gi and θi, but incorrectly map these to outcomes when forming
expectations.
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outcomes, in which case βj 6= β. Finally, teachers may be wrong for idiosyncratic reasons,

which is captured by the standard-normal disturbances that lead to the probit functional

form in equation (5).19

3.2 Identification of the Econometric Model

There are two points to discuss regarding identification of the econometric model defined by

equations (3)-(6). The first is whether the estimated γ are accurately interpreted as causal.

Analogous to what is required for identification of the reduced form models estimated in

Section 2.2, the argument is that teacher bias be exogenous in the production function of

student outcomes. The second is that we need sufficient data to estimate the distribution of

the latent factor, which is not a trivial condition. We discuss each in point in turn.

3.2.1 Exogeneity of Teacher Bias

For the γj to be given causal interpretations in equation (3), the biases (denoted b) must

be exogenous, conditional on θ, c, and G. The b, in turn, are the factors that drive teacher

expectations to diverge for the same student. Intuitively, this means that information that

teachers use to form expectations, but which is not used in both teachers’ expectations, does

not directly affect college-going. Information about student i that is commonly used by both

teachers to form expectations is captured in θi, c, and ninth-grade GPA.

A threat to identification, then, is that differences in teacher expectations are due to

factors that are not observed by both teachers, but do matter for college going. For example,

consider a student who is exceptionally strong in math, but mediocre in English. A math

teacher may recognize this skill when the English teacher does not. This would lead to

variation in teacher expectations that is based upon differences in teacher observations of

skills that might matter for college. However, the data suggest that this is not true: Figure

3 shows that the expectation gradients with respect to test scores for both teachers (ELA

and math) are nearly identical for both ELA and math tests, even though these tests were

not administered by teachers and the teachers did not see the students’ scores. If teacher

disagreements were explained by skills differences, we would expect math teachers to respond

to reading test scores less strongly than would ELA teachers, and vice versa.

19In the model we estimate, we assume probit errors are independent across teachers. In Section 3.2, we
introduce additional data to identify the econometric model. Using additional data, it becomes possible to
relax this independence assumption. Results from a model where we do this are available from the authors
and indicate that although there is some positive correlation between teacher biases, accounting for it does
not affect other results.
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We formally test whether differences in students’ subject-specific skills predict teacher

disagreements by estimating linear probability models of the form

1{TEi 6= TMi} = δ1|SEi − SMi|+ δ2Gi +Xiδ3 + ei, (7)

where Sj are subject-j test scores, 1{·} is the indicator function, G is 9th-grade GPA, and

X is the vector of socio-demographic controls and school fixed effects from equation (1).

Estimates of δ1 and δ2 are reported in the top rows of Table 6. Row 1, which restricts δ1 to

equal zero, shows that disagreements are decreasing in 9th-grade GPA. This is intuitive, since

there is more ambiguity regarding the future outcomes of moderate and low-performing ninth

graders. Importantly, this is why we explicitly allow for G to enter in both the education and

teacher-expectation production functions, and is thus not a threat to identification. However,

rows 2 and 3 of Table 6 show that subject-specific skill differences, whether included in levels

or a quadratic, do not significantly predict teacher disagreements. This is consistent with the

nearly overlapping plots in Figure 3 and reinforces the idea that teacher disagreements are

not driven by actual differences in students’ subject-specific aptitudes, which might directly

enter the education production function.

Another possibility is that variation in expectations is due to large shocks that might

eventually affect college completion, but that only one teacher observes. For example, one

teacher may learn that a student has a learning disability and revise her expectations ac-

cordingly.20 If this information is not known by the other teacher, then it is not in θi, which

means it would be captured in b, which would undermine the exogeneity of the biases in

equation (3). Of course, if both teachers are aware of the learning disability, then that infor-

mation is captured by θi and is therefore controlled for in equation (3), which means that,

conditional on θi, the γ are identified. To assess whether large shocks or pieces of information

are known to only one teacher and accordingly drive differences in teacher expectations, we

estimate variants of equation (7) that replace |SEi − SMi| with student-specific information

about problems, skills, and inputs that might (i) affect college completion and (ii) only be

known by one teacher. These factors include: whether the student is being bullied, has been

in a fight, participated in the science fair, finds classes interesting, participated in a “test

prep” course for college applications, and whether the parent thinks the student might have

an un-diagnosed learning disability and are summarized in Appendix Table S4. Rows 4-9

20The character Pastor Tim in the popular television show The Americans provides an extreme, yet
illustrative, example. In the show, a student confides in Pastor Tim that her parents are Russian spies. This
information would likely affect both Pastor Tim’s expectations and the student’s educational attainment.
If other teachers are unaware that the student’s parents are Russian spies, θ will fail to fully capture this
relevant information, and model estimates will be subject to omitted variables bias. Of course, the absurdity
of this situation highlights the low likelihood that such problems plague the ELS data.
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of Table 6 show that none of these variables significantly predict disagreements in teacher

expectations. Together, the tests discussed in this section and reported in Table 6 suggest

that the identifying assumption is valid: teacher disagreements are not driven by factors

that might directly affect educational attainment.

3.2.2 Rank Condition and Additional Measurements

As written, the model described in equations (3)-(6) in the previous section is not economet-

rically identified in that there are not enough measurements to identify all model parameters.

There are two reasons. First, we cannot identify latent factors with discrete outcomes absent

further data. Second, the two expectation equations, which are used as imperfect measure-

ments of student abililty, are also included as regressors (via the b) in the outcome equation.

One way to achieve identification is to place additional restrictions on parameters as in

Heckman et al. (2006) and replace the probit functional forms with linear probability mod-

els (LPM). In Appendix A, we show that if we restrict γE = γM ≡ γ and φE = φM ≡ φ,

we obtain an identified system of equations, and that the resulting LPM estimates of the

impact of bias remain similar to the APE reported in Table 7.

Parameter restrictions are a useful alternative when there are not obvious exclusion re-

strictions on additional data, i.e., variables that only enter either the expectations or the

outcome equations, but not both. Typically, it is difficult to defend such exclusions. Fortu-

nately, two exams (a math and a reading test) were administered to all ELS-2002 students.

Results from these exams were not revealed to students or teachers. Therefore, the exams

can be used as additional (mis)measurements of student ability, but do not enter into the

student outcome equation once we have conditioned on θi. In other words, scores on these

exams should only be associated with educational attainment because they reflect factors

that would likewise affect college completion, but not because teachers observe them.

We also control for 9th grade grades in the outcome equation, allow grades to affect

teacher expectations, and also use grades to identify θi. This is useful for a couple of reasons.

First, we might be concerned that math and reading test scores do not contain the full set

of skills that teachers observe, in which case there would be bias in the impact of teacher

forecast error on y. Several papers (e.g., Cunha et al., 2012) argue that test scores might not

contain non-cognitive skills, such as motivation or grit, but that grades would. Moreover, we

do not want to see grades as independent of θ, which requires that we model its relationship

with θ. Finally, we want to illustrate how teacher bias can be due to a mis-reading of the

mapping of skills to outcomes, where some skills are observed by the econometrician and

some are not.
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Formally, we add three equations:

Sji = cSj + φSjθi + eSji, j ∈ {E,M} (8)

Gi = cG + φGθi + eGi (9)

where Sj is the test score in subject j. In the equations, eSEi, eSMi follow normal distribution

with N(0, σS,j) for j ∈ {E,M}, independent across i and j. Further, eGi are assumed to be

independent of eSEi and eSMi and to follow a truncated normal distribution with mean 0

and standard deviation σG, where the upper and lower cutoff values are equal to the draw

of eGi that equate GPA to 4.0 and 0, respectively. Appendix D (available from the authors)

shows formally that the addition of these three measurement equations identifies the system

of equations (3)-(9).

