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ABSTRACT: Despite widely-held views that teacher expectations matter for student out-
comes, it is difficult to credibly identify a causal relationship. The reason is that teacher
expectations may simply reflect accurate forecasts about student potential. If so, estimates
relating teacher expectations to observed student outcomes suffer from omitted variables
bias. We develop an empirical model to assess how teacher expectations affect student
outcomes. We estimate the model using a large, nationally representative data set follow-
ing tenth graders in the U.S. (the ELS-2002). The data set includes teacher expectations
collected when students were in the 10th grade (in 2002) and also measures educational
attainment of the same students 10 years later. The model we estimate leverages a unique
feature of the data set: two teachers evaluate each student, which means we can treat fore-
cast errors that lead teachers to disagree as measurement errors of an underlying factor. We
use this insight to disentangle how teacher expectations both reflect objective probabilities of
college completion for 10th graders and may also drive educational attainment. We estimate
the model separately for black and white 10th grade students. Model estimates suggest a
positive impact of 10th grade teacher expectations on the likelihood of college completion.
We also show that existing disparities between blacks and white student college completion
probabilities are exacerbated by differences in how teachers form biases for different race
groups.
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1 Introduction

At least since Becker| (1964)) cast schooling as an investment in human capital, economists
have been concerned with understanding what factors drive variation in education decisions.
One goal of this research has been to understand socio-demographic gaps in educational at-
tainment, which are especially concerning if they reflect sub-optimal investments in human
capital by under-represented or traditionally disadvantaged groups. Teacher expectations
constitute one potentially important, but relatively understudied, source of educational at-
tainment gaps. Despite widely-held views that teacher expectations matter, however, it is
difficult to credibly identify their causal effects on student outcomes. 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.

In this paper, we study how teacher expectations affect students’ educational outcomes.
In particular, we aim to assess whether biases in teacher expectations can help to explain
socio-demographic gaps in educational attainment. One potential mechanism is informa-
tion transmission. Given that information acquisition is costly, students rely on teachers
as important sources of information about their education. If the information they receive
from teachers is biased, students may incorporate these biases and make sub-optimal invest-
ment decisions. This effect may be particularly pronounced for traditionally disadvantaged
students, who likely have limited access to alternative sources of information about their
educational potential and the returns to educational investments. Another potential mech-
anism linking teacher expectations to student outcomes is that teachers, based on their
expectations, could modify how they teach, evaluate, and advise their students, again influ-
encing students’ educational investment decisions. Notice, in both of these scenarios, biased
expectations can create a feedback loop that functions like a self-fulfilling prophecy that
perpetuates educational attainment gaps[] Differences if how biases arise or affect outcomes
are especially concerning if they differ by group, e.g., blacks versus whites, which could

exacerbate existing disparities that already exist in the 10th grade.

Our first contribution is to establish several stylized facts about reported teacher expec-
tations as they relate to student outcomes using data from a large, nationally representative,
longitudinal study of U.S. students who were in the 10th grade in the year 2002. The data
set is known as the Education Longitudinal Study of 2002 (ELS-2002). First, we show that

LA related literature in education studies stereotype threat. The idea is that low expectations either
cause emotional responses that directly harm performance or cause students to disidentify with educational
environments (Steele, [1997)).



teacher expectations predict student educational attainment 10 years after the expectations
data were collected. This predictive power remains even after we control for a host of vari-
ables describing achievement along with student and teacher demographics. We also find
that teacher expectations are higher for students who perform better on traditional measures
of academic achievement and who come from higher income backgrounds. Moreover, though
teacher expectations are informative, there are some systematic discrepancies or “forecast er-
rors” in teachers’ expectations. For example, we find that teachers tend to be too optimistic
on average, but that over-optimism declines with teacher experience. Finally, we leverage a
unique feature of the ELS-2002 data to assess disagreements between teachers over students.
This is possible because two teachers report expectations for each student in the ELS-2002.
Teachers frequently agree in their expectations for a particular student, but there is also a
healthy amount of disagreement. Conceptually, if two teachers disagree when evaluating the
same student, at least one of them is necessarily wrong. Observed disagreement is therefore

useful in identifying cases where teacher expectations may be biased.

Armed with this set of empirical facts, we develop an econometric model that can identify
the causal impact of teacher biases. The econometric model is designed to explicitly address
the endogeneity of teacher expectations arising from omitted variables that jointly influence
teacher expectations and student outcomes. It is not surprising that low teacher expectations
are correlated with low academic achievement. It is perhaps more surprising that this rela-
tionship persists even after we condition on several measures of academic achievement and
household socioeconomic status. However, teachers form expectations about their students
based on far more information than is collected in the ELS-2002 data. Therefore, even if we
control for various measures capturing performance in school, aptitude and other determi-
nants of educational attainment, such as family income, it remains difficult to argue that we

have purged the model entirely of omitted variables correlated with teacher expectations.

To address omitted variables bias, the econometric approach we develop relies on a unique
feature of the ELS-2002 data set. Two teachers report how far they expect students to
go in school. Intuitively, our identification strategy exploits instances where two teachers
report different expectations for the same student. Using lessons from the measurement
error literature, such disagreements allow us to treat teacher expectations as consisting
of two components. The first is an unbiased expectation of student outcomes given the
information sets common to both teachers (including information that is not observed by the
econometrician and that induces omitted variables bias). The second component is treated
as measurement or forecast error. For example, a teacher might have an especially positive
or negative interaction with a student just prior to reporting their forecast. This type of

forecast error mimics exogenous shifts in teacher expectations. Therefore, we identify the



impact of expectations by studying how forecast errors affect student outcomes. We estimate
the model separately for black and white students. This way, we can assess whether there
are differences by student race in how teachers form bias or how these biases affect student

outcomes.

Model estimates show that the objective probability of college completion is already
different for black versus white students once they reach the 10th grade. This likely reflects
differences in early-childhood inputs, such as school quality. Next, we show show that teacher
expectations matter across groups, in that they have a positive impact on the probability of
college completion. However, biases differ in important ways across groups. In particular,
teachers biases are relatively worse for black students even after we account for existing
disparities in the 10th grade. In other words, the production function of teacher biases
differs by student race in a way that puts black students at a disadvantage. Finally, we
show that biases affect race groups differently, again in a way that favors white students.
Altogether, this means that black students would do better if they faced the same bias as
whites. This implies that existing disparities in the likelihood of college completion are
exacerbated by teacher expectations. A resulting policy conclusion is that de-biasing efforts
or information interventions aimed at the teaching force could be helpful in closing socio-

demographic achievement gaps.

The current study contributes to several literatures. One line of inquiry studies gaps
in educational outcomes. Socio-demographic gaps in educational attainment are well docu-
mented (Bailey and Dynarski, 2011; Bound and Turner} 2011)). Closing such gaps has been a
longstanding goal of education policy. A primary reason for this focus is that education in-
creases earnings (Blundell, Dearden, and Sianesi, [2005; (Card, (1999)). Further, education has
a direct, causal effect on a number of important social and behavioral outcomes such as civic
engagement (Dee, [2004; Milligan, Moretti, and Oreopoulos, 2004)), health (Grossman, 2006}
Silles|, [2009), and crime (Lochner and Moretti, 2004; Machin, Marie, and Vujié, [2011). Much
literature has attempted to understand the sources of socio-demographic education gaps.
Differences in students’ beliefs and expectations about school are one potentially important,
but relatively understudied, source of educational attainment gaps (Hoxby and Turner} 2013}
Morgan et al. 2013). For example, Fortin, Oreopoulos, and Phipps (2015)) find that gender
differences in students’ expectations about their educational attainment are among the lead-
ing sources of gender gaps in secondary students’ academic performance. Moreover, these
effects may be important. [Lavy and Sand| (2015)) show that grading biases in earlier grades

can have long lasting impacts on academic achievement and course taking in high school.

We also contribute to a large literature in both economics and education that shows

that teachers are the most important school-provided educational input. It has been es-



tablished that teachers have strong effects on both academic achievement and long-run so-
cioeconomic outcomes (e.g., |Chetty, Friedman, and Rockoff] (2013)); Harris (2011); [Jackson
(2012); [Hanushek and Rivkin| (2010)). However, the mechanisms through which teachers
affect long-run outcomes are poorly understood. Providing (mis)information to students via
biased expectations may be one mechanism through which documented teacher effects on

long-run student outcomes operate.

Our research also connects to literature on biases in beliefs and costly information ac-
quisition. If information acquisition is costly, students may form expectations based on
information sources that are readily available, e.g., teachers. This can lead to sub-optimal
investments if the information students receive from teachers is biased. In a different con-
text, DellaVigna and Kaplan (2007) argue that biased media sources can influence voting
patterns of individuals to whom they are made available, presumably by modifying viewers’
expectations about candidate quality. Moreover, data on teacher expectations seem to sup-
port the idea that teacher biases could affect students. Several studies report that teachers’
expectations strongly predict student outcomes such as educational attainment, though it
is currently unknown whether this is a causal relationship, as expectations may accurately
measure unobservable (to the analyst) student ability (Gregory and Huang, 2013 Boser,
Wilhelm, and Hannal 2014). One exception is a famous experiment in which researchers
manipulated teachers’ beliefs of student ability by providing false information regarding stu-
dents’ performance on a nonexistent test and found significantly greater school-year gains
among the students who were falsely identified to teachers as having exceptionally high test

scores (i.e., growth spurters) (Rosenthal and Jacobson| [1968) |

Even if teacher biases causally affect student outcomes, it is also not clear if teacher ex-
pectations are systematically biased. There is strong evidence that observable characteristics
affect how teachers perceive and evaluate students, which suggests that systematic biases are
possible. For example, teachers have significantly lower expectations for the educational at-
tainment of socioeconomically disadvantaged and racial minority students (Boser, Wilhelm,
and Hanna) 2014)). One explanation is that teachers resort to using rules-of-thumb to form
expectations for low-SES and racial and ethnic minority students, who are more likely to
attend disadvantaged and unsafe schools. This may be more common if such students’ teach-
ers are under greater levels of stress, and thus have less available mental bandwidth, than
their counterparts in more advantaged schools and neighborhoods (Mullainathan and Shafir,
2013). Related, Riegle-Crumb and Humphries| (2012) provides evidence that math teachers

2Indeed, teachers themselves believe that their expectations can affect student outcomes (Markow and
Pieters|, 2010) and some observers have speculated that the success of Catholic schools in educating socioe-
conomically disadvantaged students in urban settings is due to Catholic schools’ culture of maintaining high
expectations for all students (Bempechat [1998)).



systematically under-estimate female students’ mathematical aptitude. Finally, there is also
robust evidence of gender, racial, and ethnic biases in how teachers grade exams in a variety
of educational contexts (Burgess and Greaves, 2013; Cornwell, Mustard, and Van Parys|,
2013; Hanna and Linden, [2012; [Lavy, QOOS)H

The aforementioned evidence indicates that teachers have different expectations for dif-
ferent groups of students. However, there is no evidence of a bias as different groups may
have different objective likelihoods of reaching a given level of educational attainment. Direct
evidence of bias is found in |Gershenson, Holt, and Papageorge (2015), who use the ELS-2002
data to show that teacher expectations are in part driven by their race and gender relative
to that of their students. For example, in cases where black students have a black and a
white teacher, the white teacher is about 30 percent more likely than the black teacher to
expect that the student will not finish high school and about 30 percent less likely than the
black teacher to expect that the student will complete a 4-year college degree. This result
is important to the current study because either black teachers over-estimate black student
potential or white teachers under-estimate it (or some combination of the two). In other
words, |Gershenson, Holt, and Papageorge (2015) provide evidence of systematic biases in
teachers’ expectations for at least a subset of students. However, the degree to which these
sorts of biases in teachers’ expectations affect student outcomes remains an open question

that we address in the current study.

Should we find that stigmatization affects student outcomes, policies such as informa-
tion interventions aimed at correcting biases could be helpful. Evidence that this is possible
is mounting. For example, Wiswall and Zafar| (2015) show that biases in college students’
expectations can be corrected by interventions that provide accurate information. These
interventions are premised on the idea that expectations are malleable. Information inter-
ventions could be designed to provide personalized information and assistance regarding the
college application and admissions process to qualified secondary students from disadvan-
taged backgrounds via mailers (Hoxby and Turner, 2013)), text messages (Castleman and

Pagel 2014), and counseling sessions (Avery|, 2010; Stephan and Rosenbaum) 2013)).

The remainder of this paper is organized as follows. Section [2| describes the data set used
in this project. Section [3| presents key empirical relationships between teacher expectations
and student outcomes. Section [4] describes the measurement error model we use to identify
causal effects of teacher biases on educational attainment. Section [5| reports results of policy

simulations. Section [6] concludes.

3Related, in a seminal paper, [Dee| (2005)) leverages multiple teacher reports for a given student to show
that race and gender differences between teachers and students can affect teachers’ perceptions of students’
behaviors.



