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Abstract: Detailed administrative data from a large and diverse community college are
used to examine if academic performance depends on whether students are the same race
or ethnicity as their instructors. To identify racial interactions and address many threats to
internal validity we estimate models that include both student and classroom fixed
effects. Given the large sample sizes and computational complexity of the 2-way fixed
effects model we rely on numerical algorithms that exploit the particular structure of the
model’s normal equations. Although we find no evidence of endogenous sorting, we
further limit potential biases from sorting by focusing on students with restricted course
enrollment options due to low registration priorities, students not getting first section
choices, and on courses with no within-term or within-year racial variation in instructors.
We find that the performance gap in terms of class dropout rates, pass rates, and grade
performance between white and underrepresented minority students falls by roughly half
when taught by an underrepresented minority instructor. We also find these interactions
affect longer term outcomes such as subsequent course selection, retention, and degree
completion. Potential mechanisms for these positive interactions are examined.

' We are extremely grateful to Bob Barr, Andrew LaManque, Howard Irvin and Stephen Fletcher for
providing the administrative data for students. Special thanks also go to Lydia Hearn, Kathleen Moberg,
Mallory Newell, Jerry Rosenberg, and Rowena Tomaneng for providing detailed information on courses,
minority student programs, and registration procedures. Thanks also go to Alex Haslam, David Levine,
Uros Petronijevic, and seminar participants at the University of Calgary, University of British Columbia,
University of Manitoba, University of Victoria, the Gender and Academia Conference in Sweden, the
NBER Education Program fall meeting, the Presidential and Academic Senate Leadership Presentation at
De Anza College, Northern California Community Colleges Institutional Researchers workshop, Case
Western University, University of Colorado Boulder, the 2013 American Economics Association annual
meeting in San Francisco, and RAND.



1. Introduction

The achievement gap between historically underrepresented minority students and
non-minority students is one of the most persistent and vexing problems of the
educational system in the United States.” African-American, Latino and Native-American
students have substantially lower test scores, grades, high school completion rates,
college attendance rates, and college graduation rates than non-minority students.” Recent
research by Fryer and Levitt (2006) and Fryer (2011) documents that, for African-
Americans, achievement gaps start to appear in elementary school and persist throughout
primary and secondary education. The empirical evidence presented by Arcidiacono et al.
(2011) suggests that similar gaps exist at highly selective post-secondary institutions.
Ultimately these gaps translate into substantially lower completion rates for African-
Americans and Latinos compared to non-minorities. A major concern is that, in spite of
substantial publicity and some affirmative action, the gap has not shrunk over the last two
decades, which contrasts sharply with trends in other educational disparities such as the
gender galp.4 Such persistent disparities in educational attainment may have major
implications for income and wealth inequality across racial and ethnic groups.” It is
therefore imperative to study the sources of the minority achievement gap and to evaluate
the effectiveness of potential policy interventions.

A common, though hotly debated, policy prescription is to expand the

representation of minority instructors at all levels of the educational system. Indeed, there

? In the following we use “underrepresented minority” and “minority” interchangeably. This group includes
African-Americans, Hispanics, and Native Americans, which is the common definition used for
"underrepresented minority" in California public higher education.

? See U.S. Department of Education (2010).

* See e.g. Fryer and Levitt (2006).

> Such arguments are made in e.g. Altonji and Blank (1999), Card (1999), and Jencks and Phillips (1998).
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is a general lack of minority teachers, especially at the post-secondary level: only 9.6
percent of all full-time instructional faculty at U.S. colleges are black, Latino or Native
American, while these groups comprise one-third of the college-age population and an
even higher percentage of children.® As argued by many social scientists, this imposes
severe limits on the availability of role models, increases the likelihood of “stereotype
threats” and discrimination against minority students, and restricts exposure to instructors
with similar cultures and languages.

In this paper we offer the first systematic empirical study of minority interactions
between students and instructors at the post-secondary education level. We test whether
minority students experience significant achievement gains from being taught by a
minority professor. These questions are examined using a novel and unique
administrative dataset with detailed demographic information on instructors as well as
students from a large and ethnically diverse community college. Our data contain
comprehensive background information on instructors and students for each class,
students’ course-level academic outcomes, and long-term outcomes such as majors,
retention, degree completion, and transfers to 4-year colleges. We are also able to match
student-course-level data to administrative data on all registration attempts and waitlists
by students at the college, allowing us to examine whether students get their first choice
among sections.

In addition to providing general evidence on the importance of social interactions
by race and ethnicity, our study is also the first to focus on the community college
system. The lack of previous research using data from community colleges is somewhat

surprising given that they enroll nearly half of all students attending public universities.

% See U.S. Department of Education (2010).



Since community colleges, in addition to providing workforce training, serve as an
important gateway to 4-year colleges, they can be seen as a crucial part of the post-
secondary educational system in the United States. In fact, in some states, including
California, nearly half of all students attending a 4-year college previously attended a
community college.” With recent calls for major expansions in enrollments and provision
of 4-year transfer courses, one can expect that community colleges will gain further
importance.® Policy interventions targeting community colleges are therefore likely to
have major effects on the educational system as a whole.

It is well known that random assignment of students to classes does not occur at
community colleges or 4-year universities outside of the military post-secondary
educational system.” We therefore employ several empirical strategies to rule out the
possibility that the estimates are driven by omitted variable biases, to explore the external
validity of our results, and to investigate the channels through which our estimated
reduced-form effects operate. Our basic empirical approach is built on a regression model
in which the parameter of interest is the differential effect between minority and non-
minority students of being assigned to a minority-instructor in the same class. This
answers the question of whether minority students experience gains relative to non-
minority students from being taught by minority instructors. The focus on estimation of
these interaction effects from panel data such as ours permits tremendous flexibility in

the types of specifications one can estimate. In particular, the explanatory variable of

7See U.S. Department of Education (2010); CCCCO (2009); Sengupta and Jepsen (2006).

¥ For example, President Obama has proposed an unprecedented funding increase for community colleges
that aims to boost graduates by 5 million students by 2020. In California, transfers from community
colleges to the California State University (CSU) system are projected to increase by 25 percent over the
next decade (California Postsecondary Education Commission 2010).

? Random assignment takes place at the U.S. Air Force Academy that provides undergraduate education for
officers in the U.S. Air Force (Carrell, Page, and West 2010).
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interest varies both within student and within classroom, allowing us to estimate models
that simultaneously include student and classroom fixed effects. This eliminates biases
coming from student specific differences common across courses and classroom specific
differences common across classmates.'® Including classroom fixed effects leads to
standardizing grade outcomes, since we are only using within-classroom differences
among students who complete the same assignments, take the same exams, and are
subject to the same grading policies. Furthermore, our two-way fixed effects specification
with individual and class fixed effects controls for the possibility that minority and non-
minority students enroll in courses or subjects with more lenient grading policies. Given
the sample size — we observe over 30,000 students in nearly 21,000 classes — estimation
of this model by conventional algorithms is computationally infeasible. To address this
problem, we conduct the first application of an algorithm that has been applied to the
estimation of firm and worker fixed effects with large administrative data to the
estimation of student and teacher fixed effects. "’

While our empirical model addresses many of the potential threats to internal
validity, we cannot directly control for differential sorting across minority student groups
that may arise if, for example, highly motivated minority students systematically sort into
minority-taught classes while highly motivated non-minority students do not. However,
with an appropriate set of observable variables that is highly correlated with unobserved
student abilities, such as a student’s past academic performance, this hypothesis of

differential sorting is testable. Implementation of such a test using a rich set of

' Here and subsequently we use the term “class” or “classroom” to refer to a particular offering or section
of a course with a specific instructor during some term, such as "Principle of Microeconomics: ECON-
100". Hence, a "class" or "classroom" is uniquely defined by course title, section, and term.

' See for example Abowd, Kramarz, and Margolis (1999) and Abowd, Creecy, and Kramarz (2002).
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observables does not uncover any evidence of differential sorting. Nevertheless, we
exploit the institutional features at our community college to generate samples of students
in which the incidence of endogenous sorting of students to instructors is minimized. We
take advantage of the registration priority system at the community college and focus on
students with limited class enrollment choices. Given the intense competition for classes
created by negligible tuition, absence of admissions requirements, and desirable location
of the college, students with the lowest registration priority status have severely restricted
class enrollment choices. Registration attempt data confirm the limited choices of these
students (only 55 percent get their first section choice) and allow us to further refine the
sample. We also estimate our model from a sample of courses in which students have no
choice over instructor's race within a term or even academic year, thus ruling out the
possibility of sorting within that term or year by construction.

We find that the minority achievement gap is smaller in classes taken with
minority instructors for several course outcome measures. Minority students obtain better
grades, are less likely to drop a course, are more likely to pass a course, and are more
likely to have a grade of at least a B. These gaps are reduced by roughly half with a
minority instructor and translate into longer-run impacts on taking additional courses in
subjects, major choice, retention, and degrees. Effects on dropping a course in the first
few weeks, long-term outcomes, and performance in more objectively graded courses
such as those relying heavily on multiple-choice exams and math courses, suggest that
students are reacting to the race and ethnicity of the instructor rather than the other way

around. We find evidence of both positive role model effects, with minority students



performing better with minority instructors, and negative influences, with non-minority
students doing worse with minority instructors.