3.3 Estimation

The econometric model is described in equations (3)-(9). We collect the parameters to be

estimated into a vector denoted Ξ:

Ξ =
〈
c, σθ, β, {γj, cj, φj, βj, cj,D, φj,D, βj,D, cS,j, φS,j, σS,j}j∈{E,M}, cG, φG, σG

〉
. (10)

We estimate Ξ using simulated maximum likelihood (Hajivassiliou and Ruud, 1994). In the

inner loop of the estimation algorithm, we compute the likelihood for a particular set of can-

didate parameters, which are indexed by (g) and denoted Ξ(g). To calculate the log likelihood

for a given set of candidate parameters Ξ(g), we first draw the latent factor K times for each

individual i. We denote each draw θ
(g)
ik .21 For each θ

(g)
ik , we use distributional assumptions

on the error terms, additional candidate parameters, and data to calculate the likelihood

contribution for teacher expectations (PTτ (Ti,j|θ
(g)
ik ), j ∈ {E,M}). Next, for each draw, we

calculate bias using equation (6). Then, we calculate the likelihood contribution for college

completion, denoting the probability Py(yi|θ(g)ik ). Similarly, we compute the likelihood con-

tributions for the test scores and for ninth-grade GPA, denoting these densities fE(SE,i|θ(g)ik ),

fM(SM,i|θ(g)ik ), and fG(Gi|θ(g)ik ), respectively. Using these components, we calculate the value

21Prior to estimating, we draw a block matrix of size N × K from a standard normal distribution once
and denote it Ψ, where N is the number of individuals in the sample and K is the number of simulation

draws, set to 1,000. At each draw, θ
(g)
ik denotes the value of the latent factor for individual i and draw k. It

is element i, k in Ψ multiplied by σ
(g)
θ . This helps to avoid the so-called “chattering” effect, which can lead

to different values of the likelihood function given the same parameters due to differences in random draws
at each parameter set.
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of the likelihood for each draw of the latent factor θ
(g)
ik as:

L
(g)
ik = Py(yi|θ(g)ik )×

∏
τ∈{E,M} PTτ (Tτi|θ

(g)
ik )

× fE(SEi|θ(g)ik )× fM(SMi|θ(g)ik )× fG(Gi|θ(g)ik ).
(11)

After constructing L
(g)
ik for each individual i and draw k, we then average L

(g)
ik over the K

draws for each individual. Finally, we take the log and then sum over all N individuals to

obtain the log-likelihood, i.e., we compute:

l(g) =
N∑
i=1

log

(
1

K

K∑
k=1

L
(g)
ik

)
. (12)

In the outer loop, we repeat the inner loop for different sets of candidate parameters until

the log likelihood function is maximized. We use quasi-newton methods to choose candidate

parameters.22

4 Do Teacher Expectations Matter?

This section discusses the estimated model. Section 4.1 presents parameter estimates and

average partial effects. Section 4.2 examines teacher biases, focusing on how biases differ by

teacher and student race. Section 4.3 illustrates how the model explains black and white

attainment gaps as a function of factors occurring prior to the tenth grade, but also as a

function of how teachers use these factors to form expectations and how these expectations

affect students through the mechanism of self-fulfilling prophecies. This exercise motivates

analyses of policies, which are examined in Section 5.

4.1 Parameter Estimates and Average Partial Effects

Tables 7 and 8 report parameter estimates of the education and teacher-expectation pro-

duction functions defined by equations (3) and (5), respectively.23 Column (1) of Table 7

reports parameter estimates for white students, and the estimated γ suggest that teacher

expectations have positive, statistically significant effects on the probability that white stu-

dents complete a 4-year degree.24 The estimated β is positive and statistically significant,

22We also repeat the estimation algorithm for different sets of starting values to help ensure that we have
not found a local maximum.

23Appendix Table S5 reports the “nuisance parameter” estimates from measurement equation (9).
24We refer to effects of bias and teacher expectations interchangeably since there is a 1:1 relationship

between these constructs, by definition, in equation (5).
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indicating that students with higher 9th-grade GPAs are significantly more likely to earn a

four-year college degree than their counterparts with lower GPAs. This result is intuitive

and provides a useful check of the model, since GPA is a known proxy for academic ability

that predicts college completion (Bound and Turner, 2011). The magnitudes of these probit

coefficients cannot be directly interpreted, so the bottom panel of Table 7 reports average

partial effects (APE) of teachers’ expectations, the main independent variables of interest,

on the likelihood of earning a four-year degree.25 The APEs indicate that for white students,

on average, the impact of either teacher changing from not expecting to expecting a college

degree is about a 20 percentage point increase in the likelihood of the student completing

a four-year degree. These effects translate into statistically significant elasticities of college

completion with respect to biases of about 0.12. The effects of math and ELA teachers’

biases are not significantly different from one another, and are remarkably similar in size

to the corresponding linear 2SLS estimates for white students reported in columns (3) and

(4) of Table 5. The similarity between these two approaches lends additional credence to

the interpretation of these estimates as causal effects of teacher expectations on students’

long-run educational attainment.

Column (2) of Table 7 reports parameter estimates for black students, and the estimated

γ once again suggest that teacher expectations have positive effects on educational attain-

ment. However, only the ELA teacher’s expectation is statistically significant at traditional

confidence levels, and this coefficient is similar in size to that for white students.26 The

estimated β is once again positive and statistically significant, though smaller in magnitude

than that for white students.

The variance and mean (as it relates to college completion) of θ capture the objective

probability (absent teacher bias and conditional on GPA) that a student will complete col-

lege. Consistent with realized educational outcomes, a comparison of columns (1) and (2)

show that the distribution of θ for black students is centered to the left of that for white stu-

dents, and exhibits greater variance. This means that upon reaching the tenth grade, black

students are already disadvantaged relative to their white counterparts in terms of college

potential. Again, this does not reflect their ability, but instead captures racial disparities

in the multitude of investments over the lifecycle, including factors such as school quality,

neighborhood effects, and early childhood environments and resources. Our model is de-

signed to separate this objective probability (which teachers use to form their expectations)

from the impact of teacher expectations via self-fulfilling prophecies.

25Standard errors for the average partial effects (APE) are computed via the Delta Method. The APE are
evaluated at the mean value of θ, which is zero by construction.

26However, the math and ELA γ are not significantly different from one another.
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The bottom panel of column (2) shows that the APE of ELA teachers’ expectations on

the probability that black students earn a four-year college degree is strongly statistically

significant and similar in size to the APE of ELA teachers’ expectations on white students’

educational attainment. The APE of math teachers’ expectations on the probability that

black students complete college is positive, but only about half as large and imprecisely

estimated. The lack of precision may be partly due to the relatively small number of blacks

in the sample. Nonetheless, the main implications of Table 7 are that (i) teacher expectations

have a positive, arguably causal impact on college completion and (ii) the structural model

yields estimates of these effects that are qualitatively similar to linear 2SLS estimates of the

reduced-form equation (1).

Table 8 similarly reports the parameter estimates of the teacher-expectation production

functions. The first two columns report the parameter estimates for white students’ ELA

and math teachers, respectively. The production of teacher expectations for white students

is broadly similar across subjects: the other-race teacher indicators are both statistically

insignificant, as are their corresponding APE, which is consistent with the lack of a racial-

mismatch effect on teachers’ expectations for white students in Gershenson et al. (2016).

Also, intuitively, teachers’ expectations are increasing in both θ and 9th-grade GPA. The

results for black students, reported in columns (3) and (4), are broadly similar. However,

there is one notable difference: for black students, there are negative, significant effects of

student-teacher racial mismatch on teachers’ expectations. This is again consistent with

the student-fixed effects estimates reported in Gershenson et al. (2016). Specifically, pooled

estimates of student-FE LPMs in Gershenson et al. (2016) find that racial mismatch reduces

the probability that teachers expect a black student will complete a college degree by 0.09.

However, when allowing the effect to vary by subject, the authors find that the racial-

mismatch effect is about twice as large for math teachers (0.15) as for ELA teachers (0.07).

This pattern, and the effect sizes, are remarkably similar to those reported in columns (3) and

(4) of Table 8. That the structural model estimated here produces similar evidence regarding

the impact of student-teacher racial mismatch on teachers’ educational expectations for

black students, despite using a demonstrably different identification strategy and estimation

procedure, cross-validates the structural model and lends additional support to the causal

interpretation of the parameter estimates of interest.

4.2 Race Differences in Teacher Biases

Thus far, we have documented an arguably causal relationship between teacher expectations

and educational attainment and confirmed previous results suggesting that student-teacher
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racial mismatch reduces teachers’ educational expectations for black students (Gershenson et

al., 2016). However, neither the results in Table 8 nor those in Gershenson et al. (2016) speak

directly to long-debated questions about whether, to what extent, and in what direction

teacher expectations are biased. The model developed in section 3.1, and specifically equation

(6), provide answers to these questions. Figure 4 plots kernel density estimates of the

distributions of the biases in teachers’ expectations separately by student race, subject, and

student-teacher race congruence.27

Panel A shows the distributions of ELA teachers’ biases. For both same- and other-race

ELA teachers of both white and black students, the average bias is positive. In other words,

teachers are overly optimistic on average, which is consistent with patterns observed in the

raw ELS data documented in Table 1 and in Figure 2. Also, for both same- and other-

race ELA teachers the average amount of bias is similar for both white and black students.