2 Data

The current study utilizes data from the 2002 Education Longitudinal Study (ELS 2002),
which are nationally representative of the cohort of U.S. students who entered 10th grade
in 2002. The ELS data are collected, maintained, and made available to researchers by the
National Center for Education Statistics[ These data are well suited for the current study
for several reasons. First, and most importantly, the ELS is the only nationally represen-
tative survey of which we are aware that contains multiple subjective reports of teachers’
expectations for each student’s educational attainment. Second, the ELS data contain rich
information on students’ socio-demographic backgrounds and their secondary and postsec-
ondary schooling outcomes (including educational attainment through 2012, or within 8 years
of an “on time” high school graduation). Third, the ELS sampled students within schools
and includes school identifiers that facilitate within-school (school fixed effects) analyses. Fi-
nally, a handful of observed teacher characteristics are included, such as teaching experience,

demographic background, and credentials.

We use five sets of variables: (I) teachers’ subjective expectations for students’ ultimate
educational attainment, (II) observed (actual) student educational attainment, (IIT) observed
teacher characteristics, (IV) observed student characteristics, and (V) student performance in
school, including course grades, course taking in both secondary and post-secondary school,
and performance on math and reading standardized tests in 10th grade that were adminis-
tered by the ELS. Variable sets (I) and (II) form the basis for measurement, as they relate
teachers’ potentially biased expectations for students’ educational attainment to students’
realized educational attainment. The variables in (III) and (IV) are potential moderators
and mediators of this relationship. Finally, the variables in (V) will be used to assess the bias
in teachers’ expectations, based on students’ academic performance. The last two exercises

are formally described in Section 4.

The analytic sample is restricted to the 6,060 students for whom all variables in (I)-(V)
are observed. Because there are two teacher expectations per student, the analytic sample
contains 12,130 teachersE] 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

student race and sex.

The outcome of interest, educational attainment, is coded as a categorical variable in
the ELS. Translating this to years of schooling, we see that the overall average is almost

15 years of schooling, indicating that the average student completed at least some college

4See https://nces.ed.gov/surveys/els2002.
5All sample sizes are rounded to nearest 10 in accordance with NCES regulations for restricted data.
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but did not earn a four-year degree. The “years of schooling” measure is a useful summary
measure that facilitates the specification and estimation of linear models, yet it precludes
more nuanced analyses of the distribution of educational attainment. Thus Table [1| also
summarizes the percentage of students who fail to complete high school and who earn a
four-year college degree (or more). Indeed, columns (2) and (3) show that while the mean
racial difference in years of schooling of less than one year are modest in size, racial differences
in credential obtainment are pronounced: blacks are twice as likely to fail to earn a high
school diploma as whites while whites are almost twice as likely to earn a four-year college
degree as blacks. Similarly, columns (4) and (5) reveal the well documented fact that women

are now significantly more likely to complete a four-year college degree than are men.

Teachers’” expectations are summarized in the next section of Table [I]and a histogram is
presented in Figure[I] Expectations for black students are significantly lower than for white
students, and similarly for male students relative to females. These patterns are consistent
with the patterns in actual educational attainment described above. Note that there are
two sets of expectations per student: one from a math teacher and one from an English
teacher. Two aspects of the average expectations merit notice. First, on average, teachers are
optimistic about students’ educational attainment. For example, overall, about two-thirds
of teachers expected their students to complete at least a four-year college degree, while
only 45 percent of students did so. A similar amount of over-optimism about the likelihood
of completing college exists for each demographic subgroup. Interestingly, however, black
students’ teachers seem to be overly pessimistic about their likelihood of completing high
school, at least for those students on the margin. We provide a more nuanced analysis of
such discrepancies between teachers’ expectations and students’ educational attainment in
Section Second, while math and reading teachers’ expectations are similar on average,
English teachers’ expectations tend to be slightly higher, particularly among black students.
A more nuanced comparison of math and English teachers’ expectations, including analyses
of the frequency and extent to which teachers have divergent expectations for the same

student, is provided in Section (3.3

The final two panels of Table [1| report students’ average academic and socioeconomic
characteristics, both overall and separately by race and sex. A comparison of columns (2)
and (3) shows that white students have significantly higher test scores, GPAs, and house-
hold incomes than black students, as well as better educated mothers, all of which is consis-
tent with longstanding racial disparities in academic performance and socioeconomic status
(Fryer Jr, [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 to teach in majority non-white



schools (Hanushek, Kain, and Rivkin, 2004; Jackson), 2009). Nonetheless, the majority of
students, white and black, have white teachers. This is troubling in the context of the cur-
rent study, as |Gershenson, Holt, and Papageorge (2015 show that student-teacher racial
mismatch has significant, arguably causal effects on teachers’ educational expectations for
students. Columns (4) and (5) of Table [I| 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 (Jacobl 2002). Unsurprisingly, there are no significant

differences in SES by sex.

Table [2 similarly summarizes the teachers represented in the analytic sample. Overall, 11
percent 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 percent of teachers
have 3 or fewer years of teaching experience. Math teachers are a bit 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.

3 Empirical Patterns

We now establish several patterns in the relationship between teacher expectations and stu-
dent outcomes. First, we show that teacher expectations are informative. Specifically, even
after conditioning on a rich set of observed student, household, and school characteristics
that likely jointly influence both teacher expectations and student outcomes, teacher ex-
pectations significantly predict students’ ultimate educational attainment. Second, we show
that teacher expectations are frequently incorrect. That is, teachers frequently over- or
under-estimate the students’ educational attainment and that, on average, teacher expecta-
tions exceed actual outcomes. Third, we show that this optimism is somewhat attenuated
by teachers’ experience and other observed characteristics, especially with regard to female
(students or teachers). Fourth, consistent with Gershenson, Holt, and Papageorge (2015)), we
show that teachers frequently disagree in their assessments of the same students, sometimes

in systematic Waysf_;]

6 Additional reduced-form empirical results are found in |[Appendix Al




3.1 Teacher Expectations and Student Outcomes

This section documents the positive, robust, statistically significant association between
teacher expectations and student attainment. Formally, let y; be a measure of student i’s
actual educational attainment by 2012. In practice, y can be either a count measure of years
of completed schooling or a categorical indicator of highest degree obtained, though both
measures produce qualitatively similar results. We are interested, then, in how math (773;)
and English (T3;) teacher expectations relate to y. Regressing y on T is a purely descriptive
exercise, of course, as a multitude of factors affect both 7" and y. Accordingly, we estimate

a series of linear regressions of the form

Yi = T + T + XiB + € (1)

where 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.

Table |3 reports baseline estimates of equation (1) in which y is measured in years of
schooling[] Column (1) of Table [3] presents estimates of the unconditional association be-
tween teachers’ expectations and student attainment. The estimates for math and reading
teachers are nearly identical, strongly statistically significant, and indicate that on average,
an additional year of expected schooling by a teacher is associated with about 0.3 addi-
tional years of actual schooling completed by the student. Column (2) shows that the point
estimates of about 0.3 in the unconditional model are robust to controlling for teachers’ de-
mographic backgrounds and observed credentials such as experience, graduate degree, and

undergraduate field of study.

Column (3) of Table [3| augments the parsimonious model to also control for students’
socio-demographic background, adding indicators of students’ sex, race, household income,
and mothers’ educational attainment to X. Doing so reduces the estimates of v by about 5
percentage points (17 percent) to 0.24 for English and 0.26 for Math, though both remain
strongly statistically significant. Column (4) further enriches the model to condition on
students’ 9th grade GPA and performance on standardized math and reading assessments,
which proxy for students’ non-cognitive and cognitive ability, respectively. Adding these
controls to the model reduces the estimates of v by about 7 percentage points (28 percent) to
0.17 (English) and 0.19 (English), which once again remain strongly statistically significant.

Finally, the model estimated in column (5) further expands X to include a full set of school

"Online Appendix Tables and provide analogs of Table [3| in which y is a binary indicator for
“college degree or more” and “no high school diploma”, respectively.



FE, which control for school climate and neighborhood effects. Again, this results in modest
decreases in the estimates of 7, which remain positive and strongly statistically significant
at about 0.15.

Table 4| reports estimates of the fully specified equation separately by students’ de-
mographic background. The estimates in column (1) of Table , for the population of white
students, are nearly identical to those for the full sample in column (5) of Table 3| This is
unsurprising, as the analytic sample is overwhelmingly white. Columns (2) and (3) of Table
estimate the model separately for black and Hispanic students, respectively. These esti-
mates are less precise, as the standard errors are more than three times as large as those for
the full sample, which is likely due to the significant reduction in sample size. Interestingly,
though, math teachers appear to have a larger association with black students’ outcomes
while reading teachers appear to be more highly predictive of Hispanic students’ outcomes.
This result merits further analysis. Finally, columns (4) and (5) of Table [4] estimate the
full model separately by students’ gender, and find no evidence that teachers’ expectations

differentially affect students’ educational attainment.

That conditioning on measures of cognitive ability, course grades, and school FE reduces
the estimated magnitude of teachers’ educational expectations’ effects on students’ educa-
tional attainment is unsurprising, as teachers’ expectations are undoubtedly informed by
their observations and perceptions of students’ innate ability and determination as well as
students’ home and neighborhood environments outside of the school setting. Thus, the un-
conditional (naive) estimates in column (1) of Table (3| were biased upwards by the omission
of determinants of y that are positively correlated with teachers’ expectations. It is striking,
however, that teachers’ expectations continue to have a fairly large, positive, statistically
significant effect on y even after conditioning on school FE and a wide range of student char-
acteristics. Moreover, as shown in Table [4] these effects persist across demographic groups.
While the estimates of 4 reported in column 5 of Table [3] and in Table [] cannot be given
a causal interpretation, they are suggestive of a causal relationship. We investigate this
relationship further in Section 4, where we present a measurement-error-based strategy for

identifying the impact of teachers’ expectations on student outcomes.

3.2 Are Teachers Systematically Over-Optimistic?

Having provided evidence that teachers’ expectations are strongly associated with student
outcomes, we now turn to the degree to which teachers systematically over- or under-estimate
students’ ultimate educational attainment, as the degree of wrongness has implications for

the measurement model. We document the frequency and degree to which math teachers’

10



expectations are misaligned with actual student outcomes in a series of transition matrixes
in Table [5f] The transition matrixes are organized with student outcomes in columns and

teachers’ expectations in rows.

The first transition matrix in Table [5] is for all students. Recall that in Table [I, we
saw 63 percent of math teachers expected the student to earn at least a four-year degree
while only 45 percent of students did so. These overall averages appear in the “Bachelor’s
or more”-“Total” entries in the bottom right corner of the first transition matrix, which
also provide further information about (i) the attainment of students who were expected
to earn a four-year degree but did not and (ii) the expectations for students who did earn
a four-year degree but were not expected to. The full sample transition matrix shows that
almost 25 percent of students were expected to complete a four-year degree but did not. The
majority of these students attended some college, but a nontrivial 1.5 percent of the sample
did not attend any college. Meanwhile, a little more than 5 percent of students earned a
four-year degree, exceeding their teachers’ expectations in the process. Again, most of the
“error” was due to teachers expecting only some college, but 0.7 percent of math teachers
expected students who ultimately graduated from college to accrue no formal schooling after
high school. Similar bouts of teacher optimism are observed on the high school graduation
margin. For example, of the 1.3 percent of students who failed to complete high school,
85 percent of their teachers expected a high school diploma or more. Similarly, of the
8.7 percent of students who earned only a high school diploma, more than half of their
math teachers expected them to attend at least some college. The remaining panels in
Table |5 reproduce the same transition matrix separately by student race and gender, which
yield qualitatively similar results. Together, the transition matrixes in Table [5| confirm that
teachers’ expectations are frequently incorrect, and when they are, are systematically too
optimistic rather than too pessimistic. Interestingly, this over-optimism is present across all

demographic subgroups.

While the basic pattern of over-optimism appears across several broad demographic
groups, it could be that certain types of students (teachers) are particularly prone to re-
ceiving (providing) incorrect expectations. Accordingly, we estimate a series of descriptive
ordered probit models to identify the predictors of incorrect teacher expectations. The
dependent variables in these models take one of three values: teacher’s expectation was pes-
simistic, teacher’s expectation was accurate, or teacher’s expectation was optimistic. Table

|§| presents the estimated ordered probit coefficients and average partial effects (APE) on

8 Appendix Table reports analogous transition matrixes for English teachers’ expectations, which yield
qualitatively similar results.
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each outcome for the full analytic sample] Four predictors stand out. Teachers’ race and
experience are both significantly related to the mismatch between teachers’ expectations
and actual student outcomes. Regarding the former, nonwhite teachers are significantly less
likely to be pessimistic and almost seven percentage points more likely to be optimistic than
their white counterparts. One potential explanation of this finding is that nonwhite teachers
are more likely to teach nonwhite students, and |Gershenson, Holt, and Papageorge, (2015)
find robust evidence of an effect of student-teacher racial match on teachers’ expectations
for black students. Regarding the latter, the APE in Table [6] suggest that more experienced
teachers are less likely to be optimistic and more likely to be accurate or pessimistic.[:G] This
could be because teachers enter the profession too optimistic, and, after learning on the job,
reduce their expectations towards some “correct” level. On the student side, teachers are
significantly less likely to be optimistic when appraising black students. Again, this result
could be driven by the preponderance of white teachers and the main result in |Gershenson,
Holt, and Papageorge (2015)) that white teachers have significantly lower expectations for
black students than they do for white students. Finally, 9th grade GPA strongly predicts
optimism. This is interesting, as it suggests that teachers place too much stock in students’
secondary course grades when assessing their prospects for future educational attainment.
Similar patterns are observed in Tables [ATHATI] which repeat this exercise for a variety of

demographic subsets of the student sample.