Our paper is related to a number of studies, most notably Dee (2004, 2005, 2007)
and Ehrenberg, Goldhaber and Brewer (1995), that use data from the elementary and g™
grade educational levels to estimate race and ethnicity interactions between students and
teachers. They find some evidence of positive student-teacher interactions by race and
gender. Our paper is also related to a small, but growing literature that focuses on gender
interactions between students and instructors at the post-secondary level. Similar to our
work, these studies rely increasingly on high-quality administrative student panel data
that can be matched to instructor-level data. They tend to conclude that female students
perform relatively better when matched to female instructors (e.g. Bettinger and Long
2005; Hoffmann and Oreopoulos 2009).'? A recent study by Carrell, Page, and West
(2010), which takes advantage of the random assignment of students to classrooms at the
U.S. Air Force Academy, also finds that female students perform better in math and
science courses with female instructors. None of these previous studies, however,
examine the impact of an instructor’s minority status, race or ethnicity on student
outcomes at the post-secondary education level, due to not being able to obtain race
information on instructors and the lack of underrepresented minority faculty at more
selective colleges.'® This might be an important omission in the literature, as the effects

of minority faculty on minority students may be larger due to the sizeable racial

'2 A larger literature studies gender interactions at the primary or secondary school level. The findings are
generally mixed (see for example, Nixon and Robinson 1999, Ehrenberg, Goldhaber, and Brewer 1995,
Dee 2007, Holmlund and Sund 2005, Carrington and Tymms 2005, 2007, Lahelma 2000, and Lavy and
Schlosser 2007).

" For example, the U.S. Air Force Academy has roughly 35 disadvantaged minority instructors making it
difficult to study racial and ethnic interactions.



achievement gap and similarities in culture, language and economic backgrounds. In
addition, measures of racial inequality in education, income and other outcomes have not
decreased over the last two decades, in sharp contrast to corresponding measures of
gender inequality. Our data also allow us to explore interaction effects on a more
comprehensive set of course-level and long-term outcomes compared to previous studies.

The rest of the paper proceeds as follows: Section 2 starts by providing some
institutional background, and then describes and summarizes the data. The next section
introduces our econometric framework. Section 4 presents evidence on student sorting
and the main results on racial interactions in educational outcomes. The final section

concludes.

2. Data
2.1 Institutional Background

Our analysis is based on administrative data from De Anza College, a large
community college that is located in the San Francisco Bay Area. It is part of the
California Community College system, which is the largest higher educational system in
the United States with 110 colleges and 2.9 million students per year. De Anza College
has an average total enrolment of 22,000 students per year. It has a larger share of
minority students than the nationally representative community college, reflecting the
diversity of Northern California. The College is on the quarter system, and the majority
of classes are restricted to 50 or fewer students. The tuition at De Anza College is $17 per
unit (roughly $850 per year in tuition and fees) with a large percentage of students

receiving fee waivers because of financial need. Similar to all community colleges in



California it has open enrolment — anyone with a high school diploma or equivalent is

automatically admitted.

2.2 Registration Priority System

Open enrolment, very low tuition costs, mandated small class sizes, and its
location in the San Francisco Bay Area create intense competition for courses at De Anza
College. Because of the general excess demand for courses, the College has established a
strictly enforced registration priority system which determines the day on which students
are allowed to register over an eight-day period. Registration priority is determined by
whether the student is new, returning or continuing, the number of cumulative units
earned at De Anza College, and enrolment in special programs.'* It does not depend on
past academic performance. Incoming students and students who have taken a break
away from the college have the lowest priority status. Priority status improves for
continuing students by cumulative unit blocks.

A student’s registration priority has a large impact on his or her choice of
classes.'> Conversations with college administrators revealed that students with a low
ranking on course-priority lists have severely limited choices in instructors. As a
consequence, for a particular course that has multiple class offerings these students
should be expected to have little control over the instructor with whom they are matched.
We confirm this anecdotal evidence by analyzing detailed registration attempt and wait-

list data from the college. We find that among students with a low registration priority,

'* We remove students enrolled in special and often minority-student focused programs, such as SLAM,
STARS, and SSRC. These students receive special registration priority status even if they are new or
returning students.

' In personal conversations with college administrators we have learned that students often register for
classes as soon as they are allowed to through the system because of the intense competition for courses.
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only 54.9 percent of the course sections in which students first attempt to register result in
an actual enrolment, compared with approximately 74.5 percent for students with a
higher registration priority We also find higher probabilities of being placed on wait lists
for first registration attempts among low-registration priority students compared to

students with higher registration priorities (7.2 percent compared with 3.4 percent).

2.3 Data Set

Matching several administrative datasets from the college, National Student
Clearinghouse data, and data from other sources, we are able to examine an extensive set
of course and long-term outcomes as well as detailed demographic characteristics for
every student registered at the community college from fall quarter of 2002 to spring
quarter of 2007. The data on course outcomes record grades, course credits, and course
dropout behaviour for every class offered by De Anza College over the five-year period.
We are able to match them to detailed data on demographic characteristics of instructors,
such as race, ethnicity, age, and gender for every class. To our knowledge, this is the first
dataset that contains detailed information about instructors’ race together with student
class outcomes on the post-secondary education level. A student's registration priority
together with any of her registration attempts is recorded at the beginning of each
quarter.'® Hence, the course-level dataset allows us to match students to classes that
students enrolled in before their first day of the term, regardless of whether they

completed the class or not.

' The registration attempt data record the exact date and time the registration attempt was made together
with the outcome, such as whether the attempt was successful or ended on a waitlist.
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Administrative data from the college provide information on majors together with
all associate and vocational degrees received through summer 2010 for each student
enrolled over the five-year period. We obtain data on an additional long-term outcome —
transfers to 4-year colleges — by linking National Student Clearinghouse data through

summer 2012 to all of the students enrolled during the five-year period.

2.4 Sample Restrictions and Summary Statistics

We first exclude recreational courses, such as cooking, sports and photography,
orientation courses, and summer courses from our analysis. In the main sample we also
exclude courses that have an average enrolment per session of less than 15 students and
small academic departments to minimize computation without losing identification
power. To remove concerns about local community residents taking classes for
recreational purposes and to focus on the general college-age population, we exclude
students who are over 35 years old in the main sample. Only 2.4 percent of all student-
class observations are for small courses, 1.2 percent of observations are for courses from
a small academic department, and 9.2 percent of observations are for older students. The
resulting sample consists of 446,239 student-class observations.

Of the main sample, 29 percent of observations are from students with low
registration priority status and 10 percent of student/class observations are from entering
students (Panel A, Table 1). Another method of restricting choice among students is to
include course-term or course-year combinations for which different sections are taught
by different instructors, all of which share a particular minority status. Sixty-one percent

of student/class observations have no variation in underrepresented minority status within
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quarters and 52 percent of student/class observations have no variation in
underrepresented minority status within academic-years. In terms of types of courses in
the main sample, we find that only 3 percent of student/class observations are in language
courses and 6 percent are in video-delivered classes. We also find that 26 percent of
observations are vocational courses, and 70 percent are courses that are transferable to
University of California (UC) or California State University (CSU) campuses, reflecting
the reputation of De Anza College of being a more academically oriented community
college. We conduct sensitivity analyses with all of these types of courses below.

There are important differences in student outcomes across groups. White and
Asian students have the highest average outcomes (Panel B, Table 1). Hispanics, African-
American, and Native American, Pacific Islander and other non-white students are more
likely to drop classes, are less likely to pass classes, receive lower average grades, and are
less likely to receive a good grade (B or higher).!” For most outcomes, these differences
are large and statistically significant, documenting that the largest differences in
academic outcomes take place along the underrepresented minority-non-underrepresented
minority margin rather than along less aggregated measures of differences in race and
ethnicity. Aggregating up these statistics for the underrepresented minority group yields a
dropout rate of 26 percent. The average GPA is 2.9 (where 4.0 is equivalent to an A), and
66 percent of classes taken by students for letter grades receive a grade of B or higher. Of
all underrepresented minority students who finish classes, the total pass rate is 88 percent.

There also exist racial and ethnic differences in long-term outcomes. African-American,

' Students have to drop a class by the end of the second week of the quarter to avoid paying for the class
and by the end of the third week to avoid getting a record of a grade. A GPA equivalent to a letter grade of
a B is commonly used as a minimum threshold for qualification for admission to the University of
California.
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Latino and other underrepresented students have substantially lower retention rates, are
less likely to obtain a degree from the community college, and are less likely to transfer
to a 4-year college.