However, the average positive bias (overoptimism) is slightly larger for black students when

evaluated by a black teacher. This is consistent with evidence of smaller effects of student-

teacher racial mismatch on ELA teachers’ expectations for black students. The similarity in

means is somewhat misleading, however, as if obfuscates more pronounced differences across

the distribution. Specifically, there is more mass at zero bias for blacks than for whites, as

many teachers accurately predict that black students will not complete college, and this is

true for both same- and other-race teachers. There is similarly more mass at one (the upper

bound of bias) for blacks than whites, which is due to both same- and other-race teachers

being more likely to expect black students to complete college, even when the objective

probability of them doing so is nil. White students, meanwhile, are more likely than blacks

to receive positive bias in the range of about 0.1 to 0.7, which means that both same- and

other-race teachers are more likely to give white students the “benefit of the doubt” and

expect a four-year degree when their objective probability of completing college is in the

30-90% range.

Panel B of Figure 4 similarly plots the distributions of math teachers’ biases. Many of

the qualitative patterns observed in Panel A for ELA teachers are present here: biases are

positive on average for all students, blacks are more likely than whites to receive zero bias,

and on average, black students receive more positive bias (overoptimism) than white students

when evaluated by black teachers, while the opposite is true for white teachers’ expectations.

However, differences in the bias distributions of same- and other-race math teachers are sig-

nificantly more pronounced than the corresponding differences for ELA teachers. This is

to be expected, given the result in Table 8 that the effect of racial mismatch on expecta-

27Another way to illustrate these differences is using contour plots, which are presented in Appendix Figure
S1. These plots (heat maps) depict higher concentrations as brighter colors.
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tions is significantly larger for math teachers than for ELA teachers. Indeed, these mean

differences are driven by a notable increase in the frequency of objectively correct (zero-bias)

expectations and a flattening of the right tail of the bias distribution for other-race teachers’

expectations for black students. This raises a nuanced, but important point: other-race math

teachers’ expectations for black students may be more accurate (less biased) than those made

by black math teachers. However, this accuracy has the potential to propagate racial gaps in

educational attainment, since we have shown that high expectations, even overly optimistic

ones, have an arguably causal, positive impact on college completion. In terms of the main

result in Gershenson et al. (2016), which is that white teachers have lower expectations than

black teachers when evaluating the same student, the results in Figure 4 indicate that on

average, all teachers are too optimistic about students’ college-completion potential, but the

degree of overoptimism is greater for black students assessed by black teachers relative to

white teachers. We explore these ideas in greater detail below.

4.3 Race Mismatch and Teacher Expectations

We have demonstrated a causal impact of teacher expectations on student outcomes along

with racial differences in the production of bias. However, we have yet to investigate how

these two mechanisms interact and contribute to the racial gap in college completion. We

begin to do so here, by noting that the model distinguishes between three types of racial

differences that can influence racial gaps in educational attainment:

1. Initial conditions, including ninth-grade GPA and the latent factor θi, which combine

to identify the objective likelihood of college completion (net of the impact of bias) at

the time tenth-grade teachers form expectations.

2. The mapping between initial conditions and teacher expectations governed by the

parameters in equation (5), i.e., racial disparities in the teacher expectations faced by

students with the same θi and Gi

3. The production function of student outcomes governed by parameters in equation (3).

Figure 5 illustrates how each of these factors contributes to racial disparities.28 The figure

plots the CDF of the probability that black and white students will obtain a four-year college

28For each counterfactual simulation, this is done by drawing eGi, eEi, eMi, and θ 100,000 times using the
distributional assumptions outlined in subsection 3.2.2 given our parameter estimates and simulating GPA,
as well as ELA and math teacher expectations using equations (5) and (9). The probability that black and
white students will obtain a four-year college degree is then calculated using equation (3).
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degree, assuming that all students have white teachers.29 In the upper-right panel, we plot

the objective distributions for black and white students. Immediately apparent are large

gaps between blacks and whites produced by the model, which occur across the distribution.

In the upper-right panel of Figure 5, we simulate the black-white college completion

gap under the counterfactual in which blacks are assigned the same initial conditions as

whites, i.e., the same distribution of θi and of Gi. Not surprisingly, this closes much of the

attainment gap, as many of the differences in the distribution of educational attainment arise

from factors occurring prior to the tenth grade. Still, even with the same initial conditions,

black students do not face the same distribution of college completion as white students. This

means that some of the gap can be explained by how initial conditions map to expectations

along with racial differences in how expectations produce outcomes.

One interesting feature of the upper right panel of Figure 5 is that students with initial

conditions suggesting a low probability of college completion might do better than their white

counterparts if assigned the same initial conditions. The reason is that some black students

with lower initial conditions may face higher positive bias. This can be seen in Figure 4,

where black students are more likely to face optimistic teachers. Nonetheless, towards the

upper end of the distribution, whites outperform blacks despite having the same ninth-grade

GPA and the same objective probability of completing college. Again, since θi does not

represent innate ability, these results suggest that two students enter the tenth grade having

the same objective probabilities (net of bias) of finishing college might experience different

outcomes. This discrepancy is due to racial differences in the production and impact of

biases, which exacerbates existing gaps.

To illustrate this point, the lower-left panel of Figure 5 shows what happens if black and

white students not only have the same initial conditions, but also the same mapping from

initial conditions to teacher expectations. This has a relatively small additional impact on

the gap, which can be seen in the lower right panel, where both counterfactuals are sim-

ulated. Notice, for individuals with relatively low or relatively high objective probabilities

of college completion, the impact of the production of teacher bias is nearly zero. In fact,

some black students in the lower tails are harmed if they face the same production of bias as

white students. This is because black students with low θi tend to face higher expectations

from white teachers. For blacks in the middle of the distribution, however, facing the same

mapping from initial conditions to teacher expectations as whites is helpful in promoting

college completion. This finding is consistent with the distributions of bias plotted in Fig-

ure 4, which indicate that white students who begin with objective probabilities of college

29We consider the implications of assigning more black teachers to black students in Section 5
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completion that are neither very high nor very low are more likely to be given the “benefit

of the doubt” than are black students. Given that expectations matter, this can raise the

attainment gap through self-fulfilling prophecies.

The lower right panel of Figure 5 also illustrates that the remainder of the gap is closed

when blacks counterfactually face the same education production function as whites (gov-

erned by the parameters in equation (3)). Part of the production function difference is due to

differences in γ, particularly differences in math teachers’ γs across races. Another difference

is in β, which may reflect disparities in school quality.30 In general, Figure 5 demonstrates

that most of the attainment gap between blacks and whites arises from factors that occur

prior to our observing them in the tenth grade, which is not surprising and underscores the

importance of interventions in early-childhood and primary-school education. Still, initial

conditions do not account for the entire gap, which is concerning since it means that teacher

expectations widen the gap. This is due to racial differences in the impact of bias on out-

comes, but also due to differences in the production of bias. In the following section, we ask

whether policies that affect the production of bias can reduce the student attainment gap.

5 Policy: Teacher Diversity versus Teacher De-Biasing

In this section, we discuss two counterfactual simulations designed to assess policies that

modify the expectations faced by black students. We treat initial conditions θi and Gi as

given, and therefore not as policy relevant, since our focus is on how teacher expectations

respond to those conditions and ultimately affect student outcomes. Of course, these initial

conditions are not fixed and can likely be shaped by other earlier interventions such as class

size reductions (Dynarski et al., 2013), improved teacher quality (Chetty et al., 2013), and

early childhood investments (Currie, 2001; Heckman, 2006). However, the current study’s

aim is to assess whether changes in the production and impact of bias on student outcomes

can affect the black-white college completion gap. We consider two policies, both of which can

be evaluated using our model: hiring more black teachers, thereby increasing the probability

that students of all races have a black teacher, and modifying how white teachers form

expectations about black students. We operationalize the latter by imposing that white

teachers, for a given θi and Gi, form “race blind” expectations for students.

We motivate these counterfactual simulations by simply plotting teachers’ expectations

for black students as a function of θi while making different assumptions about how their

expectations are formed. The top panels of Figure 6 show how white ELA and math teachers’

30Indeed, if black students face white γ, but different β, a small gap remains.
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expectations change when we de-bias white teachers (i.e., when for a given θ, the black

student receives the expectation normally given to a white student). It is immediately

apparent that not all black students are helped by such a policy. Indeed, at low levels

of θ white teachers have higher expectations for black students than for white students.