3.3 When, Why, and to What Degree do Teachers Disagree?

Finally, we investigate the extent to which teachers disagree in their assessments of students.
Some amount of disagreement is likely, if for no other reason than random chance. However,
previous research has identified at least one source of systematic disagreement in teachers’
expectations: student-teacher racial mismatch (Gershenson, Holt, and Papageorge, 2015)).
In this section we investigate other sources of systematic disagreement between teachers, as

well as the frequency and degree of teacher disagreement.

In Table [7, we begin by reporting transition matrixes similar to those reported in Table
[l These are at the student level, and diagonal elements measure the percentage of students
about whom both the math and English teacher agreed. Teachers largely agreed about
college-going, as when one teacher expected a four year degree or more, the other teacher
agreed in about 85 percent of cases. When teachers disagreed with a colleague who ex-

pected a four-year college degree, it was usually in the neighboring “some college” category.

9We repeat this exercise separately by race and gender groups. Results are reported in Appendix Tables

In future work we will model experience non-parametrically.

12



Unsurprisingly, there is more disagreement in the middle of the attainment distribution, as
teachers can disagree in either of two directions (i.e., by being more pessimistic or more
optimistic than their colleague). Indeed, when one teacher expects the student to complete
a high school diploma, the other teacher is actually more likely to disagree with this assess-
ment than to agree with it. These patterns are similar, if not more pronounced, when the

transition matrixes are stratified by race or sex.

Finally, we attempt to isolate the student-level correlates of disagreements in teachers’
expectations by estimating a series of linear probability models (LPM) in which the depen-
dent variable is an indicator variable equal to one if the teachers disagreed about the student,
and zero otherwise. Column 1 of Table [§] estimates this descriptive regression for the full
analytic sample. Students of college educated mothers and students who had higher 9th
grade GPAs are significantly less likely to have teachers who have contradictory educational
expectations for the student. The remaining columns of Table |8 estimate the same LPM
separately by race and sex. The result for mothers’ schooling is only statistically significant
in the white and female samples, and actually changes sign in the black student sample. The

GPA result is robust across all demographic groups.

4 Do Teacher Expectations Matter?

Results from the previous section show that teacher expectations predict student outcomes.
However, we cannot assign estimated coefficients a causal interpretation. The reason is that
teacher expectations may reflect student characteristics that predict educational attainment.
If these characteristics are not observed by the econometrician, then they induce an omitted

variables bias in OLS estimates of the impact of teacher expectations on student outcomes.

In this section, we develop an econometric model designed to isolate the causal impact
of teacher biases on outcomes. The idea is to use multiple teacher expectations to isolate
and then control for the unobserved information teachers use when forming expectations.
This purges estimates of omitted variables bias arising from information observed by both
teachers. The framework draws upon lessons from the measurement error literature to treat

each teacher’s expectation as a measurement of underlying student potential.

We begin by introducing a simplified version of the model we estimate. The aim is to
illustrate the omitted variables bias problem and to develop intuition regarding the use of
multiple teacher expectations to solve the problem. This includes identification arguments.
Second, we present a linear version of the econometric measurement error model we esti-

mate. Third, we derive estimating equations. Fourth, we discuss estimation using simulated
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maximum likelihood. Fifth, we describe changes needed to the basic linear model to account
for discrete outcomes. We ultimately estimate (and present results from) a model where the
outcome variable is college completion. To account for discrete outcomes, we reformulate
the linear model as a probit so that teacher expectations can influence the probability of

college completion. Finally, we end this section by presenting parameter estimates.

4.1 Conceptual Model and Omitted Variables Bias

Suppose there is a production function for an outcome Y, which is a function of three sets

of variables: X, Z and e
Y:T171+T2’}/2+X+Z+€Y (2)

where T} and T, are teacher expectations that also affect Y through ~; and ;. In the
production function, X consists of variables that are observed by both the econometrician
and by the teacher forming expectations. Z consists of variables that both teachers observe
when forming expectations, but that the econometrician does not. e¥ contains all remaining
factors affecting Y. By construction these three information sets are independent[’] The

production functions for teacher expectations are written as:

T = X+Z+b (3)
T, = X+7Z+b (4)

where by and by are forecast errors. Notice, if we could control for X and Z when estimating
~ in the production function, there would be no omitted variables bias. The reason is that
e¥, though it affects Y, does not affect T} or T} and is also independent of Z and X, which
means the estimated relationship between expectations and Y is not biased if we omit eY .

Still, the fact that we do not observe Z means there is an omitted variables bias.

Next, it is useful to define expected Y given Z and X:
EY|X Z] = f(X,2)=0 (5)

where E(-) is the expectations operator. Here, it is important to understand that 6 is not

the true unconditional expectation of Y. Rather, it is the objective expectation of Y given

1 This assumption is not restrictive, but is used to help develop intuition. Suppose that w, is assigned to
e¥, but that it is correlated with information in Z. Then, we would assign the part of w; that is explained
by Z to the information set Z and the remainder, denoted @; would be assigned to eY .
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information contained in X and Z. Next, we can rewrite the production functions for Y and

teacher expectations as follows:

Y = Tl”}/l + TQ’}/Q + 0 + €Y
Ty = 0+0bh (6)
T = 0+ by

According to a theorem in |[Kotlarski (1967, the second two equations can be used to identify
the distributions of #, by, and b, if we assume that all three random variables are indepen-
dentE Next, we substitute the production functions for 7" into the production function for

Y to obtain the following equation:
Y =06+ biy1 + byya + € (7)

where 6 = 1 — v; — 5. Notice, when we did not incorporate the production function of
teacher expectations into the model for Y, the v were biased due to our inability to control
for elements in @, particularly, information in Z that is observed by both teachers, but not by
the econometrician. The current equation allows us to condition on #. Moreover, equation
emphasizes the idea that we estimate the impact of teacher expectations using differences

in teacher expectations for the same student, captured by the forecast error b

Intuitively, we are estimating the impact of teacher expectations through differences in
b, which are factors that affect one teacher’s forecasts, but which are not observed by both
teachers. Identifying a causal parameter requires that ¥ be independent of b; and b,. Notice,

if information in e¥

is observed by both teachers, then it forms part of the information in
Z as is captured by #. Therefore, the key identifying assumption is that factors that are
not observed by both teachers are not systematically related to student outcomes except
through the impact of teacher bias on outcomes. To fix ideas, suppose a teacher forms high
expectations because a student is motivated and polite (which both teachers can observe)
but also because of a positive chance interaction. The chance encounter leads the teacher
to have a higher forecast for reasons not related to the set of variables that both teachers

observe.

2In the econometric model we estimate, we use additional data to relax some of these independence
assumptions.
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4.2 An Empirical Model of Teacher Biases and Student Outcomes

In this section, we present the empirical model of teacher expectations and student outcomes
we will estimate. The model is similar to the simplified model presented in the previous
section. Student educational outcomes y; (e.g., years of education or college completion) are

described by the following equation.
Y; =c-+ QZ + Glﬁ + bli'Yl + b2i’72 + EZY (8)

According to this formulation, years of education are a function of a constant ¢ and underlying

student ability 6;, where we assume that
0; ~ N(0,07) (9)

Educational attainment is also a function of 9th-grade grades, GG; with associated coefficient

3, and of teacher biases b;;, where j € {1, 2} indexes the teacher and the v parameters map
Y

biases to outcomes. €; is an iid disturbance. Teacher expectations, denoted 73; and T5; for

teachers 1 and 2, respectively, are given by:

Ty = ¢+ ¢0; + G+ e

(10)
Ty = co+ @b + Gifa + e
It is useful to derive an expressions for unbiased teacher expectations:
E[Yi|0;, Gy, b1s = 0,by; = 0] = 0; + G (11)
Therefore, we can rewrite the teacher expectation equations as follows:
T.; = E[Yi|6;,G;,b1; = 0,by = 0] + b;; (12)

= c—l—Hi—i-GiB—i-(cj—c)—i—((bj—1)€¢+Gi(ﬁj—ﬁ)+ezj

Written as such, teacher expectations are given by expected performance, conditional on
observables GG; and unobserved ability 6; (given by ¢ + 6; + G;3) along with four sources of

bias. To clarify, we define bias as follows:

by = Tii—c—0;—Gif=(c1—c)+ (¢ —1)0; + Gi(B1 — B) + e
by = To—c—0; —GiB=(co—c)+ (p2—1)0; + Gi(51 — ) + e (13)
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We explicitly allow teacher expectations to be biased and this bias assumes several forms.
This amounts to ways that teacher expectations deviate from the true production function
of student outcomes given by equation . Given reduced form evidence, we allow teachers
to be wrong on average, meaning c¢; can deviate from c. Teachers may also be wrong about
how ability ¢; maps into outcomes, which occurs if ¢; # 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 ¢; > 1. Third, teachers
may be biased in how they map observable grades G; to outcomes, in which case 3; # .
This would be consistent with findings in the previous section suggesting that teachers over-
estimate the impact of 9th grade GPA on student educational attainment. Finally, teachers
may be wrong for idiosyncratic reasons, which is captured in the disturbances ey; and eo;.
We assume that the disturbances are iid and normally distributed with variances equation
to 02, and 02,, respectively.

Here, it is important to mention that the term ¢; — 1 may capture how teachers have
biased beliefs about how a given 6, affects outcomes. It may also capture that teachers
correctly map ability to outcomes, but mis-estimate 6;. We cannot separately identify these
effects. Similarly, the term (; may represent that teachers are biased in the mapping or in
their observation of G;. Again, we are unable to separately identify these mechanisms. For
ease of interpretation, we will assume that teachers observe GG; and 6;, but incorrectly map
these to outcomes when forming expectations. Moreover, in defining bias in this manner
as we have in equation (27]), we have assumed that (i) teachers assume that their bias is
equal to zero and (ii) teachers assume that the other teacher’s bias is also equal to zero. The
former assumption is defensible as it is effectively tautological: teachers report expectations
that they themselves think to be correct. In contrast, the second assumption is potentially
problematic. We argue that this assumption can be relaxed. In other words, it should be
possible to assess the robustness of our results after redefining bias so that each teacher,
when forming expectations, takes account of the other teacher’s expected bias, including the

impact of this expected bias on student outcomes.

Given the model we have posited, the goal is to estimate the following parameters:

© = (¢, c1, ¢, B, B, Bay1, 72, 1, 2, Oy, 011, O12) (14)

4.3 Deriving Estimation Equations

In this section, we reformulate the model of teacher expectations and student outcomes

into a set of estimating equations. Next, we discuss what additional assumptions or data
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are needed to prove that the system of equations is econometrically identified. First, we

substitute equations describing bias into equation to obtain:

= c+0;+ G+ bum + by + ¢
= ¢+ 0, +Gif+ [T —c— O+ [Toi —c— 0]y + EZY (15)
Vi = c(l=m—7)+0:(1—m—7)+GB1—n—)+Tun+ Ty +e

Y;
Y;

We are therefore left with the following system of equations to estimate:

Y, = ¢+40;+ G+ Tim + Toyo + e
Ty = a+ @10, +Gip1+ ey (16)
Toi = co+ @20, + G2 + ey

where the latter two equations are the original production functions for teacher expectations
using equation . As written, however, the system of estimation equations defined here
is not identified absent further restrictions or additional data. The reason is that the two
expectation equations, which are used as imperfect measurements of student ability, are also
regressors in the outcome equation. Omne possibility it to place additional restrictions on
parameters. In[Appendix B| we show that parameter estimates of the impact of bias remain
similar to our main results if we are willing to restrict 73 = 75 = v and ¢1 = ¢ = ¢, we

obtain an identified system of equations.

Parameter restrictions are a useful alternative when there are not obvious exclusion re-
strictions on additional data, i.e., variables that only enter into 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 subjects.
Results from these exams were not revealed to students or teachers. Therefore, we argue
that 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 ability. In other words,
scores on these exams should only be associated with educational attainment because they

reflect student ability.

We also control for 9th grade grades in the outcome equation, allow grades to affect
teacher expectations, and also use grades to identify 6;. 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 (see e.g., Cunha et al (2012)) argue that

test scores might not contain non-cognitive skills, such as motivation or grit, but that grades

13We think we can rule this out in a series of sensitivity analyses.
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would. Moreover, we do not want to see grades as independent of 6, which requires that we
model its relationship with #. Finally, we want to illustrate how teacher bias can be due
to a mis-reading of a mapping of skills to outcomes, where some skills are observed by the

econometrician and some are not.