Panel C of Table 1 displays the racial composition of the student body and
instructors. White students comprise 28 percent of all students and Asians comprise 51
percent of students. Hispanic students represent the largest underrepresented minority
group with 14 percent of all students. African-American students comprise 4 percent of
students and Native American, Pacific Islanders, and other non-white students comprise 3
percent of students. Underrepresented minorities comprise 21 percent of the total student
body. The racial distribution of instructors at the college differs substantially from the
student distribution. Nearly 70 percent of instructors are white. In contrast, only 14
percent of instructors are Asian and 6 percent of instructors are Hispanic. Interestingly,
the percentage of African-American instructors and Native American, Pacific Islander
and other non-white instructors are slightly higher than their representation in the student
body. The lack of minority instructors at De Anza College does not differ from the
national pattern for all colleges. Roughly 10 percent of all college instructors are from
underrepresented minority groups (U.S. Department of Education 2010). At De Anza

College, 16 percent of instructors are from underrepresented minority groups.

3. Statistical Methodology
3.1 Basic Econometric Model
We now turn to the description of the econometric models for the student outcome

variables, y, ., such as course dropout behaviour and grade. We index students by i,
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instructors by j, courses by k, sections by s, and term (i.e. quarter) by t. Let min_stud,
and min_inst; be indicator variables that are equal to one if student i and instructor ]

and . be

belong to an underrepresented minority group, respectively, and let X, ot

kst
vectors of observable and unobservable variables affecting outcomes. To test whether
minority students gain from being taught by a minority instructor, a natural starting point
is to consider the regression:

(1) Vst = G + * min_inst ; + X'U.kst L+ U -

for a sample of only minority students. If the average teaching abilities and grading
standards of minority and non-minority instructors in the sample were the same, o,
would capture the degree to which minority students benefit from assignment to a
minority instructor. This assumption may be too strict, and it is therefore helpful to

specify an empirical model that is estimated on the full sample. We thus estimate the

student-instructor interaction effect, «,, from the regression:

Vit = U + 0 ¥ min_inst; + o, * min_stud,

)

+a; *min_inst; *min_stud, + X', B+u,,.
The parameter of interest is «; and determines the difference in the minority-instructor
effect between minority and non-minority students. It thus measures the extent to which

minority gaps in the outcome variables depend on whether the students are assigned to a

minority or a non-minority instructor. The parameter, «,, is consistently estimated if
cov(uij,m;interacty.)zo, where interact,=min_inst, * min_stud, . Correlations between

the interaction term and the unobserved component, however, may be caused by several

factors we discuss below. We therefore impose the following structure on the error u,,,

13



(3) uijkst = 7/1' + ¢kst + gijlcvt'
where y, and ¢, are student and classroom fixed effects, respectively. Dropping

student- and class-level variables from equation (2) that are multicollinear with either of
the fixed effects, we obtain our preferred empirical model:

4) Vi =03 *min_stud, * min_inst, +y, + @, +u,.

where we have replaced the combination of the indices k, s, f by a classroom index ¢
and where we have indexed the minority-instructor dummy by ¢ rather than ;.

The focus on the interaction term of students’ and instructors’ minority status allows
us to identify individual and classroom fixed effects, thereby overcoming many threats to
the internal validity of estimates that have plagued the literature on student-teach
interactions. Importantly, our specification implicitly controls for instructor fixed effects
and minority-specific course fixed effects since a student can enrol only in one section
per course, and since each class is taught by exactly one instructor. The former controls
for the possibility that minority students take courses from instructors who have
systematically different grading policies from other instructors, while the latter controls
for selection by comparative advantage where minority students are drawn to courses that
are a particularly good match or in which minority instructors are relatively
overrepresented. A further advantage of including classroom fixed effects is that they
avoid the need to rely on data with standardized testing procedures across classrooms
since within the same classroom students are taking exactly the same tests. Unless

instructors discriminate against certain groups of students, consciously or subconsciously,
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students within a class are subject to identical grading criteria.'® These issues are specific
examples of classroom level shocks (i.e. factors that are unobserved by the
econometrician, that vary at the classroom level, and that affect student performance). It
is therefore essential to only compare academic performances of minority and non-
minority students who enrol in the same class, which subjects them to the same class-
level shocks such as an instructor’s teaching performance or philosophy, the time of day,

or external disruptions. Finally, we include individual fixed effects y, in our regressions

to control for absolute sorting that takes place if students taking classes from minority
instructors are systematically different from those who do not, irrespective of their
minority background.

While our specification addresses many of the potential threats to internal
validity, we cannot directly control for differential sorting across minority student groups

that may arise due to correlations between the unobserved component #, and the

interaction term. Such correlations exist if for example highly motivated minority
students systematically sort into minority-taught classes, while highly motivated non-
minority students systematically sort into non-minority-taught classes. In this case the
following inequality will apply:

(5) E [ul.c | min_stud, =1, min_inst, = l]— E [ul.L, | min_stud, = 0,min_inst, = 1]

# E[uic | min_stud, =1,min_inst, = 0]—E[uic | min_stud, = 0,min_inst, = 0]-
The differences on each side of the inequality are “minority gaps” in unobserved

components. The inequality can be replaced by an equality only if these gaps do not

'® The possibility that student-instructor interactions may exist because instructors react to students rather
than vice versa is explored in detail in section 4.6. This issue may arise, however, even if tests are
standardized and if students are randomly assigned to instructors. It is thus not a matter of omitted variable

bias, but a matter of interpreting the reduced-form coefficient ¢, correctly.

15



depend on the minority status of the instructor, which is the case if there are minority
gaps that persist across all classes, independent of instructor characteristics. This type of
gap is implicitly controlled for in our empirical model through the inclusion of individual
fixed effects and the estimation of what is essentially a difference-in-difference.

The hypothesis of differential sorting is testable if one has access to some

measurable characteristics, x,

ic?

that are highly correlated with #, . Consider minority-

specific classroom averages of x, , denoted X, , where me {0,1} is an index equal to
one if the average is computed for minority-students and zero if it is computed for non-
minority students. Since a classroom is associated with exactly one instructor minority
status, these averages are the empirical counterparts of the conditional expectations in (5).

We can then test for differential sorting by estimating a difference-in-difference model:

(6) X,. =0 *min_inst, +95,*1 +06,*min_inst, *1 +v,

where 1 is a dummy variable equal to one if m=1 and zero otherwise, and J, is an

empirical estimate of the difference-in-difference in equation (5), with the observable

measure, x.

ic?

replacing the unobserved component, u, . Hence, 0, quantifies the extent

to which minority gaps in an observable variable, x, , vary across classes that are taught

by instructors of different minority groups. Clearly, an estimate of ¢, is only helpful in
testing for differential sorting if x,. is strongly related to u, . Given the richness of our

data, we are able to use several variables, such as past academic performance, age and
gender, as measureable characteristics to estimate a large set of “sorting regressions”

such as (6).
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By including classroom fixed effects we implicitly control for systematic
differences in subject or course choices and associated grading differences between
minority and non-minority students. Differential sorting thus is an issue if it takes place
across class offerings of a course, which may happen if there is unrestricted student
choice of classes and multiple sections offered for the same course in the same term. To
address these remaining concerns we estimate specifications in which the sample of
students and courses is chosen to minimize the possibility of differential sorting across
classes. We estimate model (4) using a sample of students who have the lowest
registration priority status, samples that rule out variation in instructors’ minority status
across classes within course-term or course-year, and a sample of students who do not
obtain their first section of choice identified by the registration attempt data.

We estimate this model for five different student course outcome variables. The
first four are a dummy variable for whether a student drops the course by the first three
weeks of the quarter, a dummy variable for whether a student passes the course
conditional on finishing it, a course grade variable that is normalized to have mean zero
and unit standard deviation within a course, and a dummy variable for whether the
student has a grade above a B-. All of these outcomes relate to a student’s academic
achievement in a particular course. Our data also allow an exploration of whether
minority interactions are relevant for a student’s future curriculum. We therefore generate
a fifth outcome variable that records whether a student takes another course in the same
subject in the next quarter, which cannot be directly influenced by the instructor.

In the main specifications, we identify the relative effect of an underrepresented

minority student being assigned to an underrepresented minority instructor. African-

17



Americans, Hispanics, Native Americans, and Pacific Islanders are included in the
underrepresented minority group. As shown in panel B of Table 1, the largest
achievement gaps can be observed between these aggregated groups, whereas within-
group differences are mostly statistically insignificant. Although we also report estimates
for disaggregated racial groups, we focus on student-instructor interactions between these
two aggregated groups, allowing us to summarize student-instructor interactions in one

parameter, similar to the recent literature on gender interactions in the classroom.

3.2 Estimation of Two-Way Fixed Effect Model for Course Qutcomes

Estimation of two-way fixed effects models with unbalanced panel data becomes
computationally infeasible with large data sets. With more than 30,000 students and over
20,000 classrooms in our data, model parameters cannot be estimated directly by OLS.
Since our data set is a non-balanced panel, conventional within transformations are not
possible, either. We thus rely on recent advances in the estimation of firm-and worker
fixed effects from administrative data. The computational algorithms used to estimate
two-way fixed effects models with high-dimensional sets of dummy variables generally
rely on the fact that each individual only contributes to the identification of a subset of
the fixed effects.'” In our example, each student only contributes to the identification of
the classrooms she or he visits at one point. This implies that normal equations involve
block-diagonal (“sparse”) matrices whose inversion is much less difficult than the
inversion of non-sparse matrices. In practice, one performs a within-transformation in a

first step to eliminate individual fixed effects, and then solves the remaining normal

" The seminal paper in this literature is Abowd, Kramarz and Margolis (1999). Refinements have been
developed by Abowd, Creezy and Kramarz (2002) and Andrews et al (2008). Cornelissen (2008) has
written a Stata-routine based on these algorithms.
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equations using matrix-inversion schemes that exploit the block-diagonal structure of the

remaining matrices.”’ All standard errors are clustered at the classroom-level. !