However, at high levels of θ, black students benefit from this policy. This is consistent with

the distributions of bias presented in Figure 4. The policy-relevant implication here is that

de-biasing white teachers in this fashion would likely hurt some black students. Therefore, in

the formal policy simulation, we impose that white teachers’ expectations take the envelope

of the two curves.

The bottom panels of Figure 6 show how the expectations of ELA and math teachers

for black students change when the expectation is formed by a black—rather than white—

teacher. Among ELA teachers there is a muted increase in expectations at all levels of θ of

hiring more black teachers. For math, the effect is much larger due to the larger impact of

racial mismatch on math teachers’ expectations. Importantly, white students are not hurt

by this policy, as shown in the corresponding Appendix Figure S2 for white students.

In Figure 7, we directly compare de-biasing to hiring more black teachers. These “equiva-

lent policy lines” report the combinations of de-biased and black teachers necessary to main-

tain the black college completion rate. Both the math and ELA teacher lines are upward

sloping, which simply means that de-biasing white teachers and increasing the probability

that black students have black teachers both increase black college completion on average.

Both lines are steeper than the 45-degree line, indicating that raising the probability that

a black student faces a black teacher is more effective at achieving college graduation for a

given number of black students in relation to de-biasing an equivalent percentage of white

teachers. Interestingly, the slope of the line is steeper and to the left for black math teachers.

This means that to achieve the same effect of de-biasing a given number of white teachers,

fewer black math versus ELA teachers would need to be hired. This is because of the rela-

tively high expectations that black math teachers have for black students versus white math

teachers. Of course, the similarity of the lines and slopes for math versus ELA teachers shows

that hiring more black ELA teachers is also a policy worth considering. Nonetheless, this

result underscores the need to identify the inputs and interventions that promote black stu-

dent success in STEM fields and highlights the policy-relevance of black-white achievement

gaps in STEM fields (Anderson and Kim, 2006; Arcidiacono et al., 2016; Harper, 2010).

Figure 7 compares the two policies as mutually exclusive interventions. In reality, they

likely would not be. Policy makers might consider mixtures, such as simultaneously hiring

more black teachers and attempting to de-bias white teachers. To understand how these

two policies interact, we use the production function in equation (3) to plot isoquants.
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Specifically, for different combinations of de-biasing and hiring (e.g., de-bias 25% of white

teachers and set the probability that black students face black teachers at 30%) we use the

model to simulate college completion 100,000 times. Next, we assess which combinations

of policies lead on average to the same probability of college completion. We plot resulting

isoquants where the inputs are equivalent to de-biasing zero white teachers and setting

the probability that black students face black teachers at 5 equidistant points along the

distribution: 1/6, 2/6, 3/6, 4/6 and 5/6. The isoquants are constructed separately for each

quartile of the distribution of θ since we know that these policies have different effects on

individuals with different objective probabilities of completing college.

The four panels of Figure 8 highlight the heterogeneity by θ in the tradeoffs between the

two policies. At one extreme, panel A shows that for students in the lowest quartile, de-

biasing white teachers has no effect, as evidenced by the vertical isoquants. This is because

white teachers tend to have higher expectations for students with low objective probabilities

of completing college. Since the policy we consider takes the maximum of actual versus

simulated expectations, the de-biasing policy literally does not affect students in the bottom

quartile. Hiring more black teachers has some effect, though it is modest: increasing the

fraction of black teachers from 1/6 to 5/6 raises the probability of college-going from 3.7%

to 3.9%. This is troubling as it shows that students with low objective probabilities of

completing college degrees by the time they reach the tenth grade are difficult to help, at

least via changing teachers’ expectations. This underscores the limits of the policies we

are considering here and the importance of interventions for students earlier on, as well as

outside the traditional school setting.

Panel B of Figure 8 considers the second quartile. For this group, de-biasing of teachers

seems to have some effect, though it is small. De-biasing all white teachers is equivalent

to raising the proportion of black teachers from about 12% to about 16%. Panel C shows

that de-biasing white teachers (compared to hiring more black teachers) becomes increas-

ingly effective at increasing black-student graduation rates among students who already have

relatively high objective probabilities of graduating, as the marginal rate of substitution is

about 2.1. For example, to raise the probability of college completion from 33.9% to 34.6%,

hiring practices would need to increase the likelihood of facing a black math teacher from

15% to 32%. Alternatively, the proportion of debiased white teachers would need to rise

from 32% to 68%. The isoquant illustrates that some mixture of the two policies would

also work, where linearity is due to the specification of the production function.31 Moreover,

for individuals in the third quartile, policies become more effective, raising the graduation

31In the Conclusion, we discuss possible extensions to this work, including estimation of a production
function with non-constant marginal rates of substitution.
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probability from 33.9% to 36.6%.

Among individuals with the highest objective probability of completing college (panel D

of Figure 8), it is apparent that (i) policies are relatively more effective in general, raising

college completion rates from 62.9% to 65.2% and (ii) the relative productivity of de-biasing

white teachers rises, as the MRS is now about 1. The reason is that white teachers have

especially low expectations for black students with high initial conditions in comparison to

white students with the same initial conditions. In other words, white teachers tend to under-

estimate the potential of black students relative to white students, particularly for black

students with high objective probabilities of earning a college degree. This is concerning,

as the black students with the most college potential face the largest penalties via teacher

expectations. Panel D also shows that hiring more black teachers would be beneficial. For

example, raising the probability that a black student faces a black math teacher from 15%

to 35% raises college completion from 62.9% to 63.5%. Recall, this result conditions on the

objective probability starting in the tenth grade. Earlier interventions could have stronger

effects.

6 Conclusion

We jointly estimate education and teacher-expectation production functions using data from

a nationally representative longitudinal survey of U.S. high school students. The identifica-

tion strategy leverages insights from the measurement-error literature and a unique feature

of these data: two teachers provided their educational expectations for each student.

Our analysis yields four main results. First, we provide novel, arguably causal evidence

that teacher expectations matter in the sense that they affect students’ educational at-

tainment. Estimates from both reduced-form instrumental variables models and structural

measurement-error models suggest that the elasticity of the likelihood of college completion

with respect to teachers’ expectations is about 0.12, which is consistent with the impact of

other K-12 educational inputs on college completion (Dynarski et al., 2013). Moreover, this

finding provides insights into the mechanisms through which the long-run effects of K-12

teachers documented by Chetty et al. (2013) might operate.

Second, when comparing expectations for black versus white students, we show that

assessing which teachers are more accurate is not necessarily the most salient question. We

identify the distribution of biases in teacher expectations, and find that on average, all

teachers are overly optimistic about students’ ability to complete a four-year college degree.

However, the degree of over-optimism is significantly larger for white students than for black
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students, especially when black students are evaluated by white teachers. This answers the

unresolved question in Gershenson et al. (2016) of “which teachers are wrong,” and more

generally highlights an important nuance that is frequently overlooked in discussions of biased

beliefs: unbiased (i.e., accurate) beliefs can be counterproductive if there are positive returns

to optimism or if there are socio-demographic gaps in the degree of teachers’ over-optimism,

both of which we find evidence of.

Third, we consider two counterfactual, but realistic policies: hiring more black teachers

and de-biasing white teachers. For black students with low objective probabilities of college

completion upon entering the tenth grade, hiring more black teachers is more effective. For

black students with high objective probabilities, both policies are about equally effective.

In other words, the most effective mix of policies implemented for high school students

depends on whether college completion is already highly likely or unlikely for these students.

This information, paired with relative costs, could inform decision-makers as to the optimal

mixture of policies.

Finally, the paper makes makes a methodological contribution to the measurement error

literature by assigning a structural meaning not only to the common latent factor that

enters all equations, but also to the measurement error itself, which we interpret as teacher

bias and allow to enter as in input in the education production function. We believe that

our approach could fruitfully be applied to estimate causal effects of beliefs on behavior or

outcomes in non-experimental settings and using observational data where multiple beliefs

about a similar economic object are collected.