Formally, we add three equations to the estimation system:

Y, = ¢40;+GiB+ Tum + Tove +
Ty = ca+ @b+ Gifbi +ey
Ty; = co+ ¢obi + GifSa + e
Sui = cu+ oumbi + e
Sri = Cr+ ¢rb;i + €r;
Gi = cg+ ocbi + eai

where the latter three equations indicate that scores on math (reading) test, given by Sy,
(Sri), and G are function of a constant ¢y; (cg), student ability 6; mapped to the test with
coefficient ays (ag), and a disturbance ey (eg;). In[Appendix B| we show that the system
is identified. Moreover, the additional data means that we can identify #; and also allow
for limited dependent response variables for the teacher expectation and student outcome
equations. This is not possible if, rather than use test score data, we rely on parameter

restrictions. Therefore, the parameters we estimate are collected into a parameter vector ©

O = <67 C1, Ca, Bv ﬁh BQ’Yh 72, ¢17 ¢27 00,0Y,0T11,0T2, [CMJ CR, ¢M7 QbR, BM? ﬁRv oM, UR]> (18)
We recover the parameters in © from estimates of parameters © using the following identities:

= ¢(l—m—m) <= c=
Bl—=m—m) = f=

L1=y1-72 (19)

™ o
|

Finally, notice, that the first equation in the system is similar to our reduced form
equations from the previous section. The difference is that the educational attainment
equation explaining Y; also includes unobserved ability. In other words, one way to re-
interpret the estimating equations is as an extension to the reduced-form model from the
previous section where, rather than controlling for a large set of observable characteristics, we
have instead controlled for latent college potential, which includes all information observed
by two teachers. Controlling for student college potential means that we can assess the

impact of teacher expectations on outcomes after we have already controlled for how their
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expectations reflect potential. In the previous section, we controlled for a number of variables
that could proxy student potential, but were unable to claim that we had controlled for all
of the information that teachers see in assessing student potential. Now, we have controlled
for unobserved, identifying ability from student test scores, grades and teacher expectations

themselves.

4.4 Estimation

We estimate this model using simulated maximum likelihood. There are three main steps
to the estimation procedure. First, at each set of parameter value suggestions, the latent
factor, #;, is drawn multiple times for each individual in the sample. Second, we compute
each individual’s average likelihood contribution, where the average is taken over the number
of draws. We then sum over average likelihood contributions for each individual and compute
the log. Thereafter, parameters are chosen that maximize the likelihood function as with

standard likelihood functions.

Formally, for individual i« € {1,..., N} and for a given set of candidate parameters 0,
where ©) is ¢' set of suggested values for parameters given in equation , we simulate
0 K times and denote as 6;, the k-th simulation for individual i. Given assumptions on
the normality of the latent potential and error terms, we compute the simulated individual

likelihood contribution for each simulation and individual:

Lin(09Y = fy(Yil0ir, Thik, Toik Sazik, Srirs Xi, ; ©9) XH?:1 ij(Tikj|9ikaXi§é(g))

5(0) (20)
X HTe{M,R} fs, (Srik)bir, Xi; ©'9))

where fy is the conditional distribution of Y given simulated potential 6, expectations
T and Ty, and observable characteristics X;. The second component in the likelihood
is the product over density functions for Ty and Ty (denoted fr; and fro, respectively)
conditional on observable characteristics X; and potential 6;,. The last component in the
likelihood is the product over density functions for Sy, and Sk conditional on the same

sets of observable characteristics and potential as in the second component.

After constructing L for each individual 7, we take log of each individual’s contribution

and then sum over to obtain the log-likelihood:

N 1 K
19 =" log <? > Lik> (21)
i=1 k=1

We evaluate {9, and using quasi-newton method, search until a maximum is found.
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4.5 Discrete Outcomes

In the following section, we present results from a version of the model where the outcome
variable is discrete: college completion. To account for limited dependence, we reformulate
the model as a set of probits. Before describing how this changes the model, it is important
to mention that our results, in particular, the impact of bias, are similar under alternative
specifications. For example, one alternative is to focus on college completion, but estimate
linear probability models. A second alternative is to convert the outcome and teacher expec-
tations variables into variables measuring years of education. Moreover, in either case, we
can restrict parameters so that identification no longer requres test score or GPA data and
still estimate similar effects. In other words, our estimates of the impact of teacher expecta-
tions on student outcomes, which exploit forecast error to control for teachers’ information

sets, are robust across a variety of specifications and estimation strategies.

If we reformulate the model of student outcomes and teacher expectations as a probit, the
most important change is in how we define bias. We define it as the difference between what
a teacher reports and the objective probability of college completion. In particular, using
notation from before, college completion is denoted Y;, which takes the value 1 if student ¢

graduates from a 4-year college and 0 otherwise. The probability that Y; = 1 is given by:
Pr(Y; = 1) = ®(c + 0; + G5 + biiyi + baiy) (22)

where ®(-) is the standard normal cdf. Teacher expectations, denoted T}; and Ty; for teachers

1 and 2, respectively, are given by:

Pr(Ty=1) = ®(c; + @10 +GiBh)

(23)
Pr(Ty,=1) = ®(co+ ¢a2b; + Gif32)

Define expectations given information observed by both teachers and given parameters cor-

responding to the production function given by equation :
E[Y;]0;, Gi, bis = 0,by; = 0] = ®(c + 0; + G;3) (24)

Bias is defined as follows:

=
=
<.
Il

Ty, — ®(c+ 0, + Gif)
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In other words, bias is defined as the difference between what a teacher reports T;; and what
a teacher would report given parameters in the objective production function and assuming
observation of §; and G;. Notice, similar to the linear case, teacher expectations can be
wrong due to the difference between c¢; and ¢, if ¢; # 1 or if 3; # 3. Moreover, our definition

of bias in the probit case means that b;; € (—1,1).

4.6 Parameter Estimates

[ Preliminary and subject to change.]

Results from estimating this model are in Table [J) We estimated the model for the full
sample and then separately for whites, blacks, and other-race categories. The first two rows
in the table contain estimates of the ~, which are the impact of teacher expectations on
student college going. These parameters should be interpreted as probit coefficients and
so the corresponding partial effects vary, which we explain more below. That said, the
parameters are positive for both teachers and across groups. To illustrate their magnitude,
Figure [2| plots the simulated probability of college completion for different levels of bias and
different levels of #. Not surprisingly, the largest impact of bias occurs for individuals in
the middle of the distribution. In other words, if a student is already very likely to go to
college, a negative bias will not affect him much. If a student is on the margin, however, a

high teacher expectation could lead to additional resources that put him over the edge.

The magnitude of the impact of teacher expectations is smaller for black students’ reading
teachers, which is 0.24 versus 0.56 for white students’ reading teachers and 0.51 for black
students” math teachers. This finding means that the causal impact of expectations of
reading teachers is relatively small for black students. In other words, for black students,
an exogenous upward shift in reading teacher expectations does not translate to a higher
probability of college completion. One possibility is that black students are under-prepared
in math and that this is why they are unable to complete college. If so, then an upward
shift in math teacher expectations could lead to the math teacher shifting resources to the
student, which could affect college completion. For white students, this might not be the
case since they are less likely to face the possibility of not completing college due to being

under-trained in math.

The second set of rows in Table [0 presents remaining elements in the equations for college
and for teacher expectations. First, we discuss parameters that determine college going, ¢,
and oy, which are the mean and the standard deviation, respectively, of the distribution of 6.
According to estimates, absent the impact of teacher expectations on Y, most students do not

complete college. Moreover, black students are less likely on average to go to college (captured
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by a lower c,, but the variance is higher. For comparison, we plot the distributions for blacks
and whites in Figure [3] To do this, we use the estimated parameters of the distribution of 6
to simulate 100,000 individuals. The figure shows clear differences across races. Recall 0 is
not student ability; it is the expectation of college completion given information available to
both teachers when the student is in the 10th grade. The distributions show that, objectively,
by the 10th grade, black students are less likely to be expected to go to college (though there
is larger variance in ). This is illustrated in Figure , where we plot ¢ by race. Finally 3,
indicates that a higher GPA independently predicts a higher probability of college, though

less so for blacks than for whites, which may reflect differences in school quality.

Next, we consider teacher expectations (the third set of rows in Table E[) Here, it is
important to see various sources of teacher bias. First, the constants ¢; and ¢y, which govern
the mean expectation, are much larger than c¢,. This accords with the pattern that teachers
are optimistic on average. Moreover, the coefficients on # are not equal to 1. Interestingly, for
whites, the coefficient is larger than 1, which means that teacher bias rises for students with
higher . This would mean that teachers over-estimate the likelihood of college completion
for white students, but that they do so more for students who are objectively more likely
to go to college. For black students, the pattern is opposite. Teachers are more biased for
students with relatively low 6. Finally, §; and (5 seem to indicate the teachers are fairly
correct in how they map grades to college completion.

The fourth set of parameter estimates describe the relationship between 6 and additional
outcomes. As expected, 0 is positively correlated with math and reading test scores and
grades. Black students perform worse on all measures in relation to whites. Variance,

however, is similar.

5 Results

[Preliminary and subject to change.]

Here, we discuss how bias differs by group and conduct two preliminary policy exper-
iments. The policy experiments are meant to show that there are differences in objective
expectations at the 10th grade, but that the structure of biases by race exacerbate these

differences.
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5.1 Teacher Biases and Race

In Figure[d] we show the magnitude of bias for different levels of §. In particular, we simulate
100,000 individuals given the parameters of the distribution of . Next, we use estimated
parameters to simulate teacher bias. We plot bias as a function of @ for different race and
teacher pairs. To understand the result, consider the upper-left panel of the figure. Start
where 6 is equal to 0. At this point, some teachers will overestimate (positive bias) and
others will under-estimate (negative bias). This is likely to be the case for students who do
not have especially high or low 6, which means that the probability that they go to college
is neither very high nor very low. In contrast, if we look at high and low 6, the size of bias
diminishes. The reason is that a very high 6 means that a student is very likely to go to

college. Moreover, the bias is zero since teachers will expect that outcome.

In Figure [5] we consider the distribution (pdf) of bias for whites and blacks. Here, it is
important to understand that there are two reasons that biases are different. First, the bias
parameters themselves are different for blacks versus whites. Second, the bias parameters
are a function of €, which also varies for blacks versus whites. In Figure |5, we plot bias
differences arising from both differences across races. For blacks, there is a higher proportion
of individuals where the bias is equal to or slightly below zero. This means there is a mass
of people for whom the teacher is correct. Most of these are due to black students for whom
the objective likelihood of no college completion is near zero, which is correctly forecasted by
teachers. In comparison, there are relatively few whites for whom the objective probability
of college completion (given teachers’ information sets) is near zero. In fact, a larger mass of
bias for white students is above zero, which means that for students with positive 6, teachers
are more likely to over-estimate. This accords with parameter estimates suggesting that

white students with higher 6 face positive bias. For blacks, this is not the case.

Figure [0] shows the distribution of bias for black and white students with white students’
0. Recall, the distributions of bias are in part due to differences in 6 across race categories.
In contrast, in Figure [0, the goal is to assess the distribution of bias for black and white
students assuming that both begin with the same #. This is akin to asking: how does bias
look for black versus white students if both groups face the same objective probability of
college going at the 10th grade. One way to think about this is to assume that a set of
white students after the 10th grade (and given @) are then faced with the same bias as
that typically faced by black students. The plots in Figure [6] are more similar across race
categories. However, it is still the case that teachers are more likely to underestimate the
probability of college completion for blacks than they do for whites. In other words, for the
same 10th grade objective probability (which includes all differences and forecasts) black
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students face a higher likelihood of negative bias. In the following section, we assess if this

negative bias in teacher expectations matters.

5.2 The Impact of Bias on College Going

In Table we report results establishing how college going decisions change if we remove
bias altogether. To understand the table, consider the first row, where we consider white
students. We then assess what happens if we remove the impact of bias (by setting the
to zero). 50% of students do not go to college in either case. About 0.7% switch to college
due to removal of bias. About 11% switch to no college if we remove bias. This is because
bias is generally positive. About 37.5% of white students complete college with or without
bias. For blacks, the positive impact of bias is smaller (about 6.1% of students switch out

of college absent bias).

5.3 What if Black Students Faced White Students’ Bias?

Having established that bias appears to matter, we now see whether it matters differently
across race categories. In particular, in Figure[7] we consider how differences in bias translate
into outcomes. We plot the cdf of the probability of college going for blacks and whites.
Consistent with reduced form estimates and summary statistics, the distribution of college
going probabilities is shifted to the right for whites versus blacks. In fact, the distribution for
black students is first-order stochastically dominated by the distribution for white students.
Next, we ask what would happen to outcomes if black students faced the same objective
probability of college completion in the 10th grade as whites, but were subjected to the
estimated bias of black students. The resulting simulated distribution is the dotted line.
Low 6 black students face little change. However, as 6 rises, the black student cdf starts to
mimic the white student cdf. Again, this is consistent with the idea that high 6 students
face large positive bias for whites versus blacks. Table [11] shows results by different points
on the distribution of # if blacks face white students’ . Consistent with earlier results,
individuals with very low or very high probability of going to college in the 10th grade see
little change. Those in the middle, however, see large changes. Moreover, the relationship
is non-monotonic. For example, we see that individuals with a 43% probability of college
completion could instead face a 53% probability if they faced white students’ impact of

expectations.