3.3 Bounds on Grades

Estimation of the econometric models for grade outcomes is possible only for the
sample of students who complete the course. The propensity to finish a course might be
affected by the variable of interest — the minority-status interactions between students and
instructors within classrooms - as well. This creates a potential sample selection problem,

formally described by the following set of equations:

grade grade grade
+ ¢c +u ic

d . . .
(7) grade,, = """ * min_stud, * min_inst, + y,

dropped

dropped
+u,

(8) dropped., = o, * min_stud, * min_inst, + 7. """ + ¢, 3
9) grade,, = (l —dropped., )* grade; .
Equations (7) and (8) replicate equation (4) for the grade-outcome and the dropout-

variable, while equation (9) accounts for the potential selection bias. OLS-estimates of

grade

the parameter of interest, «,““", are biased conditionally on individual fixed effects if

dropped
1

is significantly different from zero. Correcting for sample selection using a
Heckman-selection model is difficult in our case since any variable affecting dropout

behavior arguably also affects potential grades limiting our ability to find an exclusion

restriction. Furthermore, with the inclusion of classroom- and student fixed effects,

%% The literature estimating firm-and worker fixed effects also utilizes the fact that many workers never
change firms, thus not contributing to identification of any of the firm fixed effects. This can further
increase the speed of computation. In our example, we cannot apply this method since nearly all students
take more than one class in the data and thus contribute to the identification of at least some classroom
fixed effects.

I We have also experimented with clustering standard errors at the classroom-minority level instead. As
expected, this improves the precision of our estimates slightly.
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estimates from reduced-form Probit equations required for a Heckit-procedure are biased.
We thus estimate non-parametric bounds of ¢,*““ following Lee (2010).%

In general, OLS-estimates are biased downward if minority students are less
likely to drop the course when the instructor belongs to the minority group as well, and if
the marginal students induced to stay come from the left tail of the grade distribution. The

estimates are instead biased upward if the marginal students come from the right tail of

grade

the grade distribution. We can therefore estimate an upper (lower) bound of ¢, when

applying OLS to a sample without the (¢, *100)-percent worst (best) minority

students in classes taught by a minority instructor.
We therefore apply the following procedure: In the first step we estimate equation

dropped

(8) for the dropout-variable. This provides us with an estimate of ¢, , the “minority

gap” in dropout behavior when the class is taught by a minority instructor. We then
calculate the (e,"*"*/*100) percentile ((l—al""””p “")*100 percentile) of the minority-
student grade distribution for every class taught by a minority instructor and drop all
minority students with a final grade lower (higher) than this percentile. Since we are
focusing on selection due to the relative difference from having a minority instructor
between minority and non-minority students, we do not need to trim marginal non-
minority students. In the second step we use this restricted sample to estimate the same
equation as in the first step, but with final grade replacing the dropout variable as the
outcome. We also perform this algorithm by running the dropout-regressions course-by-
course, therefore providing us with course-specific estimates of «,”””*. As Lee (2010)

shows, this procedure yields the tightest bounds on the parameter of interest if the

22 See also Krueger and Whitmore (2002) and Hoffmann and Oreopoulos (2009) for a related application.
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outcome variable is continuous. We thus compute the bounds only for the grade variable,
which is our only continuous outcome variable, while leaving the results for the discrete
outcome “Passed Course” uncorrected.”

We interpret these bounds results as a robustness check rather than as the main
part of our analysis. By the logic of minority instructors serving as role-models, one may
expect that it is the lower-achieving minority students rather than the best students who
are at the margin of dropping a class and who are induced not to do so because they share
the minority status with their instructor. We test this assumption by estimating a version
of model (4) for the course dropout variable that allows for an interaction between the
minority interaction and prior GPA and reject the hypothesis that the minority interaction

is stronger for those with a higher prior GPA.

3.4 Long-Term QOutcome Models

In addition to estimating minority instructor-student interactions effects on
subsequent subject course selection, we also examine effects on more aggregated
performance indicators: Retention at the community college, obtaining an associates or
vocational degree, and transferring to a 4-year college. As a consequence of aggregation
that generates only one observation per student we cannot include either classroom or
student fixed effects. Instead, we start with estimating a regression model for long-term

outcomes that includes a rich set of controls for student and instructor, year dummies for

* Strictly speaking, this variable is not continuous, either. For our application, this can be problematic
because the grade distribution has mass-points at the lower and upper tail. Hence, if we trim the distribution
at the x%-percentile, we might drop more than x% of the student/grade observations. We solve this
problem by randomly drawing from the student/grade observations clustered at the mass-points in such a
way that exactly x% of the distribution is trimmed.
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the first term of enrolment, and the number of courses taken in the first term.* This
specification is of the form of equation (2). In all regressions for aggregate outcomes we
focus on the student-instructor interactions for entering students, mainly because they are
automatically assigned to the lowest level on the registration priority list and have limited
information their first term, but also because results would be confounded by dynamic
accumulation effects otherwise.

To further address endogeneity concerns, we estimate two additional models. In
the spirit of matching estimators, the first of these models include a set of fixed effects
for each set of courses taken in the first term. Since students taking the exact same set of
courses in their first term are assigned the same fixed effect we compare individuals that
“look very similar” with respect to their behaviour at college entry. Variation in having a
minority instructor would result from students taking these courses in different terms or
in some cases different sections.

The second approach follows Bettinger and Long (2005) and uses the average
deviation in minority instructor shares from steady-state minority instructor shares by
department as an instrumental variable. This instrument is arguably driven by exogenous
variation from term to term (i.e. caused by sabbatical leaves, new hires, variability in the
temporary lecturer pool, retirements, and variability in the number of section offerings).

This variation is averaged across a student's course set and then used as an instrument for

* We use age, gender, financial aid receipt, educational goals at the time of application, free and reduced
lunch rate of high school and private high school attendance as controls for student characteristics, and
instructor's full- vs. part-time status, gender and age as controls for instructor characteristics.
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whether the student has a minority instructor in the first term.”> We present estimates for

the three specifications for all long-term outcomes.

4. Results
4.1 Evidence against Sorting

We use several strategies to rule out the possibility that our results are being
driven by unobserved classroom-specific selection. With the inclusion of classroom and
student fixed effects, the primary threat to validity arises from the possibility that classes
where minority students perform better relative to non-minority students than usual are
also classes with a minority instructor and that this effect is not due to the interaction
itself. We first investigate whether there is evidence of non-random sorting by minority
status using equation (6) for various background variables that are likely to be correlated

with the unobserved ability term. We focus on the interaction coefficient, J,, measuring

the extent to which the minority-gap in the outcomes varies across classes taught by
minority and non-minority instructors and is thus an estimate of differential sorting.
Standard errors are clustered at the course-term-minority level.

Results using several different student background variables are presented in
Table 2. We use the following four outcome variables, corresponding to the variable X_mc

in equation (6): student age, gender, the cumulated number of courses, and the cumulated
GPA prior to enrolment. As past GPA and present GPA are highly correlated, we view

the last variable as a particularly good measure of a potential unobserved student

** The instrumental variable is equal to the difference between the minority share of instructors in that term
and department and the minority share of instructors in that department over all years (i.e. the steady-state
minority instructor share for that department). For additional variation we follow Bettinger and Long
(2005) and define separate steady-state minority instructor shares for fall, winter and spring quarters.
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component that might be related to differential selection. In particular, if the minority-
non-minority gap of accumulated GPA prior to enrolment in the current course is
different in classes that are taught by minority instructors, our assumption of no
differential sorting is most likely violated.

We do not find evidence of sorting: None of the estimates are statistically
significant at any conventional level. Furthermore, this insignificance is not driven by the
imprecision of our estimates. Rather, point estimates fluctuate wildly as we explore the
robustness of our estimates across sub-samples, indicating that we cannot detect any
systematic or robust sorting patterns in the data.”® Most importantly, minority gaps in
accumulated GPA prior to course enrolment — a variable that is most likely to be highly
correlated with unobserved student traits — do not depend on instructor race. In other
words, we do not find evidence that high ability minority students are more likely to take
minority-taught classes compared with high ability non-minority students. We interpret

this as strong evidence in favour of our working hypothesis of no differential sorting.