Several generalizations of the measurement error model, and particularly of the education

production function (equation (3)), might be considered in future work. For example, the

education production function assumes that the math and ELA teachers’ expectations are

perfect substitutes, but this need not be the case. Similarly, there could be heterogeneity by

student, teacher, and school characteristics in the impact of teacher expectations on student

outcomes. For example, low-achieving (as of 9th grade) students might be particularly

influenced by teacher expectations, expectations of same-race teachers might be particularly

salient to students, or teachers’ abilities to pass on beliefs might be limited in under-resourced

schools or depending on school characteristics, such as the racial composition of students or

teachers.
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Figures and Tables

Table 1: Analytic Sample Means - Students

Sample (Students) : All White Black Male Female
(1) (2) (3) (4) (5)

Educational Attainment
Completed College or more 0.45 0.49 0.29 0.43 0.47
Completed < HS Diploma 0.01 0.01 0.02 0.01 0.01
Education Completed, Years 14.67 14.83 14.08 14.51 14.81

(2.06) (2.06) (1.84) (2.05) (2.07)
Teacher Expectations

College or More, English 0.64 0.67 0.48 0.60 0.67
Expect < HS, English 0.01 0.01 0.03 0.02 0.01
ELA Teacher Expected Years 15.65 15.78 14.86 15.48 15.80

(2.23) (2.14) (2.21) (2.29) (2.16)
College or More, Math 0.63 0.66 0.44 0.61 0.65
Expect < HS, Math 0.01 0.01 0.03 0.01 0.01
Math Teacher Expected Years 15.51 15.65 14.66 15.43 15.59

(2.09) (1.99) (2.07) (2.16) (2.03)
Academic Background

Reading Assessment 52.82 54.67 46.71 52.39 53.21
(9.83) (9.26) (8.99) (10.20) (9.47)

Math Assessment 53.01 54.71 45.77 54.00 52.12
(9.67) (8.78) (8.88) (10.13) (9.15)

9th grade GPA 2.92 3.02 2.44 2.82 3.01
(0.78) (0.73) (0.76) (0.78) (0.77)

Demographics and Socioeconomic Status
Household Income < 20K 0.11 0.06 0.26 0.09 0.13
Household Income > 100K 0.18 0.21 0.08 0.19 0.17
Mother has ≤ HS diploma 0.34 0.29 0.39 0.32 0.35
Mother has a Bachelor’s or More 0.31 0.34 0.23 0.33 0.29

Teacher
ELA Teacher Non-White 0.10 0.05 0.26 0.10 0.10
Math Teacher Non-White 0.11 0.06 0.21 0.11 0.11
ELA Teacher Black 0.04 0.02 0.20 0.04 0.04
Math Teacher Black 0.04 0.02 0.16 0.03 0.04
Observations 6060 3970 610 2870 3190

Note: Students are the unit of analysis. Standard deviations for non-binary variables are
reported in parentheses. HS is high school. 9th-grade GPAs are on a 4.0 scale. Math and
reading assessment scores are on a 0-100 scale. All sample sizes are rounded to the nearest
10 in accordance with NCES regulations for restricted data.
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Table 2: Analytic Sample Means - Teachers

Sample (Teachers) : All Math English White Black Male Female
Teachers Teachers Teachers Teachers Teachers Teachers Teachers

(1) (2) (3) (4) (5) (6) (7)
Teacher Characteristics

Non-White 0.11 0.11 0.10 0.00 1.00 0.10 0.11
Math Teacher 0.50 1.00 0.00 0.50 0.47 0.62 0.43
Male 0.35 0.44 0.27 0.36 0.26 1.00 0.00
Years of Experience 14.89 15.35 14.44 15.17 15.01 15.56 14.53

(10.76) (10.74) (10.77) (10.80) (11.28) (11.61) (10.25)
≤ three years of experience 0.16 0.14 0.19 0.15 0.21 0.16 0.16
No teaching certificate 0.17 0.15 0.18 0.16 0.21 0.21 0.14
Major in subject taught 0.48 0.47 0.49 0.49 0.48 0.42 0.51
Has graduate degree 0.47 0.48 0.47 0.49 0.45 0.51 0.46

Student Demographics
American Indian 0.00 0.00 0.00 0.00 0.00 0.01 0.00
Asian 0.08 0.08 0.08 0.07 0.05 0.09 0.07
Black 0.10 0.10 0.10 0.09 0.47 0.09 0.11
Hispanic 0.12 0.12 0.12 0.10 0.12 0.13 0.11
Multiple Race 0.04 0.04 0.04 0.04 0.04 0.05 0.04
Male 0.47 0.47 0.47 0.47 0.44 0.51 0.45
Observations 12130 6060 6060 10830 470 4300 7820

Note: Teachers are the unit of analysis. Standard deviations for non-binary variables are
reported in parentheses. All sample sizes are rounded to the nearest 10 in accordance with
NCES regulations for restricted data.
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Table 3: OLS Estimates of Effect of Expectations on Educational Attainment

All Students White Black
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Expect College (ELA) 0.48∗∗∗ 0.31∗∗∗ 0.31∗∗∗ 0.26∗∗∗ 0.18∗∗∗ 0.16∗∗∗ 0.15∗∗∗ 0.17∗

(0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.08)
Expect College (Math) 0.48∗∗∗ 0.31∗∗∗ 0.31∗∗∗ 0.26∗∗∗ 0.19∗∗∗ 0.15∗∗∗ 0.16∗∗∗ 0.13

(0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.07)
Teacher Controls No No No Yes Yes Yes Yes Yes Yes
Student SES No No No No Yes Yes Yes Yes Yes
9th Grade GPA No No No No No Yes Yes Yes Yes
School FE No No No No No No Yes Yes Yes
Observations 6060 6060 6060 6060 6060 6060 6060 3970 610
R2 0.22 0.22 0.28 0.28 0.33 0.35 0.44 0.47 0.63
Adjusted R2 0.22 0.22 0.28 0.28 0.32 0.35 0.37 0.37 0.31

Note: *p < 0.10, ** p < 0.05, *** p < 0.01. The dependent variable is a binary indicator
equal to one if the student completed a four-year college degree or more, and zero otherwise.
Parentheses contain standard errors that are robust to clustering at the school level. These
are OLS estimates of Equation 1. Student socioeconomic status (SES) controls include
indicators for household income and mother’s educational attainment as well as indicators
for student race, sex, and if a language other than English is spoken at home. Teacher
controls include teacher race and gender dummies, years of experience, and whether or
not the teacher majored in the subject he or she teaches. School FE refers to school fixed
effects.
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Table 4: Transition Matricies of Disagreements in Teacher Expectations

Math English Teacher Expectation
Teacher Expectation HS or Less Some College Bachelor’s or More Total

All Students (N = 6060)
HS or Less 7.12 4.79 1.62 13.54
Some College 4.32 9.90 9.27 23.49
Bachelor’s or More 1.62 8.36 52.99 62.97
Total 13.06 23.06 63.88 100.00

White Students (N = 3970)
HS or Less 5.47 4.16 1.21 10.82
Some College 4.18 9.56 9.09 22.83
Bachelor’s or More 1.33 8.31 56.71 66.35
Total 10.97 22.02 67.00 100.00

Black Students (N = 610)
HS or Less 13.18 8.07 2.63 23.88
Some College 7.08 12.52 12.03 31.63
Bachelor’s or More 2.63 8.07 33.77 44.48
Total 22.90 28.67 48.43 100.00

Note: HS is high school. Each entry reports the percentage of observations that fall in the
particular math teacher expectation-ELA teacher expectation category.
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Table 5: 2SLS Estimates of Effect of Expectations on Educational Attainment

All Whites Blacks
English Math English Math English Math

(1) (2) (3) (4) (5) (6)
Expects college (OLS) 0.15*** 0.14*** 0.14*** 0.15*** 0.18*** 0.10*

(0.02) (0.02) (0.02) (0.02) (0.06) (0.05)
Expects college (2SLS) 0.24*** 0.19*** 0.24*** 0.16** 0.00 0.20

(0.06) (0.06) (0.08) (0.07) (0.17) (0.17)
First-Stage Estimates

Passive (English) -0.13*** -0.02 -0.12*** 0.01 0.04 -0.14
(0.02) (0.02) (0.03) (0.03) (0.11) (0.09)

Passive (Math) -0.02 -0.07*** -0.01 -0.07** -0.12 0.01
(0.02) (0.02) (0.03) (0.03) (0.09) (0.11)

Never attentive (English) -0.29*** -0.05 -0.42*** -0.15** -0.86*** 0.14
(0.06) (0.06) (0.06) (0.08) (0.21) (0.22)

Rarely attentive (English) -0.32*** -0.04 -0.34*** -0.05 -0.54*** -0.28**
(0.04) (0.03) (0.04) (0.04) (0.16) (0.13)