An alternative exercise is to show what happens if black and white students have the

same 6, but face different bias. In particular, we simulate outcomes after simulating 6 from
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the white student distribution and then subjecting individuals to the black student bias for
given §. We find that this larger helps individuals with low 6. For higher 6, where bias
is smaller for black students, the positive impact of bias largely disappears. Returning to
Table we again see largest effects in the middle of the distribution. Whites at the 40th
percentile see a drop from 57% to 48% for college completion probability if they face black

returns to high expectations.

6 Conclusion

| Preliminary and subject to change.]

The positive correlation between teacher expectations and student outcomes is likely
due to accurate forecasts, but may also arise from forecast error, which could lead teachers
to communicate biases or shift resources to students. This leads to a sort of self-fulfilling
prophecy where teacher expectations drive student outcomes. In this paper, we use lessons
from the measurement error literature to control for the information that both teachers use
to form expectations. The impact of biases is identified off of forecast error, which is driven
by the information that one teacher uses to form expectations and that the other teacher
does not observe. The key identifying assumption is that any information that can affect
one teacher’s forecast, but is not observed by the other teacher, is not important enough to

drive outcomes except through the impact of teacher expectations.

We show using our model that teacher expectations matter. Moreover, we show that there
are important differences across races. Perhaps most troubling, it appears that black students
face a higher rate of negative bias for a given objective probability of college completion. This
suggests that black students, who already face a lower objective probability of college going
by the time they reach the 10th grade, face an additional penalty due to excessive negative
biases in teacher expectations. This compounds inequality in educational outcomes. Our
results suggest that policies combatting negative bias among teachers of racial minorities

could reduce inequality by improving educational outcomes.
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Figures and Tables

Table 1: Analytic Sample Mean - Students

Sample (Students) : All' White Black Male Female
Hm @ B @O
Outcome
Education Completed, Years 14.67 14.83  14.08 14.51 14.81
(2.06) (2.06) (1.84) (2.05) (2.07)
Completed < HS Diploma 0.01 0.01 0.02 0.01 0.01
(0.11)  (0.09) (0.16) (0.12) (0.11)
Completed More than College 0.45 0.49 0.29 0.43 0.47
(0.50) (0.50) (0.45) (0.49) (0.50)
Expectations
Eng. Teacher Exp., Years 15.65 15.78  14.86 15.48 15.80
(2.23) (2.14) (2.21) (2.29) (2.16)
Expect < HS, English 0.01 0.01 0.03 0.02 0.01
(0.12) (0.11) (0.17)  (0.13)  (0.10)
More than College, English 0.64 0.67 0.48 0.60 0.67
(0.48) (0.47) (0.50) (0.49) (0.47)
Math Teacher Exp., Years 15.51  15.65  14.66 15.43 15.59
(2.09) (1.99) (2.07) (2.16) (2.03)
Expect < HS, Math 0.01 0.01 0.03 0.01 0.01
(0.10) (0.08) (0.18) (0.10)  (0.11)
More than College, Math 0.63 0.66 0.44 0.61 0.65
(0.48) (0.47) (0.50) (0.49) (0.48)
Achievements
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 SES

Income < 20K 0.11 0.06 0.26 0.09 0.13
(0.32) (0.25) (0.44) (0.29) (0.34)
HH income > 100K 0.18 0.21 0.08 0.19 0.17
(0.38) (0.41) (0.27) (0.39) (0.37)
Mother has < HS diploma 0.34 0.29 0.39 0.32 0.35

(0.47) (0.46) (0.49) (0.47) (0.48)
Mother has a Bachelor’s or More  0.11 0.12 0.07 0.12 0.10
(0.31) (0.33) (0.26) (0.33) (0.30)

Teacher
Eng. Teacher Non-White 0.10 0.05 0.26 0.10 0.10
(0.30) (0.22) (0.44) (0.30) (0.30)
Math Teacher Non-White 0.11 0.06 0.21 0.11 0.11
(0.32) (0.23) (0.41) (0.32) (0.32)
Observations 6060 3970 610 2870 3190

Each entry represents the mean over individuals for the group specified in the first row.
Reading and Math assessment entries are on a 100-point scale. 9th grade GPA is uses a 4.0
scale. With the exception of entries marked as in years, all other entries are proportions.
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Table 2: Analytic Sample Mean - Teachers

Sample (Teachers) : All Math English ~ White Black Male Female
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
(0.31) (0.32) (0.30) (0.00) (0.00) (0.30) (0.31)
Math Teacher 0.50 1.00 0.00 0.50 0.47 0.62 0.43
(0.50) (0.00) (0.00) (0.50) (0.50) (0.49) (0.50)
Male 0.35 0.44 0.27 0.36 0.26 1.00 0.00
(0.48) (0.50) (0.44) (0.48) (0.44) (0.00) (0.00)
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)
Low Experience 0.16 0.14 0.19 0.15 0.21 0.16 0.16
(0.37) (0.34) (0.39) (0.36) (0.41) (0.37) (0.37)
Without regular certificate  0.17 0.15 0.18 0.16 0.21 0.21 0.14
(0.37) (0.36) (0.39) (0.37) (0.41) (0.41) (0.35)
Major in subject taught 0.48 0.47 0.49 0.49 0.48 0.42 0.51
(0.50) (0.50) (0.50) (0.50) (0.50) (0.49) (0.50)
Has graduate degree 0.47 0.48 0.47 0.49 0.45 0.51 0.46
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Student Demographics
American Indian 0.00 0.00 0.00 0.00 0.00 0.01 0.00
(0.07) (0.07) (0.07) (0.07) (0.06) (0.08) (0.06)
Asian 0.08 0.08 0.08 0.07 0.05 0.09 0.07
(027)  (0.27)  (0.27)  (0.26)  (0.22)  (0.28)  (0.26)
Black 0.10 0.10 0.10 0.09 0.47 0.09 0.11
(0.30) (0.30) (0.30) (0.28) (0.50) (0.29) (0.31)
Hispanic 0.12 0.12 0.12 0.10 0.12 0.13 0.11
(0.32) (0.32) (0.32) (0.30) (0.33) (0.34) (0.32)
Multiple Race 0.04 0.04 0.04 0.04 0.04 0.05 0.04
(0.20)  (0.20)  (0.20)  (0.20)  (0.21)  (0.21)  (0.20)
Male 0.47 0.47 0.47 0.47 0.44 0.51 0.45
(0.50) (0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Observations 12130 6060 6060 10830 470 4300 7820

Each entry represents the mean over individuals for the group specified in the first row.
Experience is in years. All other entries are proportions. All sample sizes are rounded to

the nearest 10 in accordance with NCES regulations for restricted data.
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Table 3: Preliminary Analysis - Effect of Expectation on Education

(1) (2) (3) (4) (5)
Years Expected, English  0.291*  0.283"* 0.239"* 0.172"* 0.157°"
(0.014)  (0.014)  (0.013)  (0.014)  (0.016)
Years Expected, Math — 0.304***  0.302"* 0.261*** 0.187** 0.153***
(0.014)  (0.014)  (0.014)  (0.015)  (0.016)

Teacher Controls No Yes Yes Yes Yes
Student SES No No Yes Yes Yes
9th Grade GPA No No No Yes Yes
School FE No No No No Yes
Adj. R? 0.312 0.317 0.347 0.369 0.288
N 6060 6060 6060 6060 6060

OLS regression explaining years of schooling (imputed from highest education level re-
ported) as a function of english and math teachers’ expectations conditional on set of
student and teacher characteristics. English and Math teacher expectations separately
have statistically significant predictive power for student outcomes. *Note: * p<0.10, **
p<0.05, ** p<0.01. Parentheses contain standard errors that are robust to clustering at
the school level.

Table 4: Preliminary Analysis - Effect of Expectation on Education - Subgroups

(1) (2) (3) (4) (5)
White Black  Hispanic = Male Female
Years Expected, English  0.166™*  0.079 0.308** 0.159*** 0.165***
(0.020)  (0.051)  (0.048)  (0.022) (0.022)
Years Expected, Math 0.157** 0.145*** 0.038  0.137** 0.162***
(0.022) (0.053) (0.054)  (0.025) (0.026)

Teacher Controls Yes Yes Yes Yes Yes
Student SES Yes Yes Yes Yes Yes
9th Grade GPA Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes
Adj. R? 0.285 0.200 0.346 0.275 0.292
N 3970 610 720 2870 3190

OLS regression explaining years of schooling (imputed from highest education level re-
ported) as a function of english and math teachers’ expectations conditional on set of
student and teacher characteristics, achievement and school fixed effects. English and
math teacher expectations separately have statistically significant predictive power for
student outcomes. *Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard
errors that are robust to clustering at the school level.
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Table 5: Summary Statistics - Math Teacher Expectation and Student Outcome

Student Outcome
Teacher Expectation | Less than HS HS Diploma Some College Bachelor’s or More Total
All Students
Less than HS 0.20 0.36 0.51 0.02 1.09
HS Diploma 0.63 3.58 7.55 0.69 12.45
Some College 0.38 3.25 15.17 4.68 23.49
Bachelor’s or More 0.12 1.52 21.72 39.62 62.97
Total 1.32 8.71 44.96 45.01 100.00
White Students Only
Less than HS 0.05 0.23 0.35 0.03 0.65
HS Diploma 0.50 3.20 5.91 0.55 10.17
Some College 0.33 3.37 14.40 4.73 22.83
Bachelor’s or More 0.03 1.56 20.79 43.97 66.35
Total 0.91 8.36 41.45 49.28 100.00
Black Students Only
Less than HS 0.82 0.99 1.48 0.00 3.29
HS Diploma 0.66 3.62 14.99 1.32 20.59
Some College 0.82 2.47 22.41 5.93 31.63
Bachelor’s or More 0.16 1.32 21.42 21.58 44.48
Total 247 8.40 60.30 28.83 100.00
Hispanic Students Only
Less than HS 0.69 0.55 0.83 0.00 2.07
HS Diploma 1.52 5.52 12.15 0.83 20.03
Some College 0.69 3.31 17.27 3.31 24.59
Bachelor’s or More 0.41 2.07 25.97 24.86 53.31
Total 3.31 11.46 56.22 29.01 100.00
Male Students Only
Less than HS 0.21 0.31 0.45 0.00 0.98
HS Diploma 0.63 4.56 8.82 0.84 14.84
Some College 0.35 3.87 14.74 4.49 23.45
Bachelor’s or More 0.17 1.71 21.53 37.32 60.73
Total 1.36 10.45 45.54 42.65 100.00
Female Students Only
Less than HS 0.19 0.41 0.56 0.03 1.19
HS Diploma 0.63 2.69 6.42 0.56 10.30
Some College 0.41 2.69 15.57 4.85 23.52
Bachelor’s or More 0.06 1.35 21.89 41.68 64.99
Total 1.28 7.14 44.44 47.13 100.00

Math teacher expectation-student educational outcome matrices. Each entry represent
percentage of observations that fall in the particular category.
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Table 6: Descriptive Regression - Math Teacher Optimism - All Students

Coefficients APE - Under APE - Correct APE - Over

Prediction Prediction Prediction
(1) (2) (3) (4)
Teacher is Non-white 0.229** -0.044** -0.023** 0.067**
(0.091) (0.018) (0.009) (0.027)
Teacher is Male -0.022 0.004 0.002 -0.006
(0.048) (0.009) (0.005) (0.014)
Teacher Experience -0.007*** 0.001*** 0.001*** -0.002***
(0.002) (0.000) (0.000) (0.001)
Teacher major in Math -0.041 0.008 0.004 -0.012
(0.046) (0.009) (0.005) (0.013)
Teacher has graduate degree -0.083 0.016 0.008 -0.024
(0.053) (0.010) (0.005) (0.015)
Teacher has no regular certificate 0.056 -0.011 -0.006 0.016
(0.079) (0.015) (0.008) (0.023)
Student is American Indian 0.265 -0.051 -0.026 0.078
(0.326) (0.063) (0.032) (0.095)
Student is Asian -0.170* 0.033* 0.017* -0.050*
(0.089) (0.017) (0.009) (0.026)
Student is Black -0.226*** 0.044*** 0.023** -0.066***
(0.073) (0.014) (0.007) (0.021)
Student is Hispanic -0.044 0.009 0.004 -0.013
(0.078) (0.015) (0.008) (0.023)
Student is Multiple Race 0.036 -0.007 -0.004 0.011
(0.087) (0.017) (0.009) (0.026)
Mother has >4-year degree 0.034 -0.007 -0.003 0.010
(0.053) (0.010) (0.005) (0.016)
HH income 20K - 35K 0.160** -0.031** -0.016** 0.047**
(0.078) (0.015) (0.008) (0.023)
HH income 35K - 75K 0.128* -0.025* -0.013* 0.038*
(0.074) (0.014) (0.007) (0.022)
HH income 75K - 100K 0.110 -0.021 -0.011 0.032
(0.082) (0.016) (0.008) (0.024)
HH income > 100K 0.086 -0.017 -0.009 0.025
(0.083) (0.016) (0.008) (0.024)
9th grade GPA 0.293*** -0.057*** -0.029*** 0.086***
(0.029) (0.006) (0.003) (0.008)
Pseudo-R? 0.105
N 6060