4.2 Main Results

Estimates of the minority interactions between students and instructors for all five
course outcomes using the full sample and a subsample of students who are low on the
registration priority list are reported in Table 3. We also explore the sensitivity of results
with respect to the set of fixed effects included in the econometric models. As we move
along the columns, we increasingly restrict the variation used to identify our parameter of

interest. Results from our preferred specification described in equation (4) which includes

%% We find that these results are robust with respect to the regression specification, the sample, and the type
of variation in instructor minority status across different class offerings of a course. See Fairlie, Hoffmann
and Oreopoulos (2011) for results.
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both student and classroom fixed effects are displayed in column (8) of the table. The
other specifications considered in the table include minority-specific time fixed effects
and a set of student and instructor controls (column 1), a specification that adds minority-
specific course fixed effects (column 2), a specification with minority-specific course-
time fixed effects (column 3), and specifications with student, classroom and instructor
fixed effects (columns 4 to 7, respectively).

There are significant minority interaction effects on student dropout behaviour
and grade performance that are robust with respect to the sample used and the set of fixed
effects included. Our main estimates indicate a reduction of the minority gap in course
dropout behaviour when taught by a minority instructor by 2 to 3 percentage points and
in student grade by 5 percent of a standard deviation. These results are robust when
including instructor or classroom fixed effects or when using minority-course fixed
effects, implying that they are not being driven by grading differences across classes or
student sorting by comparative advantage into subjects and courses.?” Our baseline model
with both class and student fixed effects also indicates strong minority interaction effects
on the probability of passing a course among students and the probability of receiving a
grade of B or higher. With larger effects for the standardized grade outcomes, it seems
that adjustment in student outcomes is more likely to take place along the intensive rather
than the extensive margin. The minority gap in the probability of continuing a subject in

the following quarter is significantly affected by the minority status of the instructor as

%7 The inclusion of course-minority fixed effects also helps condition out for possible minority interactions
from students having a comparative advantage in some subjects. Minority students may be better at some
of the subjects that minority instructors tend to teach. The inclusion of course-minority fixed effects control
for this possibility. Examining performance by subject directly, we find that minority students perform at a
lower level than non-minority students in all subjects. We also estimated the minority-non-minority grade
differential by the concentration of minority instructors in that subject and found no relationship.
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well.?® This is an important outcome of interest because it cannot be directly manipulated
by the instructor and is thus more consistent with students reacting to instructors through,
for example, role model effects than through preferential grading (which we investigate
in more detail in Section 5).%

Estimates vary across columns somewhat more when we use the restricted sample
of low-registration priority students, however, estimates for all outcomes in our preferred
specification reported in column 8 indicate positive minority interactions (the only
exception is that we lose statistical significance for grades although the point estimate is
very similar to the full sample). The lack of sensitivity of estimates to the low-registration
priority students provides further evidence that is consistent with the lack of racial sorting
across course offerings noted above. We continue to report estimates from both samples
throughout because of the trade-off between restricting the sample to lessen concerns
about potential sorting and using the full sample to increase precision.

Appendix Table 1 shows these results to hold generally when estimating our
model for detailed races rather than the aggregated minority group. While student fixed
effects absorb the interaction for one of the student groups — in our case “whites” - the
classroom fixed effects absorb the interaction for one of the instructor groups — again
“whites”. Thus, only 9 of the 16 race and ethnicity interactions are identified and all
estimated interaction effects are relative to outcomes for white students with alternative

instructor types. We present the P-value from F-tests for two hypotheses of major

* We investigate this further by estimating three sets of regression specifications related to choosing
college majors using the different sources of variation for identification discussed in Section 3.2. We
examine the minority instructor effect for the first course/s taken in a subject on choosing to major in that
subject and on taking additional courses in that subject. We find evidence of positive effects of minority
instructors on minority students in majoring in that subject, taking any additional courses in that subject,
and the total number of additional courses in that subject. These results confirm the course-level results for
continuing a subject in the following quarter.
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interest, namely for the presence of an own-race interaction and for the presence of any
race interaction. We find strong and robust evidence for own-race interactions. The
positive interaction estimates are not overly sensitive to whether we use the full sample or
limit the sample to low-registration priority students. We find positive interactions for all
major racial groups with African-American students experiencing particularly large and
robust relative gains from being taught by a same-race instructor. This is particularly
noteworthy given that African-American students and instructors account for only 4

percent and 6 percent of the sample, respectively.

4.3 Robustness Checks and External Validity

Although there is robust evidence against differential sorting, the fixed effects
control for most problems with selection, and limiting the sample to low-registration
priority students restricts choice, we address remaining concerns that unobserved
differences in student traits between minority and non-minority students vary across
classes based on the minority-status of the instructor. We experiment with three
specifications that further restrict the variation in instructor minority status within course-
time and across classrooms. Results for various subsamples are shown in Table 4, with
individual and class fixed effects included in all specifications.

First we consider a specification that drops observations for which courses in the
same quarter are taught by both minority and non-minority instructors. Identification of
minority student-instructor interactions therefore comes only from across quarter
variation in instructor ethnicity or race. In the second of this set of regressions we further

restrict the sample to exclude variation in instructor minority status within an academic
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year for a given course. In this case, students would have to postpone taking a course for
an entire academic year to satisfy a potential racial preference in their instructor, which
may be very difficult given the required sequencing of courses and two-year enrolment
goals. The third specification focuses on a sample of students who failed to enrol in the
course section of their first choice. We construct this sample from our unique
administrative dataset that records all registration attempts by students and their order for
any section within a course in which a student attempts to enrol. As noted above, we find
that only 54.9 percent of low-registration priority students enrol in their first section
choice.

We find a consistent pattern of significant minority interactions when using all
students which are similar to the estimates from the main sample. When relying on the
sample of students with a low registration priority our point estimates are consistent with
the evidence presented above. Although the estimates are imprecise for this sample, their
confidence intervals mostly contain the estimates from the full sample.

Further robustness exercises that are estimated on other subgroups by type of
student and type of course are shown in Appendix Table 2. To summarize, first, we do
not find evidence that the minority interactions are gender specific. Both male and female
minority students perform relatively better with minority instructors compared to non-
minority instructors. Second, results are robust to the exclusion of language courses or
video-delivered courses.

Panel B of Appendix Table 2 displays results that explore whether our findings
are driven by particular institutional features of community colleges relative to 4-year

colleges. A first potential concern is students who have an “unstable” academic career
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and periodically enrol in courses at community college. We therefore limit our sample of
students who are lowest on the registration priority list to those who enrol at the College
for the first time. This yields point estimates that are nearly identical to those obtained
from a sample of all low registration priority students, suggesting that our results are not
driven by more senior students who are frequently leaving and returning to the college.
The smaller sample size, however, leads to insignificance of our estimates.

A second concern regarding external validity arises due to the types of courses
that are offered at community colleges. We therefore allow parameters to depend on
whether courses are vocational or not and whether they can be transferred to the
University of California and California State University systems. If anything we find that
transferable courses and non-vocational courses have larger minority interaction effects

for most outcomes.

4.4 Bounds analysis of interaction effects on grades

Table 5 displays lower and upper bounds of the minority interaction effects when
using standardized grade outcomes as the dependent variable. We compute these bounds
following the procedure described in Section 3.3 and interpret them as a robustness
exercise. When using the full sample, estimates are bounded between 3.9 percent and 7.9
percent of a standard deviation in the course grade. The estimated lower and upper
bounds are all statistically significant at conventional levels. When using the sample of
low-priority students instead, the sample sizes decrease and the bounds widen. The
bounds are 2.9 percent and 9.3 percent of a standard deviation in the course grade.

Standard errors increase by a factor 2.5, but the upper bounds are statistically significant.
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Taken together, these results provide further evidence of a robust and quite substantial
minority interaction effect on grades, in addition to a substantial effect on the probability
of dropping a class.

As argued above, we interpret our uncorrected estimates as representing a lower
bound of minority interactions, since those who are at the margin of dropping a class and
who are induced not to do so because they share the minority status with their instructor
are more likely to be from the lower part of the student ability distribution. This
monotonicity assumption can be tested by estimating a version of model (4) for the
course dropout variable that allows for an interaction between the minority interaction
and prior GPA. It is violated if the minority-interaction is stronger for those with a higher
prior GPA. The estimated minority-interactions are -0.023 (s.e. 0.015) and -0.037 (s.e.
0.025) for the full sample and the sample of low registration priority students,
respectively, while the corresponding triple-interactions with prior GPA are 0.0007 (s.e.
0.005) and 0.004 (s.e. 0.009) respectively. Since the minority effects are estimated to be
negative, their positive interactions with prior GPA thus are in accordance with our
hypothesis. However, these estimates are not significant, suggesting that differential

dropout behavior does not depend systematically on a student’s academic abilities.