Sometimes attentive (English) -0.31*** -0.04* -0.28*** -0.04 -0.53*** -0.06
(0.02) (0.02) (0.03) (0.03) (0.08) (0.10)

Mostly attentive (English) -0.10*** -0.03** -0.09*** -0.03* -0.29*** -0.11
(0.01) (0.01) (0.02) (0.02) (0.08) (0.10)

Never attentive (Math) -0.05 -0.36*** -0.06 -0.40*** 0.01 -0.23
(0.07) (0.10) (0.10) (0.11) (0.15) (0.34)

Rarely attentive (Math) -0.10*** -0.35*** -0.04 -0.34*** 0.08 -0.31**
(0.03) (0.03) (0.04) (0.04) (0.15) (0.15)

Sometimes attentive (Math) -0.08*** -0.32*** -0.07*** -0.32*** -0.12 -0.45***
(0.02) (0.02) (0.03) (0.03) (0.10) (0.09)

Mostly attentive (Math) -0.02 -0.09*** -0.01 -0.09*** -0.10 -0.08
(0.01) (0.01) (0.02) (0.02) (0.10) (0.09)

Strongly agree reading is fun 0.08*** -0.02 0.07** -0.02 -0.24* 0.20
(0.02) (0.02) (0.03) (0.03) (0.12) (0.14)

Agree reading is fun 0.05** -0.02 0.04 -0.02 -0.34*** 0.10
(0.02) (0.02) (0.02) (0.03) (0.12) (0.15)

Disagree reading is fun 0.05*** -0.00 0.04 -0.01 -0.25** 0.15
(0.02) (0.02) (0.02) (0.02) (0.12) (0.14)

Strongly agree math is fun -0.06** 0.07*** -0.11*** 0.08*** -0.19* -0.12
(0.02) (0.02) (0.03) (0.03) (0.11) (0.10)

Agree math is fun -0.05** 0.05*** -0.02 0.05** -0.13 0.01
(0.02) (0.02) (0.02) (0.02) (0.09) (0.10)

Disagree math is fun -0.04** 0.00 -0.03 0.02 -0.06 -0.14
(0.02) (0.02) (0.02) (0.02) (0.07) (0.09)

R2 0.59 0.59 0.60 0.60 0.78 0.74
Adj-R2 0.52 0.52 0.52 0.52 0.54 0.48
N 4420 4420 2960 2960 250 250
F-test(1st Stage) 19.92*** 23.46*** 13.54*** 13.75*** 5.39*** 4.81***

Note: *p < 0.10, ** p < 0.05, *** p < 0.01. The dependent variable is a binary indicator
equal to one if the student completed a four-year college degree or more, and zero otherwise.
Parentheses contain standard errors that are robust to clustering at the school level. The
first two rows present OLS and 2SLS estimates, respectively, of Equation 1, for the analytic
sample for which all instruments are observed. All regressions control for student race,
sex, 9th-grade GPA, math and ELA scores, household income, indicator for single parent
family, mother’s educational attainment, school fixed effects, and teacher race, sex, and
educational attainment.
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Table 6: Testing the Exogeneity of Teacher Bias

Regression No. Variable Estimates
1 9th-grade GPA -0.0723***

(0.0097)
2 |SE − SM | 0.0023

(0.0014)
3 |SE − SM | -0.0005

(0.0031)
|SE − SM |2 0.0002

(0.0002)
4 S Ever Bullied 0.0012

(0.0147)
5 S Got in Fight -0.0023

(0.0205)
6 S Participated in Science Fair -0.0126

(0.0191)
7 S finds class interesting -0.0032

(0.0130)
8 S Ever in college prep 0.0160

(0.0147)
9 P thinks S has disability -0.0376

(0.0243)

Note: *p < 0.10, ** p < 0.05, *** p < 0.01. N = 6060. Each row reports the coefficient(s)
of interest from a unique regression. When necessary, a dummy for “variable of interest is
missing” is included in the regression. These “missing” indicators are never statistically
significant. S is student and P is parent. SE and SM are ELA and math standardized
test scores. All regressions control for student race, sex, 9th-grade GPA, household in-
come and mother’s educational attainment, indicators for single parent household and if
a language other than English is spoken at home, and school fixed effects. In regression
3, the quadratic terms are jointly insignificant (F-stat = 1.63, p-value= 0.20.)
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Table 7: Education Production Function Estimates

Whites Blacks
γE 0.52*** 0.50***

(0.06) (0.16)
γM 0.55*** 0.23

(0.06) (0.16)
β 0.50*** 0.27**

(0.05) (0.11)
c -0.46*** -0.83***

(0.05) (0.14)
σθ 0.51*** 0.80***

(0.05) (0.14)
APE
bE 0.18*** 0.14***

(0.02) (0.05)
bM 0.20*** 0.07

(0.02) (0.04)
Elasticities

bE 0.1221*** 0.18***
(0.02) (0.06)

bM 0.13*** 0.08
(0.02) (0.05)

N 3970 610

Note: *p < 0.10, ** p < 0.05, *** p < 0.01. Parameter estimates of equation (3) are
reported. The dependent variable is a binary indicator equal to one if the student com-
pleted a four-year college degree or more, and zero otherwise. Standard errors are com-
puted by constructing the Hessian of the likelihood function using outer product measure.
To compute the outer product measure, we calculate two-sided numerical derivatives of
the likelihood function for each estimated parameter. In each direction, the derivative is
calculated by perturbing each parameter and then computing the likelihood. Standard
errors for the average partial effects (APE) and elasticities are calculated using the delta
method.
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Table 8: Teacher Expectation Production Function Estimates

Whites Blacks
ELA Math ELA Math
(1) (2) (3) (4)

c 0.58*** 0.56*** 0.47** 0.53***
(0.03) (0.03) (0.19) (0.19)

cD -0.09 0.23 -0.26 -0.53***
(0.13) (0.15) (0.21) (0.2)

φ 1.47*** 1.68*** 0.94*** 1.38**
(0.18) (0.2) (0.32) (0.55)

φD -0.45 0.00 -0.21 -0.52
(0.45) (0.39) (0.32) (0.51)

β 0.55*** 0.5*** 0.44** 0.14
(0.04) (0.04) (0.18) (0.21)

βD 0.23 0.16 0.05 0.31
(0.19) (0.14) (0.2) (0.23)

APE
D -0.03 0.06 -0.10* -0.27***

(0.04) (0.04) (0.06) (0.07)
N 3970 610

Note: *p < 0.10, ** p < 0.05, *** p < 0.01. Parameter estimates of equation (5) are
reported. Standard errors are computed by constructing the Hessian of the likelihood
function using outer product measure. To compute the outer product measure, we cal-
culate two-sided numerical derivatives of the likelihood function for each estimated pa-
rameter. In each direction, the derivative is calculated by perturbing each parameter and
then computing the likelihood. Standard errors for the average partial effects (APE) are
calculated using the delta method.
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Figure 1: Educational Attainment, by Subgroup. Histogram of percentage of
subsample of students who fall in the given educational attainment category is plotted.
HS is high school. Graduate degree includes masters, Ph.D., or professional degrees
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(a)

(b)

Figure 2: Teacher expectations and student outcomes. Panel 2(a) shows the
percentage of students who complete a four year college degree by ELA teacher expecta-
tions. Panel 2(b) plots respective percentages by math teacher expectations.