Ordered probit regressions explaining over/under optimism by math teachers as a func-
tion of teacher characteristics, and student sociodemographic variables. Column (2) gives
average partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectations matching
the actual outcome, and column (4) gives APE for teacher expectations being overly opti-
mistic. *Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that
are robust to clustering at the school level. Teacher denotes math teacher only.
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Table 7: Summary Statistics - Teacher Expectations

Math English Teacher Expectation
Teacher Expectation | Less than HS HS Diploma Some College Bachelor’s or More Total
All Students
Less than HS 0.26 0.61 0.16 0.05 1.09
HS Diploma 0.84 5.41 4.63 1.57 12.45
Some College 0.26 4.06 9.90 9.27 23.49
Bachelor’s or More 0.07 1.55 8.36 52.99 62.97
Total 1.43 11.63 23.06 63.88 100.00
White Students
Less than HS 0.15 0.43 0.08 0.00 0.65
HS Diploma 0.65 4.23 4.08 1.21 10.17
Some College 0.28 3.90 9.56 9.09 22.83
Bachelor’s or More 0.05 1.28 8.31 56.71 66.35
Total 1.13 9.84 22.02 67.00 100.00
Black Students
Less than HS 1.15 1.32 0.66 0.16 3.29
HS Diploma 1.15 9.56 7.41 2.47 20.59
Some College 0.49 6.59 12.52 12.03 31.63
Bachelor’s or More 0.16 2.47 8.07 33.77 44.48
Total 2.97 19.93 28.67 48.43 100.00
Hispanic Students
Less than HS 0.41 1.38 0.28 0.00 2.07
HS Diploma 2.07 8.98 5.94 3.04 20.03
Some College 0.14 4.01 11.74 8.70 24.59
Bachelor’s or More 0.14 1.93 11.05 40.19 53.31
Total 2.76 16.30 29.01 51.93 100.00
Male Students
Less than HS 0.42 0.49 0.07 0.00 0.98
HS Diploma 0.94 6.86 5.54 1.50 14.84
Some College 0.45 4.53 9.86 8.61 23.45
Bachelor’s or More 0.03 1.71 8.75 50.24 60.73
Total 1.85 13.59 24.22 60.35 100.00
Female Students
Less than HS 0.13 0.72 0.25 0.09 1.19
HS Diploma 0.75 4.10 3.82 1.63 10.30
Some College 0.09 3.63 9.93 9.87 23.52
Bachelor’s or More 0.09 1.41 8.02 55.47 64.99
Total 1.06 9.87 22.02 67.05 100.00

Each entry represents the percentage of observations that fall in the particular math
teacher expectation-english teacher expectation category.
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Table 8: Descriptive Regression - Teacher Disagreements

(1) (2) (3) (4) (5) (6)
Student Subsample: All White Black Hispanic Male Female
Student is American Indian -0.026 -0.057 -0.155
(0.126) (0.169)  (0.181)
Student is Asian -0.037 0.022 -0.080**
(0.029) (0.046) (0.039)
Student is Black 0.030 0.027 0.019
(0.028) (0.042) (0.036)
Student is Hispanic -0.005 -0.027 -0.012
(0.026) (0.038)  (0.037)
Student is Multiple Race -0.031 -0.065 -0.042
(0.031) (0.049) (0.045)
Student is Male -0.004 -0.005 -0.031 0.004
(0.012) (0.015) (0.052) (0.048)
Father has HS Diploma 0.046***  0.062*** 0.047 0.041 0.046* 0.041%*
(0.017)  (0.021)  (0.054)  (0.059)  (0.028)  (0.023)
Father has Some College 0.003 -0.004 0.034 0.072 0.004 -0.002
(0.015) (0.018) (0.066) (0.049) (0.026) (0.021)
Father has a Bachelor’s or More 0.003 0.013 0.023 0.113 -0.005 0.024
(0.018) (0.021) (0.096) (0.080) (0.028) (0.024)
Mother has HS Diploma 0.010 0.014 0.047 -0.019 0.033 -0.005
(0.017)  (0.021)  (0.072)  (0.057)  (0.027)  (0.025)
Mother has Some College 0.015 0.012 0.086 0.074 -0.016 0.042*
(0.015) (0.019) (0.069) (0.063) (0.024) (0.022)
Mother has a Bachelor’s or More  -0.034**  -0.044** 0.099 -0.087 -0.013 -0.064***
(0.017)  (0.021)  (0.109)  (0.095)  (0.028)  (0.025)
Not have both father and Mother 0.005 0.018 0.062 -0.086** 0.029 -0.018
(0.014) (0.016) (0.056) (0.043) (0.021) (0.019)
HH income 20K - 35K -0.011 -0.009 0.049 0.023 -0.029 -0.007
(0.027) (0.041) (0.082) (0.059) (0.042) (0.037)
HH income 35K - 75K 0.033 0.040 -0.027 0.061 0.030 0.026
(0.024)  (0.037)  (0.077)  (0.066)  (0.037)  (0.032)
HH income 75K - 100K 0.023 0.042 -0.135 0.065 -0.002 0.042
(0.029) (0.040) (0.099) (0.088) (0.044) (0.037)
HH income > 100K 0.025 0.036 -0.189 0.112 -0.004 0.042
(0.029) (0.039) (0.132) (0.111) (0.045) (0.038)
Home language not English -0.007 0.037 -0.064 -0.035 -0.052 0.013
(0.027)  (0.050)  (0.095)  (0.060)  (0.039)  (0.039)
Parents English not fluent 0.035 0.040 -0.092 0.062 0.007 0.046
(0.028) (0.070) (0.171) (0.060) (0.041) (0.041)
Parents ever held job in US 0.027 0.024 -0.097 0.034 -0.123%* 0.108**
(0.038)  (0.079)  (0.141)  (0.071)  (0.057)  (0.051)
9th grade GPA -0.200%*%*  _0.220%**  -0.093**  -0.125*** _0.185***  -(0.230***
(0.010)  (0.012)  (0.044)  (0.030)  (0.014)  (0.014)
Constant 0.835%**  (0.876***  (0.683***  0.604***  (0.950%**  (.852%**
(0.052) (0.087) (0.171) (0.128) (0.075) (0.073)
R? 0.114 0.133 0.058 0.066 0.103 0.144
Adj. R? 0.110 0.130 0.032 0.045 0.096 0.138
N 6060 3970 610 720 2870 3190

OLS estimates of LPM where the dependent variable is equal to 1 if teacher expectations
differ and 0 otherwise. *Note: * p<0.10, ** p<0.05, ** p<0.01. Parentheses contain
standard errors that are robust to clustering at the school level. Teacher denotes math
teacher only.
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Table 9: Structural Estimates

Variable All White Black Other
Effect of Bias
Y1 0.5275 0.5213 0.5118 0.5310
(0.0492) (0.0610) (0.1572) (0.1049)
Y2 0.4838 0.5562 0.2368 0.3851
(0.0496) (0.0621) (0.1543) (0.1039)
Y Equation
Cy -0.5354  -0.4587  -0.8284  -0.6797
(0.0411)  (0.0518) (0.1353) (0.0957)
o 0.5775 0.5026 0.7908 0.5798
(0.0424) (0.0539) (0.1360) (0.0665)
By 0.4426 0.4985 0.2703 0.4518
(0.0370)  (0.0479) (0.1065) (0.0718)
T1,T2 Equation
c1 0.5134 0.5724 0.2594 0.5051
(0.0235) (0.0305) (0.0826) (0.0530)
co 0.4884 0.5654 0.0692 0.5027
(0.0240) (0.0312) (0.0841) (0.0553)
h1 1.1624 1.4673 0.7296 1.1954
(0.1036) (0.1824) (0.1675) (0.0962)
b2 1.3272 1.6901 0.8560 1.2727
(0.1122)  (0.2006) (0.1964) (0.1037)
51 0.5533 0.5577 0.4715 0.6010
(0.0259) (0.0349) (0.0716) (0.0508)
B2 0.5159 0.5105 0.3941 0.5841
(0.0264) (0.0348) (0.0762) (0.0511)
SM,SR,GPA Equation
Cm -0.0023 0.1739 -0.7530  -0.1658
(0.0130) (0.0148) (0.0376) (0.0265)
cr -0.0022 0.1875 -0.6253  -0.2539
(0.0131) (0.0154) (0.0380) (0.0269)
Cq -0.0017 0.1224 -0.6272  -0.0769
(0.0145) (0.0173) (0.0409) (0.0260)
bm 1.5291 1.5506 1.0208 1.6904
(0.1122) (0.1661) (0.1802) (0.0871)
O 1.4458 1.5446 0.9623 1.4482
(0.1058) (0.1653) (0.1681) (0.0811)
o 1.0916 1.1631 0.6628 1.0972
(0.0814) (0.1268) (0.1244) (0.0627)
Om 0.4743 0.4721 0.4559 0.4852
(0.0097) (0.0106) (0.0338) (0.0158)
o, 0.5542 0.5387 0.5216 0.5893
(0.0078) (0.0096) (0.0239) (0.0132)
o4 0.7778 0.7411 0.8319 0.8402
(0.0080) (0.0092) (0.0288) (0.0173)

Standard errors are computed by constructing the Hessian of the likelihood function using
the 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.
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Table 10: Fraction of Switchers

Always Switch to  Switch to  Always

No-College  College  No College College

White,y; =72 =0 0.506 0.007 0.110 0.376
Black, v1 =72 =0 0.702 0.006 0.061 0.230
White, v1 =0 0.503 0.010 0.060 0.427
Black, v =0 0.699 0.009 0.050 0.241
White, v5 =0 0.503 0.010 0.062 0.424
Black, v =0 0.704 0.005 0.020 0.271

Table 11: Counterfactual Analysis : College Graduation Probability

Blacks Whites
College % Change College % Change
Counterfactual | Graduation in Graduation Graduation in Graduation

10th Percentile

baseline 0.0138 0.0000 0.0668 0.0000

V1,72 0.0136 -1.1833 0.0702 5.1025
20th Percentile

baseline 0.0351 0.0000 0.1112 0.0000

V1,72 0.0342 -2.6783 0.1204 8.2734
40th Percentile

baseline 0.0942 0.0000 0.5725 0.0000

V1,72 0.0883 -6.2190 0.4777 -16.5522
50th Percentile

baseline 0.1320 0.0000 0.6208 0.0000

V1,72 0.1211 -8.2316 0.5368 -13.5357
60th Percentile

baseline 0.4285 0.0000 0.6650 0.0000

V1,72 0.5300 23.6905 0.5933 -10.7798
80th Percentile

baseline 0.5888 0.0000 0.7563 0.0000

V1,72 0.6615 12.3552 0.7140 -5.5948
90th Percentile

baseline 0.6960 0.0000 0.8181 0.0000

V1,72 0.7427 6.7097 0.7940 -2.9546

The probability of graduating college for black and white students in the given percentile
of 6 under counterfactuals where teacher bias has the same effect as the other race. Also
recorded are percent changes in college graduation probabilities relative to the baseline
where students face race-specific bias and human capital production parameters.
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GPA is fixed at population mean for whites (=0.1224), s.d.(§) = 0.5026, ¢, = —0.4587
and by is fixed at 0.2722. 6 here refers to c, + 0
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Appendix A Additional Results

Table A1l: Preliminary Analysis - Effect of Expectation on Education - College

(1) (2) (3) (4) ()
Expect > College, English  0.310** 0.303** 0.253** 0.178** 0.155"**
(0.015)  (0.016) (0.016) (0.016)  (0.017)
Expect > College, Math 0.314** 0.308* 0.260** 0.185*** (0.148***
(0.015)  (0.015) (0.015) (0.016) (0.017)

Teacher Controls No Yes Yes Yes Yes
Student SES No No Yes Yes Yes
9th Grade GPA No No No Yes Yes
School FE No No No No Yes
Adj. R? 0.282 0.292 0.330 0.357 0.269
N 6060 6060 6060 6060 6060

OLS regressions of a LPM of a student attaining at least a 4-year college degree as a
function of english and math teachers’ expectations conditional on set of student and
teacher characteristics. English and math teacher expectations separately have statistically
significant predictive power for student outcome. *Note: * p<0.10, ** p<0.05, *** p<0.01.
Parentheses contain standard errors that are robust to clustering at the school level.