4.5 Long-Term Outcomes

Do the social interactions we find at the course level aggregate to affect longer-
term outcomes? We have shown that they do for subsequent course selection, but what
about other educational outcomes that are more directly correlated with labour market

outcomes such retention, degree completion, and transferring to 4-year colleges? Table 6
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reports estimates from three main regression specifications for these aggregate outcomes
that use different sources of identifying variation. Since we can no longer utilize class
and student fixed effects instead we estimate relative effects for minority students on the
share of minority instructors in the first term as described in section 3.4. The first
outcome examined is an indicator variable for whether the student remains at the college
over the next two quarters (a full academic year). The selection-on-observables model
reported in Column 1 suggests that raising the share of minority instructors by one
standard deviation (0.25) would increase the relative retention rate for minorities by
about 2.5 percentage points. We obtain a similar estimate when adding fixed effects for
the set of courses a student takes in the first term. When instrumenting instructor share
with deviations from trend we also estimate a statistically significant effect on retention,
though larger and less precise. The second outcome examined is whether a student
obtains an associates or vocational degree. A one standard deviation increase in the
minority instructor share leads to a 1.4 percentage point higher relative probability of
receiving a degree. The evidence for effects on transferring to a 4-year college, however,
is mixed. We find a small and insignificant estimate in column one, but negative and
positive estimates in the remaining two specifications. When we estimate effects on
transferring only to UC or Cal State campuses, estimates using the selection-on-
observables and the instrumental variables approach are statistically insignificant while
the course fixed effects model still leads to a negative estimate. Overall, the race or
ethnicity of an instructor appears to exert an important influence on the long-term
outcomes of students in addition to short-term effects on grades and other course

30
outcomes.

3% These estimates are robust to alternative measures of the outcomes, having any minority instructor
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4.6 Mechanisms

In this section, we further explore the candidate mechanisms driving the social
interactions we estimate above. One key question is whether our estimated effects are due
to students or instructors behaving differently. An obvious potential source of instructor
discrimination is through grading. Several pieces of evidence, however, point against this
explanation. First, we identified courses and departments that rely on multiple choice,
true/false, matching and performance tests, and/or math courses instead of potentially
more "subjective" essay-type tests, reports, presentations and class participation by
conducting an extensive examination of course syllabi and web pages, course catalogues,
and discussions with administrative staff and instructors. The use of multiple choice,
true/false and matching type exams are prevalent at the college, which may be due in part
to faculty having heavy teaching loads of 10-15 courses per academic year.”' Appendix
Table 3 shows that estimation of our model on this sample yields results that are very
similar to those documented above. As these courses are graded more objectively, these
results provide evidence in favour of interactions occurring from students reacting to
instructors rather than the opposite.

Second, we have documented significant, robust, and sizable minority effects with
respect to course dropout behaviour. The minority gap in this outcome decreases by 2 to
3 percentage points if the class is taught by a minority instructor. The decision to drop
out of the class is made entirely by the student and must be made in the first three weeks

of a term, well before final grades are assigned by instructors. Third, we also find

instead of the minority share of instructors, using all courses instead of first term courses, using the first
observed term, and the included controls.
3! This subsample includes 65 percent of all courses
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evidence that race/ethnicity interactions affect longer term outcomes, such as taking
subsequent courses in the same subject, major choice, retention, and degree receipt.
Instructors have no direct effect through grading but possibly serve as role models or
generate interest and continuing studies in a subject.’> Fourth, when allowing minority
effects to vary across three age groups we find an absence of interaction effects for older
students (Appendix Table 3). This also goes against the theory of instructor-based
discrimination on the logic that race or ethnicity based discrimination should not depend
significantly on student age. Instead we find that our point estimates are the largest for
students who are younger than the median aged student. With the exception of one
interaction effect significant at the 10 percent level, there are no statistically significant
effects for older students. These results are inconsistent with discrimination affecting all
students of a certain race irrespective of age and are more in line with the idea that young
students react more to race of the instructor.>

The above suggests that our interaction estimates are likely due to students
behaving differently in response to instructor type rather than vice versa. Appendix Table
3 explores whether there are particular student groups who may be especially likely to

gain from assignment to an instructor with the same minority status. Classifying students

32 Estimates of minority-interactions for long-term outcome are not sensitive to controlling for first-term
grades suggesting that the indirect effect of obtaining a better grade in a course is not driving the positive
estimates.

3 Although we do not find evidence of preferential grading by type of instructor, another explanation for
the interaction effects we estimate is that there exists a mechanical relationship whereby instructors'
grading distributions are correlated with their minority status. Bar and Zussman (2012) find evidence from
'an elite research university' that grade distributions correlate with instructor voting behavior, which in turn
may correlate with race or ethnicity. Since minorities tend to score lower grades than non-minorities on
average, they systematically benefit from instructors that tend to compress grades towards the upper tail.
We tested for this possibility directly, however, and found no evidence in grade distribution differences by
minority instructor status. The average grade given by a minority instructor across all courses is 2.86
compared with 2.85 for non-minority instructors. The standard deviation of grades is 1.20 for minority
instructors and 1.15 for non-minority instructors. The robustness of our main results to including course-
minority fixed effects in regression specifications reported in Table 3 also suggest that this is not the case.
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by whether they receive financial aid, whether they went to a private school, whether
their high school had a high fraction of students who are eligible for a free-lunch
program, or whether they grew up in a poor or rich neighbourhood, and estimating
separate interactions for these groups, the results suggest that minority effects are fairly
homogeneous. While standard errors for some of the interactions are fairly large,
particularly those for small sub-populations, the point estimates are remarkably robust
across subsamples. In most cases the minority effects are highly significant for the larger
student group, and we cannot reject equality of the minority effects across more
advantaged and disadvantaged students. Thus, minority students from all economic
backgrounds appear to share the relative gains from assignment to a minority instructor.
An important consideration for understanding these relative gains is whether they
occur due to minority students performing better with minority instructors or non-
minority students performing worse. The former may arise from instructors serving as
role models, inspiring underrepresented students. The latter may arise from group
favouritism, where non-minorities, consciously or subconsciously, find it difficult to
learn from a minority instructor. Our baseline results with classroom fixed effects have
the advantage of conditioning on differences across classes and teaching styles, but they
restrict our analysis to minority interactions that are only relative to non-minorities.
However, to explore who benefits and who performs worse from different instructor
types, we need to estimate student-instructor interactions separately for each student type,
thus requiring the exclusion of instructor or classroom fixed effects. We also expand
minority status into five groups: white, African-American, Hispanic, Asian, and Native

American. Doing so allows us to estimate the full set of race/ethnic interactions to
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determine which kinds of social interactions matter the most. Table 7 reports each of
these estimates of ¢, in equation (1) after adding student and course fixed effects as well

as instructor characteristic controls. The coefficient is the effect from being matched to
an instructor of different type to a student's own race/ethnicity relative to being matched
to one of the same type.

Table 7 shows evidence that students perform better with instructors of the same
race/ethnicity, both for minority or non-minority students. For example, white students
are 3.8 percentage points less likely to drop a course with a white instructor compared to
an African-American instructor, whereas African-American students are 4.6 percentage
points less likely to drop with an African-American instructor compared to a white
instructor. This finding that whites do relatively worse with black instructors while black
students do relatively better with them suggests that the negative effects on whites are not
driven by overall instructor quality differences (since we also control for course fixed
effects). The results also highlight challenges in determining a preferred instructor
allocation, since alternate allocations generate both student gains and losses.**

Interestingly, we find robust negative effects on performance of white students
when being matched to non-white instructors for our other academic outcomes. The gains
for African-American students of being matched to an African-American instructor are
quite robust across samples and outcomes. We find less clear patterns for the other race-
and ethnicity groups, including Hispanics. That some ethnic groups appear to respond
less favourably when matched to instructors of their own type compared with the strong

relative effects for white students deserves mention. Dee (2007) and Hoffmann and

3 Graham, Imbens, and Ridder (2009) provide more discussion on the policy implications of multiple
social interactions in the context of student classroom allocation by gender.
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Oreopoulos (2009) observe similar patterns with respect to gender. In both studies, male
students generally perform worse academically with female instructors while female
students do as well with male or female instructors.

One explanation for this behaviour is that students from high status groups react
more strongly to instructors from low-status groups, leading to a kind of self-fulfilling
discrimination. Social psychologists often describe social interactions in terms of "in-
group favouritism", where individuals that identify with each other tend to respond more
positively because they perceive they have similar beliefs or culture, and respond
negatively with others (Tajfel and Turner, 1979). Less attention has been given to the
moderating role that social status plays - the greater one's social status, the greater one's
tendency to display in-group favouritism (Sidanius et al., 1994). This may explain why
white students benefit more from being with white instructors compared to Hispanic

students with Hispanic instructors. The theory deserves more attention in future research.

5. Conclusion

Using a unique administrative dataset that matches student course outcomes to
instructor's race, we estimate for the first time the importance of racial interactions
between instructors and students at the college level. The estimation of two-way fixed
effect models for a very large number of both students and classrooms over five years
addresses most concerns about potential biases in estimating racial interactions.
Remaining concerns about the internal validity of our estimates are addressed by taking
advantage of the severely restricted class enrolment options among low-registration

priority students at a very popular and class-rationed community college, by restricting
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the variation in instructor minority status across classes within term or year, and by
examining students who do not enrol in the course section of first choice based on
registration attempt data. We find that minority students perform relatively better in
classes when instructors are of the same race or ethnicity. Underrepresented minority
students are 2.8 percentage points more likely to pass classes, 2.9 percent less likely to
drop out of classes, and 3.2 percentage points more likely to get a grade of B or higher in
classes with underrepresented instructors. These effects represent roughly half of the total
gaps in classroom outcomes between white and underrepresented minority students at the
college. We also find relative effects on grades of roughly 5 percent of a standard
deviation from being assigned an instructor of similar minority status. Taken together
with the large class dropout interaction effects, these impacts are notably larger than
those found for gender interactions between students and instructors at all levels of
schooling.