50



0
.5

1
P

ro
ba

bi
lit

y

30 40 50 60 70
Math Score

ELA Teacher Math Teacher

Prob. Teacher Expects College or Above, by Math Score

(a)

0
.5

1
P

ro
ba

bi
lit

y

30 40 50 60 70
ELA Score

ELA Teacher Math Teacher

Prob. Teacher Expects College or Above, by ELA Score

(b)

Figure 3: Math and ELA scores and teacher expectations. Binned scatterplots,
along with the lines of best fit for ELA (dashed lines) and math teacher expectations (solid
lines), by math and ELA score, respectively.
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(a)

(b)

Figure 4: Distribution of bias by student race.. PDFs of teacher bias are plotted.
Vertical lines represent mean bias. Panel 4(a) shows distribution of bias for white and black
students with same and other race ELA teacher. Panel 4(b) shows respective distributions
of math teacher bias. Bias is defined in equation (6).
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(a) (b)

(c) (d)

Figure 5: CDFs of college completion probability for students of white
teachers. Black and white denote student race. θ is the latent factor that measures
the objective probability of completing college (net of GPA and bias), G is 9th-grade
GPA, Tj is the the expectation of the subject-j teacher, and Y is a binary indicator
for college completion. Panel 5(a) plots the actual CDFs of Pr(Y = 1) for black and
white students who have white teachers. Panel 5(b) plots the distribution under the
counterfactual in which black students have the same θ and G as white students. Panel
5(c) plots the distribution under the counterfactual in which black students face the same
teacher-expectation production function and the same θ and G as white students. Panel
5(d) combines the three previous plots. The largest difference between the two CDFs
occurs at Pr(Y = 1) = 0.50, with the magnitude of difference being 0.05.
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(a) (b)

(c) (d)

Figure 6: Teacher expectations for black students. θ is the latent factor that
measures the objective probability of completing college (net of GPA and bias) and Tj
is the expectation of the subject-j teacher. Panel 6(a) shows how teacher expectations
change when black students face the same expectation production function from white
ELA teachers as white students. Panel 6(b) shows how the expectations change in the
counterfactual scenario for math teachers. Panels 6(c) and 6(d), respectively, compare
white and black ELA and math teachers’ expectation for black students with given θ.
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Figure 7: Equivalent policy line. Level of de-biasing and hiring policies needed to
achieve the same college completion rates for blacks is plotted.
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(a) (b)

(c) (d)

Figure 8: College completion rate isoquants. Isoquants with de-biasing and
hiring more black teachers as two inputs and black students’ college completion rates as
outputs. Proportion of debiased teachers are calculated as the number of de-biased white
teachers over the number of white teachers of black students when the proportion of black
teachers is equal to 0. Panel 8(a) shows isoquants for black students in the first quartile in
terms of θ . Panel 8(b) isoquants for individuals in the second quartile, and panel 8(c) and
8(d) respectively show the isoquants for individuals in third and fourth quartiles. Kinks
occur when all white teachers of black students are debiased.
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Appendix A Identification Using Parameter Restrictions

In the main text, we claim that we can identify the impact of bias using data on two teachers’

expectations and student outcomes as long as we are willing to make strong functional form

assumptions and if we restrict parameters. One of the key reasons we instead opt for using

additional data is that it allows us to relax continuity of outcomes. Moreover, we can

avoid parameter restrictions. Still, we think it is worth demonstrating that even if we limit

ourselves to teacher expectations and student outcomes, we can still achieve identification

of the magnitude of bias, its various sources and its impact on outcomes. Moreover, we are

able to demonstrate the our results are similar, which suggests that our main results are not

driven by the test score data we use to identify additional model parameters.

In what follows, we omit the subscript i. Y is a continuous outcome. Tj are teacher

expectations for teacher j ∈ {E,M} about the outcome Y . We have suppressed student

indices. bj are biases about the student for teacher j and will be explained below. We allow

teachers to have mean expectations that deviate from each other and also from the true

mean, denoted c. Teacher means are denoted cj. This captures how, on average, teachers

can be wrong. Teachers can make a student specific error, which is denoted ej. We also

allow teachers be wrong about how θ maps to outcomes, which is captured by φ.

Y = c+ θ + [bE + bM ]γ + eY

TE = cE + φθ + eE

TM = cM + φθ + eM

(13)

Notice, we have made parameter restrictions on the model in the main text. In particular,

φ1 = φ2 ≡ φ and γ1 = γ2 ≡ γ. We also assume that the disturbances e and θ are all normally

distributed and independent of one another with mean zero:

θ ∼ N(0, σ2
θ)

ey ∼ N(0, σ2
Y )

eE ∼ N(0, σ2
E)

eM ∼ N(0, σ2
M)

(14)

Rewrite the production of expectations to be:

TE = c+ θ + (cE − c) + (φ− 1)θ + eE

TM = c+ θ + (cM − c) + (φ− 1)θ + eM
(15)

Notice teacher expectations are the correct expectations plus a systematic component cj− c,
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a component that depends on the objective probability θ and an idiosyncratic component.

Bias is defined as follows:

TE − c− θ ≡ bE = (cE − c) + (φ− 1)θ + eE

TM − c− θ ≡ bM = (cM − c) + (φ− 1)θ + eM
(16)

Given the above, we re-write the outcome equation as follows:

Y = c+ (cE + cM − 2c)γ

+ θ(1 + 2γ(φ− 1))

+ eEγ + eMγ

+ eY

(17)

Rewrite again as:

Y = c̄+ θψ + eEγ + eMγ + eY

TE = cE + φθ + eE

TM = cM + φθ + eM

c̄ = c+ (cE + cM − 2c)γ

ψ = 1 + 2γ(φ− 1)

(18)

Demean, so that Y − c̄ = Ỹ , TE − cE = T̃E and TM − cM = T̃M . Next, independence implies

the following:

Cov(T̃E, T̃M) = φ2Var(θ)

Cov(Ỹ , T̃E) = ψφVar(θ) + γVar(eE)

Cov(Ỹ , T̃M) = ψφVar(θ) + γVar(eM)

Var(T̃E) = φ2Var(θ) + Var(eE)

Var(T̃M) = φ2Var(θ) + Var(eM)

(19)

Notice
Var(eE) = Var(T̃E)− Cov(T̃E, T̃M)

Var(eM) = Var(T̃M)− Cov(T̃M , T̃M)

Cov(Ỹ , T̃E)− Cov(Ỹ , T̃M) = γ[Var(eE)− Var(eM)]

(20)

Therefore

γ =
Cov(Ỹ , T̃E)− Cov(Ỹ , T̃M)

Var(T̃E)− Var(T̃M)
(21)
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Since we have γ, we can identify φ and ψ as follows:

φ[Cov(Ỹ , T̃E)− γVar(eE)] = ψCov(T̃E, T̃M) = ψφ2Var(θ)

=⇒ φ
ψ

= Cov(T̃E ,T̃M )

[Cov(Ỹ ,T̃E)−γVar(eE)]

= Cov(T̃E ,T̃M )

[Cov(Ỹ ,T̃E)−γ(Var(T̃E)−Cov(T̃E ,T̃M ))]

≡ Λ

(22)

We also have that

ψ = 1 + 2γ(φ− 1) (23)

Together, we get that:

ψ =
1− 2γ

1− 2γΛ
(24)

When we get results, it will sometimes be interesting to decompose the different effects of

bias. To make this clear, re-write the outcome equation as follows:

Y = c+ θ : Explains Y

+ (cE + cM − 2c)γ : Systematic Bias

+ θ2(φ− 1)γ : Bias as a Function of θ

+ (eE + eM)γ : Idiosyncratic Bias

+ ey : Disturbance

TE = cE + φθ + eE

TM = cM + φθ + eM

(25)

Estimating this model purely on expectations and outcomes data yields γ̂ = 0.2620. This

estimate is reassuring as it is fairly similar to parameters we estimate in the main analysis.

In other words, the additional data we use to relax continuity and to identify additional

model parameters do not appear to drive our main results.
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Appendix B Alternative Definition of Bias

There are different ways to define bias in our setup. In a linear model, we can think of bias

in at least two different ways:

1. bi = Ti − θ, Ti ∈ {E,M}

2. bi = θ̃i − θ, θ̃i = E(Ti)

In the non-linear case, we can consider two possible ways to define bias that are similar to

the second option:

bi = Φ(ci + φθ + βiGPA)− Φ(cy + θ + βyGPA)

bi = Φ(ci + φθ + βiGPA+ ei)− Φ(cy + θ + βyGPA)

The paper focuses on the first definition of bias. The problem with the alternative definition

is that the two teacher expectations, on average, are close to each other, even after introduc-

ing nonlinearity by using a probit specification. Therefore, we run into a multicollinearity

problem. Here, we define bias as bi = E(Y |bi = 0, GPA)−E(Ti) and estimate the model out-

lined in the main text where the outcome equation is defined as Y ∗ = θ+ γ(bE + bM)/2 + ey.