Table A2: Preliminary Analysis - Effect of Expectation on Education - No HS diploma

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

Expect < HS diploma, English 0.161*** 0.160** 0.150*** 0.140** 0.141***
(0.041)  (0.040)  (0.040) (0.040) (0.041)
Expect < HS diploma, Math 0.133**  0.134*> 0.125"* 0.114** 0.119***
(0.043)  (0.043) (0.042) (0.042) (0.043)

Teacher Controls No Yes Yes Yes Yes
Student SES No No Yes Yes Yes
9th Grade GPA No No No Yes Yes
School FE No No No No Yes
Adj. R? 0.051 0.052 0.062 0.070 0.066
N 6060 6060 6060 6060 6060

OLS regression of a LPM of a student fail to get a highschool diploma or equivalent as
a function of english and math teacher’s expectations conditional on set of student and
teacher characteristics. English and math teacher expectations separately have statistically
significant significant predictive power student outcome. *Note: * p<0.10, ** p<0.05, ***
p<0.01. Parentheses contain standard errors that are robust to clustering at the school
level.
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Table A3: Summary Statistics - English Teacher Expectation and Student Outcome

Student Outcome
Teacher Expectation | Less than HS HS Diploma Some College Bachelor’s or More Total
All Students
Less than HS 0.28 0.53 0.61 0.02 1.43
HS Diploma 0.61 3.46 6.86 0.69 11.63
Some College 0.33 3.33 15.01 4.39 23.06
Bachelor’s or More 0.10 1.39 22.48 39.91 63.88
Total 1.32 8.71 44.96 45.01 100.00
White Students
Less than HS 0.23 0.38 0.50 0.03 1.13
HS Diploma 0.45 3.20 5.66 0.53 9.84
Some College 0.20 3.37 13.67 4.78 22.02
Bachelor’s or More 0.03 1.41 21.62 43.95 67.00
Total 0.91 8.36 41.45 49.28 100.00
Black Students
Less than HS 0.33 0.99 1.65 0.00 2.97
HS Diploma 0.99 4.78 12.19 1.98 19.93
Some College 0.66 1.48 23.06 3.46 28.67
Bachelor’s or More 0.49 1.15 23.39 23.39 48.43
Total 2.47 8.40 60.30 28.83 100.00
Hispanic Students
Less than HS 0.83 1.10 0.83 0.00 2.76
HS Diploma 1.52 4.28 9.81 0.69 16.30
Some College 0.83 4.42 20.17 3.59 29.01
Bachelor’s or More 0.14 1.66 25.41 24.72 51.93
Total 3.31 11.46 56.22 29.01 100.00
Male Students
Less than HS 0.31 0.70 0.80 0.03 1.85
HS Diploma 0.73 4.32 7.60 0.94 13.59
Some College 0.17 4.01 15.12 4.91 24.22
Bachelor’s or More 0.14 1.43 22.02 36.76 60.35
Total 1.36 10.45 45.54 42.65 100.00
Female Students
Less than HS 0.25 0.38 0.44 0.00 1.06
HS Diploma 0.50 2.69 6.20 0.47 9.87
Some College 0.47 2.72 14.91 3.91 22.02
Bachelor’s or More 0.06 1.35 22.89 42.75 67.05
Total 1.28 7.14 44.44 47.13 100.00

Math teacher expectation-student educational outcome transition. Each entry represent
percentage of observations that fall in the particular category.
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Table A4: Descriptive Regression - English Teacher Optimism

Coefficients APE - Under APE - Correct APE - Over
Prediction Prediction Prediction
(1) (2) (3) (4)
Teacher Non-White -0.069 0.013 0.008 -0.020
(0.098) (0.018) (0.011) (0.029)
Teacher is Male -0.066 0.012 0.007 -0.020
(0.059) (0.011) (0.006) (0.018)
Teacher Experience -0.009*** 0.002%** 0.001*** -0.003%**
(0.003) (0.001) (0.000) (0.001)
Teacher major in English -0.018 0.003 0.002 -0.005
(0.052) (0.010) (0.006) (0.015)
Teacher has graduate degree -0.012 0.002 0.001 -0.003
(0.057) (0.011) (0.006) (0.017)
Teacher has no regular certificate 0.064 -0.012 -0.007 0.019
(0.080) (0.015) (0.009) (0.024)
Student is American Indian 0.364 -0.068 -0.040 0.108
(0.350) (0.065) (0.038) (0.104)
Student is Asian -0.095 0.018 0.010 -0.028
(0.083) (0.016) (0.009) (0.025)
Student is Black -0.106 0.020 0.012 -0.031
(0.072) (0.013) (0.008) (0.021)
Student is Hispanic 0.047 -0.009 -0.005 0.014
(0.077) (0.014) (0.008) (0.023)
Student is Multiple Race 0.090 -0.017 -0.010 0.027
(0.090) (0.017) (0.010) (0.027)
Mother has a Bachelor’s or More -0.016 0.003 0.002 -0.005
(0.053) (0.010) (0.006) (0.016)
HH income 20K - 35K 0.172%* -0.032%* -0.019** 0.051%*
(0.080) (0.015) (0.009) (0.024)
HH income 35K - 75K 0.230%** -0.043%** -0.025%** 0.068%**
(0.073) (0.014) (0.008) (0.022)
HH income 75K - 100K 0.189** -0.035** -0.021°** 0.056**
(0.085) (0.016) (0.009) (0.025)
HH income > 100K 0.133 -0.025 -0.015 0.039
(0.083) (0.015) (0.009) (0.024)
9th grade GPA 0.288%** -0.054%** -0.0317%** 0.085%**
(0.028) (0.005) (0.003) (0.008)
Pseudo-R? 0.105
N 6060

Ordered probit regression explaining over/under optimism by english teachers as a func-
tion of teacher characteristics, and student sociodemographic variables. Column (2) gives
average partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectation matching
actual outcome, and Column (4) gives APE for teacher expectations being overly opti-
mistic. *Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that
are robust to clustering at the school level. Teacher denotes English Teacher only.
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Table A5: Descriptive Regression - Math Teacher Optimism - Experience Level Dummies

Coefficients APE - Under APE - Correct APE - Over

(1) (2) (3) (4)
Teacher Non-White 0.234%* -0.045%* -0.023** 0.069**
(0.092) (0.018) (0.009) (0.027)
Teacher is Male -0.031 0.006 0.003 -0.009
(0.048) (0.009) (0.005) (0.014)
Teacher 2 yrs of Experience 0.007 -0.001 -0.001 0.002
(0.165) (0.032) (0.016) (0.048)
Teacher 3 yrs of Experience -0.052 0.010 0.005 -0.015
(0.149) (0.029) (0.015) (0.044)
Teacher 4 yrs of Experience -0.168 0.032 0.017 -0.049
(0.154) (0.030) (0.015) (0.045)
Teacher Experience 5-9 years -0.073 0.014 0.007 -0.021
(0.127) (0.025) (0.013) (0.037)
Teacher Experience 10-14 years -0.131 0.025 0.013 -0.039
(0.130) (0.025) (0.013) (0.038)
Teacher More than 15 yrs Experience ~ -0.231%* 0.045%* 0.023* -0.068*
(0.127) (0.025) (0.013) (0.037)
Teacher major in Math -0.037 0.007 0.004 -0.011
(0.046) (0.009) (0.005) (0.013)
Teacher has graduate degree -0.080 0.015 0.008 -0.023
(0.052) (0.010) (0.005) (0.015)
Teacher has no regular certificate 0.033 -0.006 -0.003 0.010
(0.085) (0.016) (0.008) (0.025)
Pseudo-RR? 0.105
N 6060

Pseudo-R? = 0.105, N = 6060. Ordered probit regression explaining over /under optimism
by math teachers as a function of teacher characteristics, and student sociodemographic
variables, with experience group categories. Student sociodemographic coefficients and
SES appear in table Column (2) gives average partial effects (APE) for the prob-
ability that teacher expectations are lower than actual educational attainment, Column
(3) gives APE for teacher expectations matching actual outcome, and Column (4) gives
APE for teacher expectations being overly optimistic. Note: * p<0.10, ** p<0.05, ***
p<0.01. Parentheses contain standard errors that are robust to clustering at the school
level. Teacher denotes English teacher only.
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Table A6: Descriptive Regression - Math Teacher Optimism - Experience Level Dummies

Coefficients APE - Under APE - Correct APE - Over

1) ) (3) (4)
Student is American Indian 0.275 -0.053 -0.027 0.081
(0.327) (0.063) (0.033) (0.096)
Student is Asian -0.172% 0.033* 0.017* -0.050%*
(0.089) (0.017) (0.009) (0.026)
Student is Black -0.223*#%* 0.043*%* 0.022%** -0.065***
(0.073) (0.014) (0.007) (0.021)
Student is Hispanic -0.042 0.008 0.004 -0.012
(0.079) (0.015) (0.008) (0.023)
Student is Multiple Race 0.036 -0.007 -0.004 0.011
(0.087) (0.017) (0.009) (0.026)
Student is Male 0.034 -0.007 -0.003 0.010
(0.035) (0.007) (0.004) (0.010)
Father has HS Diploma 0.197*** -0.038%** -0.020%** 0.058***
(0.049) (0.009) (0.005) (0.014)
Father has Some College 0.145%#* -0.028%*** -0.014%*** 0.043%%*
(0.047) (0.009) (0.005) (0.014)
Father has a Bachelor’s or More 0.009 -0.002 -0.001 0.003
(0.047) (0.009) (0.005) (0.014)
HH income 20K - 35K 0.159** -0.031°** -0.016** 0.047**
(0.078) (0.015) (0.008) (0.023)
HH income 35K - 75K 0.126* -0.024* -0.013* 0.037*
(0.074) (0.014) (0.007) (0.022)
HH income 75K - 100K 0.109 -0.021 -0.011 0.032
(0.082) (0.016) (0.008) (0.024)
HH income > 100K 0.081 -0.016 -0.008 0.024
(0.084) (0.016) (0.008) (0.024)
9th grade GPA 0.291*** -0.056*** -0.029%*** 0.085***
(0.028) (0.006) (0.003) (0.008)
Pseudo-R? 0.105
N 6060

Continuation from table Ordered probit regression explaining over/under optimism
by math teachers as a function of teacher characteristics, and student sociodemographic
variables, with experience group categories . Column (2) gives average partial effects
(APE) for the probability that teacher expectations are lower than actual educational
attainment, Column (3) gives APE for teacher expectations matching actual outcome,
and Column (4) gives APE for teacher expectations being overly optimistic. Note: *
p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that are robust to
clustering at the school level. Teacher denotes English teacher only.
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Table A7: Descriptive Regression - Math Teacher Optimism - White Students

Coefficients APE - Under APE - Correct APE - Over

Prediction Prediction Prediction
(1) (2) (3) (4)
Teacher is Non-White 0.137 -0.023 -0.015 0.038
(0.132) (0.022) (0.015) (0.037)
Teacher is Male -0.017 0.003 0.002 -0.005
(0.062) (0.010) (0.007) (0.017)
Teacher Experience -0.007*** 0.001*** 0.001** -0.002***
(0.003) (0.000) (0.000) (0.001)
Teacher major in Math -0.056 0.010 0.006 -0.016
(0.062) (0.010) (0.007) (0.017)
Teacher has graduate degree -0.054 0.009 0.006 -0.015
(0.069) (0.012) (0.008) (0.019)
Teacher has no regular certificate 0.161 -0.027 -0.018 0.045
(0.102) (0.017) (0.011) (0.029)
Mother has a Bachelor’s or More -0.045 0.008 0.005 -0.013
(0.066) (0.011) (0.007) (0.019)
HH income 20K - 35K 0.296** -0.050** -0.033** 0.083*
(0.131) (0.022) (0.015) (0.037)
HH income 35K - 75K 0.280** -0.047** -0.031** 0.079*
(0.122) (0.021) (0.014) (0.034)
HH income 75K - 100K 0.199 -0.034 -0.022 0.056
(0.124) (0.021) (0.014) (0.035)
HH income > 100K 0.209 -0.035 -0.023 0.059
(0.130) (0.022) (0.015) (0.036)
9th grade GPA 0.271%* -0.046*** -0.030*** 0.076**
(0.037) (0.006) (0.004) (0.010)
Pseudo- R? 0.127
N 3970

Ordered probit regressions explaining over/under optimism by math teachers as a func-
tion of teacher characteristics, and student sociodemographic variables. Column (2) gives
average partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectations matching
the actual outcome, and column (4) gives APE for teacher expectations being overly opti-
mistic. *Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that
are robust to clustering at the school level. Teacher denotes math teacher only.
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Table A8: Descriptive Regression - Math Teacher Optimism - Black Students

Coefficients APE - Under APE - Correct APE - Over
Prediction Prediction Prediction
(1) (2) (3) (4)
Teacher is Non-White 0.580* -0.110* -0.005 0.115*
(0.304) (0.057) (0.003) (0.060)
Teacher is Male -0.094 0.018 0.001 -0.019
(0.222) (0.042) (0.002) (0.044)
Teacher Experience -0.001 0.000 0.000 -0.000
(0.013) (0.002) (0.000) (0.003)
Teacher major in Math 0.147 -0.028 -0.001 0.029
(0.210) (0.040) (0.002) (0.042)
Teacher has graduate degree -0.255 0.048 0.002 -0.051
(0.212) (0.040) (0.002) (0.042)
Teacher has no regular certificate -0.041 0.008 0.000 -0.008
(0.435) (0.082) (0.004) (0.086)
Mother has a Bachelor’s or More 0.248 -0.047 -0.002 0.049
(0.328) (0.062) (0.003) (0.065)
HH income 20K - 35K 0.155 -0.029 -0.001 0.031
(0.243) (0.046) (0.002) (0.048)
HH income 35K - 75K -0.023 0.004 0.000 -0.004
(0.247) (0.047) (0.002) (0.049)
HH income 75K - 100K -0.024 0.005 0.000 -0.005
(0.386) (0.073) (0.004) (0.077)
HH income > 100K 0.165 -0.031 -0.002 0.033
(0.418) (0.079) (0.004) (0.083)
9th grade GPA 0.553*** -0.105*** -0.005*** 0.110***
(0.132) (0.023) (0.002) (0.024)
Pseudo-R? 0.355
N 610