Using a compilation of data from several administrative sources we also examine
minority instructor impacts on long-term outcomes. We find evidence that an instructor's
race or ethnicity affects the likelihood of taking subsequent courses in the same subject
and majoring in the subject. The share of minority instructors in the first quarter also
affects a student's likelihood of retention and degree completion.

In examining courses that are more objectively graded such as those relying on
multiple choice tests and math courses, we find similar estimated effects on course
outcomes. Taken together with the positive effects on long-term outcomes, negative
effects on drop out behaviour, and similar effects for minority students of all ages, these

results provide evidence that our positive estimates of minority interactions are likely due
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to students reacting to instructors rather than the other way around. Further evidence from
the regression results suggests that these estimated positive minority interactions are due
to both positive influences, with minority students performing better with minority
instructors, and negative influences, with non-minority students doing worse with
minority instructors.

Our results suggest that the academic achievement gap between white and
underrepresented minority college students would decrease by hiring more
underrepresented minority instructors. However, the desirability of this policy is
complicated by the finding that students appear to react positively when matched to
instructors of a similar race or ethnicity but negatively when not. Hiring more instructors
of one type may also lead to greater student sorting and changes to classroom
composition, which may also impact academic achievement. A more detailed
understanding of heterogeneous effects from instructor assignment, therefore, is needed
before drawing recommendations for improving overall outcomes. The topic is ripe for
further research, especially in light of the recent debates and legislative changes over

affirmative action.
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TABLE 1 - DESCRIPTIVE STATISTICS

PANEL A: Sample Characteristics, Student-Class Level

Mean Std. Dev. Total Number of
Obs.
Low Registration Priority Student 0.29 0.46
Entering Student 0.10 0.30
Course has no variation in instructor underrepresented-minority
L 0.61 0.24
status within quarter
Course has no variation in instructor underrepresented-minority 052 025
status within academic year : i 446,239
Language Course 0.03 0.16
Video-Delivered Course 0.06 0.24
Vocational Course 0.26 0.44
Course transferable to UC or CSU Systems 0.70 0.46
PANEL B: Student Outcomes by Race/Ethnicity
. . . . . . Nat. Amer., Pacific
White Asian Hispanic African American Isle., Oth. non-White
Dropped Course 0.24 0.26 0.28 0.30 0.28
Total Nr of Obs: 444,239 (0.43) (0.44) (0.45) (0.46) (0.45)
Passed Course 0.89 0.89 0.84 0.82 0.86
Total Nr of Obs: 319,641 (0.31) (0.32) (0.37) (0.39) (0.35)
Grade 2.90 2.91 2.58 2.51 2.71
Total Nr of Obs: 277,889 (1.14) (1.14) (1.19) (1.21) (1.19)
Good Grade (B or higher) 0.68 0.68 0.57 0.53 0.61
Total Nr of Obs: 277,889 (0.47) (0.47) (0.50) (0.50) (0.49)
Retention after First Term 0.70 0.75 0.61 0.63 0.69
Total Nr of Obs: 14,899 (0.46) (0.43) (0.49) (0.48) (0.46)
Obtain Degree 0.16 0.18 0.15 0.12 0.13
Total Nr of Obs: 15,342 (0.37) (0.38) (0.36) (0.33) (0.34)
Transfer to 4-Year College 0.48 0.50 0.29 0.35 0.40
Total Nr of Obs: 15,341 (0.50) (0.50) (0.45) (0.48) (0.49)
PANEL C: Student and Instructor Shares by Race/Ethnicity
Students Instructors
Mean S.D. N Mean S.D. N
White 0.28 0.20 0.70 0.21
Asian 0.51 0.25 0.14 0.12
Hispanic 0.14 0.12 0.06 0.06
31,961 942
African-American 0.04 0.04 0.06 0.05
Native Amer., Pacific Isle., Oth. non-white 0.03 0.03 0.04 0.03
All Underrepresented Minorities 0.21 0.41 0.16 0.36

NOTES: Students and instructors belong to the group of "Underrepresented Minorities" if their race/ethnicity is reported to be Hispanic, African-American, or
Native American, Pacific Islanders, or other non-Whites.
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TABLE 3 - ESTIMATED ROLE OF INSTRUCTOR MINORITY STATUS FOR STUDENT OUTCOMES

(1) 2 () 4) (5) (6) @) (8)

OUTCOME: STUDENT DROPPED COURSE
Number of Observations: 444,239

All Students -0.007 -0.019 = -0.022 * -0.014 ** -0.020 *** -0.015 = -0.015 = -0.020 **
(0.005) (0.006) (0.007) (0.005) (0.005) (0.005) (0.005) (0.005)

All Low Registration -0.013 -0.024 ** -0.033 *** -0.024 ** -0.024 ** 0025 * 0022 ** -0.029 *

Priority Students (0.010) (0.011) (0.012) (0.010) (0.009) (0.011) (0.009) (0.011)

OUTCOME: STUDENT PASSED COURSE, CONDITIONAL ON FINISHING THE COURSE
Number of Observations: 319,641

All Students 0.006 0.001 0.001 0016 ** 0013 ™ 0.005 0.004 0012 ***
(0.005) (0.006) (0.007) (0.005) (0.005) (0.005) (0.005) (0.005)

All Low Registration 0.025 *** 0.032 *** 0.040 *** 0.051 ** 0.042 ** 0.014 0019 * 0.028 **

Priority Students (0.010) (0.011) (0.013) (0.011) (0.010) (0.011) (0.009) (0.012)

OUTCOME: STANDARDIZED STUDENT COURSE GRADE, CONDITIONAL ON FINISHING THE COURSE
Number of Observations: 277,889

All Students 0.047 ** -0.020 0.000 0.080 *** 0.056 *** 0.026 ** 0033 *** 0.054 **
(0.015) (0.018) (0.019) (0.015) (0.014) (0.014) (0.014) (0.013)

All Low Registration 0.085 *** 0.034 * 0.039 0120 ** 0.068 ** 0.014 0.034 0.050

Priority Students (0.028) (0.032) (0.036) (0.031) (0.029) (0.031) (0.026) (0.033)

OUTCOME: GOOD GRADE (B OR HIGHER), CONDITIONAL ON FINISHING THE COURSE
Number of Observations: 277,889

All Students 0.011 -0.007 -0.001 0.027 ** 0.023 ** 0014 ** 0012 * 0.024 **
(0.008) (0.008) (0.009) (0.008) (0.006) (0.006) (0.006) (0.006)

All Low Registration 0.011 -0.001 -0.004 0.047 ** 0029 ** 0.003 0.007 0032 **

Priority Students (0.014) (0.015) (0.016) (0.015) (0.013) (0.014) (0.012) (0.016)

OUTCOME: STUDENT ENROLS IN A SAME-SUBJECT COURSE IN THE SUBSEQUENT TERM
Number of Observations: 205,363

All Students 0.028 *** 0.021 *** 0.016 ** 0.037 *** 0.012 * 0.007 0.002 0.013 *
(0.009) (0.008) (0.008) (0.009) (0.007) (0.007) (0.007) (0.007)
All Low Registration 0.019 0.039 *** 0.028 * 0.038 ** 0.027 ** 0.024 * 0.015 0.038 **
Priority Students (0.016) (0.015) (0.016) (0.017) (0.014) (0.015) (0.012) (0.018)
FIXED EFFECTS:
Year-Quarter-Minority Yes Yes No No No No No No
Course No No No No Yes No No No
Course-Minority No Yes No No No No Yes No
Course-Minority-Year-Quarter No No Yes No No No No No
Student No No No Yes Yes No No Yes
Instructor No No No No No No Yes No
Classroom No No No No No Yes No Yes
CONTROLS:
Instructor Controls Yes Yes Yes Yes Yes No No No
Student Controls Yes Yes Yes No No Yes Yes No

NOTES: This table displays results from our main outcome regressions. We report the coefficient of the interaction between student's and instructor's underrepresented
minority status. Each cell is associated with a different regression. A classroom is defined by a section of a course offering during a particular academic year-quarter.
Students and instructors belong to the group of "Underrepresented Minorities" if their race/ethnicity is reported to be Hispanic, African-American, or Native American,
Pacific Islanders, or other non-Whites. We consider five student outcomes: an indicator variable equal to one if the student drops the course; an indicator variable equal
to one if the student passes the course; standardized course grades; an indicator variable equal to one if the student has a grade of at least B; and an indicator equal to
one if the student takes a course in the same department in the subsequent term. We explore the sensitivity with respect to the regression specification, i.e. the set of
fixed effects and controls included in the regressions. Student controls include, gender, cumulated GPA and a 4th-order polynomial in age; instructor controls include
gender, a part-time indicator and a 4th-order polynomial in age. We also compute the regression coefficients for a sample of all students and a sample of students with
a low standing on class enrollment lists. *** Significant on 1%-level; ** Significant on 5%-level; * Significant on 10%-level. Standard errors are clustered by classroom.