The parameter estimates are in Table S6, S7, and S8 for all sample, whites, and blacks,

respectively. The results are qualitatively similar to main results.
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Appendix Tables and Figures

Appendix Table S1: Effect of Expectation on Education, LPM

All Students White Black
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Expect College, English 0.42∗∗∗ 0.27∗∗∗ 0.27∗∗∗ 0.23∗∗∗ 0.16∗∗∗ 0.14∗∗∗ 0.13∗∗∗ 0.18∗

(0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.08)
Expect College, Math 0.42∗∗∗ 0.28∗∗∗ 0.28∗∗∗ 0.23∗∗∗ 0.17∗∗∗ 0.13∗∗∗ 0.14∗∗∗ 0.10

(0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.07)
Teacher Controls No No No Yes Yes Yes Yes Yes Yes
Student SES No No No No Yes Yes Yes Yes Yes
9th Grade GPA No No No No No Yes Yes Yes Yes
School FE No No No No No No Yes Yes Yes
Observations 5320 5320 5320 5320 5320 5320 5320 3460 550
R2 0.18 0.18 0.24 0.24 0.28 0.30 0.40 0.45 0.65
Adj R2 0.18 0.18 0.24 0.24 0.27 0.30 0.31 0.33 0.26

Notes: This table reports OLS estimates of equation (1) for the restricted sample of
students who did complete high school but did not earn a graduate degree. Otherwise, all
specifications are identical to those estimated in Table 3.
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Appendix Table S2: Probit Estimates of Effect of Expectations on Educational Attain-
ment

All Students White Black
(1) (2) (3) (4) (5) (6) (7) (8) (9)

ELA Teacher Coefficient 1.39∗∗∗ 0.97∗∗∗ 0.97∗∗∗ 0.84∗∗∗ 0.59∗∗∗ 0.57∗∗∗ 0.52∗∗∗ 1.97∗∗∗

(0.04) (0.048) (0.048) (0.050) (0.052) (0.067) (0.09) (0.58)
Math Teacher Coefficient 1.39∗∗∗ 0.97∗∗∗ 0.97∗∗∗ 0.85∗∗∗ 0.60∗∗∗ 0.51∗∗∗ 0.56∗∗∗ 1.18∗∗

(0.04) (0.05) (0.05) (0.05) (0.05) (0.06) (0.09) (0.49)
ELA Teacher APE 0.55∗∗∗ 0.38∗∗∗ 0.38∗∗∗ 0.33∗∗∗ 0.23∗∗∗ 0.22∗∗∗ 0.12∗∗∗ 0.33∗∗∗

(0.04) (0.05) (0.05) (0.05) (0.05) (0.07) (0.02) (0.11)
Math Teacher APE 0.54∗∗∗ 0.38∗∗∗ 0.38∗∗∗ 0.33∗∗∗ 0.23∗∗∗ 0.20∗∗∗ 0.13∗∗∗ 0.20∗∗

(0.04) (0.05) (0.05) (0.05) (0.05) (0.06) (0.02) (0.09)
Teacher Controls No No No Yes Yes Yes Yes Yes Yes
Student SES No No No No Yes Yes Yes Yes Yes
9th Grade GPA No No No No No Yes Yes Yes Yes
School FE No No No No No No Yes Yes Yes
Pseudo R2 0.17 0.17 0.23 0.23 0.28 0.31 0.37 0.39 0.53
Observations 6060 6060 6060 6060 6060 6060 5660 3550 300

This table reports probit coefficient estimates, and corresponding average partial effects
(APE), of the “expects college” indicators in equation (1). The dependent variable is
a binary indicator equal to one if the student completed a four-year college degree (or
more), and zero otherwise. The sample in column (7) is slightly smaller because schools
with too few students are removed from the school fixed-effects specification. Otherwise,
all specifications are identical to those estimated in Table 3.
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Appendix Table S3: Summary Statistics - Instruments

(1) (2) (3)
All Sample Whites Blacks
mean N mean N mean N

Passive (English) 0.12 5960 0.10 3900 0.16 600
Passive (Math) 0.11 5980 0.10 3930 0.14 600
Rarely attentive (English) 0.04 5940 0.03 3890 0.07 580
Rarely attentive (Math) 0.04 5980 0.03 3930 0.07 590
Sometimes attentive (English) 0.17 5940 0.16 3890 0.23 580
Sometimes attentive (Math) 0.16 5980 0.15 3930 0.22 590
Mostly attentive (English) 0.46 5940 0.47 3890 0.44 580
Mostly attentive (Math) 0.45 5980 0.46 3930 0.48 590
Strongly agree reading is fun 0.16 4850 0.17 3270 0.17 420
Agree reading is fun 0.35 4850 0.33 3270 0.41 420
Disagree reading is fun 0.35 4850 0.36 3270 0.31 420
Strongly agree math is fun 0.08 4800 0.07 3240 0.11 410
Agree math is fun 0.27 4800 0.25 3240 0.32 410
Disagree math is fun 0.47 4800 0.49 3240 0.39 410

Appendix Table S4: Summary Statistics - Identification

Variable Mean
Ever bullied 0.1978
Ever bullied missing 0.0406
Got in Fight 0.1008
Got in Fight missing 0.0416
Participated in science fair 0.1465
Participated in science fair missing 0.0440
S finds class interesting 0.5664
S finds class interesting missing 0.0427
P thinks S has disability 0.0881
P thinks S has disability missing 0.0605
N 6060

Summary tables for variables used to check the exogeneity of teacher bias in Section 3.2.
S is student and P is parent.
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Appendix Table S5: Parameter Estimates - Additional Measures

Whites Blacks
cG 0.15*** -0.63***

(0.02) (0.04)
cSE

0.19*** -0.63***
(0.02) (0.04)

cSM
0.17*** -0.75***

(0.01) (0.04)
φG 1.22*** 0.67***

(0.13) (0.12)
φSE

1.53*** 0.96***
(0.16) (0.17)

φSM
1.53*** 1.01***

(0.16) (0.18)
σG 0.77*** 0.83***

(0.01) (0.03)
σSM

0.47*** 0.46***
(0.01) (0.03)

σSR
0.54*** 0.52***

(0.01) (0.02)
N 3970 610

Appendix Table S6: All

Variable Coefficient Std. Error

γ 0.33 0.11
c -0.39 0.08
by 0.42 0.04
σθ 0.64 0.04
cE 0.52 0.02
cM 0.50 0.02
φG 1.04 0.07
φE 1.15 0.10
φM 1.30 0.10
bE 0.53 0.03
bM 0.49 0.03
cG 0.02 0.01
cSM -0.00 0.01
cSR -0.00 0.01
φSM 1.37 0.09
φSR 1.30 0.08
σG 0.80 0.01
σSM 0.49 0.01
σSR 0.56 0.01

Parameter estimates of alternative bias definition model in subsection Appendix B for the
sample. N = 6060.
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Appendix Table S7: Whites

Variable Coefficient Std. Error

γ 0.38 0.13
c -0.31 0.09
by 0.44 0.05
σθ 0.61 0.05
cE 0.59 0.03
cM 0.59 0.03
φE 1.35 0.15
φM 1.56 0.16
bE 0.53 0.04
bM 0.48 0.04
cG 0.15 0.02
cSM 0.17 0.01
cSR 0.19 0.02
φG 1.03 0.09
φSM 1.27 0.11
φSR 1.27 0.11
σG 0.77 0.01
σSM 0.48 0.01
σSR 0.55 0.01

Parameter estimates of alternative bias definition model in subsection Appendix B for
white subsample. N = 3970.
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Appendix Table S8: Blacks

Variable Coefficient Std. Error

γ 0.47 0.54
c -0.91 0.48
by 0.24 0.17
σθ 0.84 0.16
cE 0.25 0.08
cM 0.06 0.08
φE 0.74 0.19
φM 0.85 0.21
bE 0.45 0.07
bM 0.38 0.08
cG -0.63 0.04
cSM -0.75 0.04
cSR -0.63 0.04
φG 0.64 0.13
φSR 0.91 0.17
φSM 0.96 0.18
σG 0.83 0.03
σSM 0.47 0.03
σSR 0.52 0.02

Parameter estimates of alternative bias definition model in subsection Appendix B for
black sample. N = 670.
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(a) (b)

(c) (d)

Appendix Figure S1: Distribution of bias. Panel 1(a) shows contour plot of black
math teachers’ bias of black students. Panel 1(b) shows the distribution non-black math
teacher bias of black students. Panel 1(c) and 1(d) show contour plots of white and
non-white teachers’ bias, respectively, of white students.
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(a) (b)

(c) (d)

Appendix Figure S2: Teacher Expectations, White students. Panel 2(a) shows
how teacher expectations change when white students face the same expectation pro-
duction function from black ELA teachers as black students. Panel 2(b) shows how the
expectations change in the counter factual scenario for black math teachers.Panels 2(c)
and 2(d), respectively, compare white and black ELA and math teachers’ expectation for
white students with given θ.
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