Ordered probit regressions explaining over/under optimism by math teachers as a func-
tion of teacher characteristics, and student sociodemographic variables. Column (2) gives
average partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectation matching
actual outcome, and column (4) gives APE for teacher’s expectation being overly opti-
mistic. ¥*Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that

are robust to clustering at the school level. Teacher denotes math teacher only.
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Table A9: Descriptive Regression - Math Teacher Optimism - Hispanic Students

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

Teacher Non-White 0.342 -0.050 -0.026 0.076
(0.275)  (0.041) (0.020)  (0.061)
Teacher is Male 0.042 -0.006 -0.003 0.009
(0.212)  (0.031) (0.016)  (0.047)
Teacher Experience 0.002 -0.000 -0.000 0.000
(0.010)  (0.001) (0.001)  (0.002)
Teacher major in Math -0.246 0.036 0.019 -0.055
(0.201)  (0.030) (0.015)  (0.045)
Teacher has graduate degree -0.301 0.044 0.023 -0.067

(0.233)  (0.034) (0.018)  (0.052)
Teacher has no regular certificate  -0.160 0.023 0.012 -0.036
(0.329)  (0.048) (0.025)  (0.073)
Mother has a Bachelor’s or More  0.087 -0.013 -0.007 0.019
(0.260)  (0.038) (0.020)  (0.058)

HH income 20K - 35K -0.170 0.025 0.013 -0.038
(0.199)  (0.029)  (0.015)  (0.045)
HH income 35K - 75K -0.187 0.027 0.014 -0.042
(0.247)  (0.036)  (0.019)  (0.055)
HH income 75K - 100K 0.163 -0.024 -0.012 0.036
(0.379)  (0.056)  (0.029)  (0.085)
HH income > 100K -0.009 0.001 0.001 -0.002
(0437)  (0.064)  (0.033)  (0.098)
9th grade GPA 0.403*** -0.059*** -0.031*** 0.090***
(0.095)  (0.014)  (0.007)  (0.021)
Pseudo-R? 0.364
N 720

Ordered probit regressions explaining over/under optimism by math teachers as a func-
tion of teacher characteristics, and student sociodemographic variables. Column (2) gives
average partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectations matching
actual outcome, and Column (4) gives APE for teacher expectations being overly opti-
mistic. ¥*Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that
are robust to clustering at the school level. Teacher denotes math teacher only.
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Table A10: Correlates of over/under optimism, Math Teacher (Ordered Probit Coeffi-

cients), Male Students Only

Coefficients APE - Under APE - Correct APE - Over
Prediction Prediction Prediction
(1) (2) (3) (4)
Teacher is Non-White 0.153 -0.028 -0.013 0.042
(0.151) (0.028) (0.013) (0.041)
Teacher is Male 0.113 -0.021 -0.010 0.031
(0.073) (0.014) (0.006) (0.020)
Teacher Experience -0.009** 0.002** 0.001** -0.002**
(0.004) (0.001) (0.000) (0.001)
Teacher major in Math -0.005 0.001 0.000 -0.001
(0.073) (0.014) (0.006) (0.020)
Teacher has graduate degree -0.002 0.000 0.000 -0.001
(0.085) (0.016) (0.007) (0.023)
Teacher has no regular certificate 0.150 -0.028 -0.013 0.041
(0.115) (0.021) (0.010) (0.031)
Student is American Indian 0.427 -0.079 -0.037 0.116
(0.610) (0.113) (0.052) (0.166)
Student is Asian -0.270** 0.050** 0.023** -0.073**
(0.133) (0.025) (0.011) (0.036)
Student is Black -0.193 0.036 0.017 -0.053
(0.128) (0.024) (0.011) (0.035)
Student is Hispanic -0.175 0.033 0.015 -0.048
(0.126) (0.023) (0.011) (0.034)
Student is Multiple Race -0.156 0.029 0.013 -0.042
(0.135) (0.025) (0.012) (0.037)
Mother has a Bachelor’s or More -0.042 0.008 0.004 -0.011
(0.090) (0.017) (0.008) (0.024)
HH income 20K - 35K 0.272* -0.051* -0.023* 0.074*
(0.143) (0.026) (0.012) (0.039)
HH income 35K - 75K 0.228* -0.042* -0.020* 0.062*
(0.135) (0.025) (0.012) (0.037)
HH income 75K - 100K 0.257* -0.048* -0.022* 0.070*
(0.145) (0.027) (0.013) (0.040)
HH income > 100K 0.197 -0.037 -0.017 0.054
(0.148) (0.027) (0.013) (0.040)
9th grade GPA 0.279*** -0.052*** -0.024*** 0.076***
(0.044) (0.008) (0.004) (0.012)
Pseudo- R? 0.171
N 2870

Ordered probit regressions explaining over/under optimism by math teachers as a func-
tion of teacher characteristics, and student sociodemographic variables. Column (2) gives
average partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectations matching
actual outcome, and Column (4) gives APE for teacher expectations being overly opti-
mistic. *Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that

are robust to clustering at the school level. Teacher denotes math teacher only.
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Table A11: Descriptive Regression - Math Teacher Optimism - Female Students

Coefficients APE - Under APE - Correct APE - Over
Prediction Prediction Prediction
(1) (2) (3) (4)
Teacher is Non-White 0.260* -0.044* -0.025%* 0.069*
(0.143) (0.024) (0.014) (0.038)
Teacher is Male -0.147%* 0.025%* 0.014** -0.039%*
(0.072) (0.012) (0.007) (0.019)
Teacher Experience -0.007** 0.001** 0.001** -0.002**
(0.004) (0.001) (0.000) (0.001)
Teacher major in Math -0.084 0.014 0.008 -0.022
(0.072) (0.012) (0.007) (0.019)
Teacher has graduate degree -0.118 0.020 0.011 -0.031
(0.079) (0.013) (0.008) (0.021)
Teacher has no regular certificate 0.087 -0.015 -0.008 0.023
(0.121) (0.020) (0.012) (0.032)
Student is American Indian 0.228 -0.039 -0.022 0.060
(0.348) (0.059) (0.033) (0.092)
Student is Asian -0.114 0.019 0.011 -0.030
(0.150) (0.025) (0.014) (0.040)
Student is Black -0.265%* 0.045%* 0.025%* -0.070%*
(0.111) (0.019) (0.011) (0.029)
Student is Hispanic 0.048 -0.008 -0.005 0.013
(0.115) (0.019) (0.011) (0.030)
Student is Multiple Race 0.249* -0.042%* -0.024* 0.066*
(0.139) (0.024) (0.013) (0.037)
Mother has a Bachelor’s or More 0.104 -0.018 -0.010 0.028
(0.083) (0.014) (0.008) (0.022)
HH income 20K - 35K 0.130 -0.022 -0.012 0.034
(0.116) (0.020) (0.011) (0.031)
HH income 35K - 75K 0.114 -0.019 -0.011 0.030
(0.106) (0.018) (0.010) (0.028)
HH income 75K - 100K 0.059 -0.010 -0.006 0.016
(0.117) (0.020) (0.011) (0.031)
HH income > 100K 0.068 -0.012 -0.006 0.018
(0.118) (0.020) (0.011) (0.031)
9th grade GPA 0.327%** -0.055%** -0.0317%** 0.086***
(0.044) (0.008) (0.004) (0.011)
Pseudo-R? 0.175
N 3190

Ordered probit regression explaining over /under optimism by math teachers as a function
of teacher characteristics, and student sociodemographic variables. Column (2) gives av-
erage partial effects (APE) for the probability that teacher expectations are lower than
actual educational attainment, Column (3) gives APE for teacher expectations matching
actual outcome, and Column (4) gives APE for teacher expectations being overly opti-
mistic. *Note: * p<0.10, ** p<0.05, *** p<0.01. Parentheses contain standard errors that

are robust to clustering at the school level. Teacher denotes math teacher only.
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Appendix B Additional Results on Identification

In the main text, we claimed that we could identify the impact of bias without using ad-
ditional data if were are willing to make parameter restrictions. One of the reasons we
instead opt for using additional data is that it will allow us to relax continuity of outcomes.
Moreover, we can avoid parameter restrictions. Still, we think it is worth showing here that
even if we limit ourselves to teacher expectations and student outcomes, we can still achieve

identification of the magnitude bias, its various sources and its impact on outcomes.

In what follows, we omit the subscript 7. Y is a continuous outcome. 7T} are teacher
expectations for teacher j € {1,2} about the outcome Y. We have suppressed student
indices. b; 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 c¢;. This captures how, on average, teachers
can be wrong. We also teachers to make a student specific error, which is denoted e;. We

also allow teachers be wrong about how # maps to outcomes.

Y = ¢, +04[b1 +bo]y+ey
Ty c1+ 00 + e (26)
Tg = CQ+¢9+62

Notice, we have made parameter restrictions. In particular, ¢; = @9 = ¢ and 7, = 1y = 7.
We also assume that the disturbances e and 0 are all normally distributed and independent

of one another with mean zero:

0 ~ N
ey ~ N
N

€1

(27)
€y v N

Rewrite the production of expectations to be:

T = cy+0+(c1—c)+(p—1)0+¢

(28)
T cy+0+(ca—cy)+(p—1)0+e

Notice teacher expectations are the correct expectations plus a systematic component ¢; —c,,
a component that depends on ability 6 and an idiosyncratic component. Bias is defined as

follows:
Ti—cy,—0 = by=(c1—cy)+(p—1)0+¢

(29)
TQ_Cy_Q = bQZ(CQ—Cy)—l-(qb—l)e—’—eg
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Given the above, we re-write the outcome equation as follows:

Y

ey + (c1 4+ 2 — 2¢y)y
o1+ 24(6— 1))
€1y + €2y

e

+ + +

Y

Rewrite this as
Y = ¢, +0+ey+ery+ey

' = a+¢fd+e

Ty = co+ @+ e9 (31)
¢y = cy+(c1+c2—2¢)y

Y= 1+29(¢—1)

Once again, demean, so that Y —¢, = 37, T —c = Tl and 15 —cy = TQ. Next, independence

implies the following:

Cov(Ty,Ty) = ¢*Var()
Cov(Y,Ty) = w¢Var(f) +Var(er)
Cov(Y,Ty) = 1¢Var(f) + yVar(e,) (32)
Var(Ty) = ¢?Var(h) + Var(e;)
Var(Ty) = ¢?Var(h) + Var(es)
Notice . -
Var(e;) = Var(Ty) — Cov(11,T5)
Var(ey) = Var(Ty) — Cov(Th, Ty) (33)
Cov(Y,Ty) — Cov(Y,Ty) = ~[Var(ey) — Var(ey)]
Therefore

N = COV()}, iZjl) - COV(?, TQ) (34)
Var(Tl) — Var(TQ)

Since we have ~, we can identify ¢ and 1 as follows:

P[Cov(Y,T1) — yVar(ey)] = Cov(Ty,Ty) = 1h¢*Var(6)
d) COV(Tl,Tg)
> = —

p Cov(Y,T1)—~Var(e
_ [ ( 1) %OV(%E,)']‘LQ) (35)
- [Cov(f/',fl)—’y(Var(i“l)—Cov(Tlj“g))]
= A

We also have that
Yp=1+2v(¢—1) (36)
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Together, we get that:
1—2y

T 1-29A

When we get results, it will sometimes be interesting to decompose the different effects of

(0 (37)

bias. To make this clear, re-write the outcome equation as follows:

Y = cy +0 . Explains Y
+ (c1 4¢3 —2¢y)y : Systematic Bias
+ 62(p—1)y : Biasas a Function of ¢
+ (e1+e2)y . Idiosyncratic Bias (38)
+ ey : Disturbance
T, = ca+o¢b+e
T, = co+ @0+ e

Estimating this model purely on expectations and outcomes data yields 4 = 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 do not appear to drive our main results. However, as
we mentioned, this model places additional parameter restrictions on the model. Moreover,
identification requires continuity, which is something we would like to relax. Therefore,
we choose to rely on additional data (test scores) rather than on parameter restrictions to
identify the model.

59



	Introduction
	Data
	Empirical Patterns
	Teacher Expectations and Student Outcomes
	Are Teachers Systematically Over-Optimistic?
	When, Why, and to What Degree do Teachers Disagree?

	Do Teacher Expectations Matter?
	Conceptual Model and Omitted Variables Bias
	An Empirical Model of Teacher Biases and Student Outcomes
	Deriving Estimation Equations
	Estimation
	Discrete Outcomes
	Parameter Estimates

	Results
	Teacher Biases and Race
	The Impact of Bias on College Going
	What if Black Students Faced White Students' Bias?

	Conclusion
	Additional Results
	Additional Results on Identification