‘WO0ISSE[O AQ PBIBISN|D 818 SI0LIS PIBPUBIS “[9AS]-%(] UO JUBDIUBIS , ‘[0A8|-%G UO juedyubls

+x [BAB]-% | UO JUBDUBIS ,,, "SISI| JUBW||0JUS SSE[D UO BUIpUB)S MO| B UM Sjuspnis Jo ajdwes e pue sjuspns ||e jo sjidwes e 1o sjusiolaod uoissalbal ey} eindwod os|e e\ ‘Wis) Jusnbasgns ay; ul Juswpedsp
BWES 8} Ul 8SIN0D B S8YE) Juspn)s 8y} Ji 8UOo 0} [enba Jojedlpul Ue pue ‘g Jses) je Jo apelb e Sey juepnis ay} Ji 8UO 0} [enbe s|qeueA Jojedipul ue ‘Sepelb 8SIN0D PazZIpIBpPUE)S 8sIN0d 8y} sessed jJuspnis

8y} J 8UO 0} [BNba B|geLeA J0JedIpUl UE ‘8SIN0D 8y} sdOIp JUSPN}S 8U} jl BUO O} [enba 8|qeLEA JOJEOIPUI UB :SB8WO00INO0 JUSPNIS SAl JOPISUOD BN "SBHUAN-UOU JBY}0 10 ‘SISPUE|S| OI0Bd ‘UBDLSWY SABN JO ‘UBDOLBWY
-ueouyy ‘oluedsiH 8q 0} papodal 1o1UyIB/80.I JIBY) )i Senuoul pajussaidauspun, Jo dnoib sy} o} Buojaq si0}oNnAsUl pue sjuepnig “Iapenb-tesh ojwapeoe Jenojued e Buunp Bulieyo 8sINod e Jo uonoss e Aq
paulap sI WOOISSE[O {7 "S108yd paxy WOooISSe|d pue juapn)s Buipnjoul ‘uoleoyioads pawusyald Jno 1oy synsal wodal Ajuo ap "dnoibgns uiepso e o} sbuojeq Juspnis e yi 8uo 0} [enbe aJe jey) S8|qeleA JoJedipul pue
1S8J8}UI JO B|qBLIEA UIBW BY} UsBMeq UoioRIBIUI 8} Hodas osje em sdnolb Juspn)s ssoioe AIBA 0} Sjoeye AJoUIL MOJ|e @M 8J8ym S8sed U] *,uojoriaiu| AJIoUl, SB 0} pallajel - snjejs Ajuouiw pajussaidalispun
$,J0JONJISUI PUE SJUBPN}S USBM]S] UOHOBIBIUI BUj} JO JUSIOIYS0D By} Hodal B\ "PeIapISU0d $8sInod Jo sadA} pue sdnolb Juspnis Jualaylp SSOIOE syNsal Ino Jo Ayuaboislay ay) salojdxe |qe) siyl :SILON

SOA SOA wooisse|n
SOA SOA juspnis
‘S.193443 a3xid
(2€0°0) (920°0) (€50°0) (020°0) (810°0) (#10°0) (010°0) (120°0) (800°0) (6000)
€¥0°0 1200 L€0°0 0€0'0 000 6000 = 9200 xx €500 = L2100 0100~ uonoeJau| Ajouly

991049 1Y} JO UOKIDS BY} Ul JIS JOU OP OYM SIUIPMS

(060°0) (v£0°0) (521°0) (110°0) (€€0°0) (¥20°0) (9100 (9€0°0) (010°0) (€100)
0%0°0- 12900 6800 6500 100°0- ¢lL00- e CV00 « G900 [4300} « 1200~ uonoelsau| Ajuouiy

smejs ALouryy pajuasaidalidapun 103oNISU| Ul UOHBLIEA JNOY}IM SIBIA-9SIN0D

(890°0) (8v0°0) (1110 (820°0) (¥20°0) (610°0) (€100) (820°0) (800°0) (010°0)
1800 00 €200 L¥0°0 0L0°0- ¥00°0 e GV0°0 wx L60°0 wx €200 100~ uonoelau| Ajuouiy

smejs Auouryy pajuasaidalispun J10}oNISU| Ul UOIBLIBA JNOY})M SI19)1enD-9Sin0)

mM““Mszmwﬂ_zzw (49yb1y 10 g) ._Amvm““v ) asino) asino) mM““Mszmwﬂ_zzw (49yb1y 10 g) ._Amvm““v ) asino) asino)
2 oelans apeus) pooo) PuEls passed paddoaqg 2 30elans apeus) pooo) PuEls passed paddoiaqg
-aweg saye]| opei -aweg saye] opein
SIN3IANLS ALIH4OIYd NOILVYHLSIDIY MOT SIN3IANLS 11V

SSIANLSNGOY :STINO0IJLNO LNIANLS HOd SNLVLS ALIMONIN JOLONYULSNI 40 3708 A3LVIILST - ¥ 31aVL



"W00JsSe|0 AQ Palalsn|o 8. SI0LIS PIePUB)S '[8AS]-%(0 | UO JueoyIubIS , |8A8]-%G Uo Jueoyiublg

«x [JOAS|-% ] UO JUBDOIUBIG ,,, "SO}YA-UOU JOU}O IO ‘Siopue|s| OIjI0Bd ‘UBDLBWY SABN JO ‘UedUaWy-UedLyy ‘OluedsiH
8q 0} papodal s AjIoluyie/aoel Jisy) i senLoulp pajussaldatiapun, o dnob ayy 0} Buojag siojonlisul pue sjuspnig
“Japenb-leak ojwapeoe Jenojded e Buunp Bulayo 8sIN0d e JO Uo)O8s e AQ pauljap S| WOOISSE[D Y “UOEDIuSpI
8A8IYOE 0} S|0JjU0D JuBpN}s AQ S}o8y)e paxiy Juspn)s aoe|dal 0} peau am ased Jaje| sy} ul ‘Ajpjesedss 8sinoo

yoes Jo} unJ am suoissalBbal Jnodolp Ul uooeIsiUl AJLIoUIW By} JO SJBWIISS UB UO SaljaJ) ainpadoid Bujwwiy ay) usym
sjinsaJ podal suwNn|joo om} jse| ey} ‘ejdwies [|ny 8y} 8sn jey} suoissaiBbal Jnodolp Ul uonoeIsiul AJLIOUIL BY) JO BJeWSS
uo saljaJ ainpaososd Builuwiy 8y} usym sjinsal Jodal suwnjoo om} isiy 8yl “sjuspnis Ajuoud uonedsibal moj jo ajdwes
e pue sjuapnjs ||e Jo a|dWes e Joj SJUsIoIe00 uoissalbal ay) 8Indwod 8\ "8|qeLIeA BWODINO0 sk apelb pazipJepue)s yim
uonoeia)ul AJLIoUIW BY} JO JUBIDI8090 BU) Jodal ap\ ejuenb (x-00L) 8yl 8Aoge sapelb yym sjuspnys ayj dodp am punogq
Jamo| sy} 8indwiod o] “ajuenb jusosed-x sy mojaq sepelb yim sjuepnis Ajuouiw doip em UolOBISIUI BY) UO punog
Jaddn ayy ejndwiod o] siojonisul Ayoulw Aq Jybney sesse|o ul uonnguysip epelb Ajoulw ayy Jo sajuenb yusosad
-(x-001) pue jusoiad-x 8y} 8)e|NOED UBY) BAA “Jojonasul Ajoulw e Ag Jybney si SSejo syl usym suspnis Ajiouiw-uou
pue Ajuoulw ussmaq 8sInod ay} doip 0} Alisuadold ay) Jo soualiayip abejusalad-x ay) YIm sn sapiroid sjewnse ay |
‘(8]g€) Ul umoys Jou) suoissalbal Jnodoup ul uonoeIBIUI AJLIOUIW BY} BJEINSS 1S DA “S|JELIEA BWOJINO 8y} SB pasn Sl
apeib usym uonoelajul AJLIOUIL BY} IO} SBIBWINSS Pajoa.LIod Uoosjes-a|dWes pue pajoaiiooun smoys a|gel siyl :S31ON

SOA SOA 34 woolsse|)
SaA S 34 uepnmig
(y£0°0) (€10°0) (€£0°0) (€10°0)
« €900 s CLO0 +xx €600 s 61070 punog Jaddn
(e£0°0) (¢10°0) (e£0°0) (€100
050°0 wx 7600 0G0°0 wx Y500 ajewns3 psjosliooun
(€£0°0) (€100 (y£0°0) (€100
€€0°0 s CPO0 6200 wx  BE0°0 punog Jemon
sjuapnis sjuapnis
fKuoud sjuapnis fKuoud sjuapnis
uonessibay nw uonessibay nw
Mo Mo
dNOIAVHIL LNOd0¥A J14103dS dNOIAVHIE LNOdOo¥Ad
-3S4N0ID A9 NOILVONNYL TIVEIAO A9 NOILVONNYL

3AVYO LN3IANLS ¥O04 SNLV1S
ALIRMONIN ¥OLONYULSNI 40 IT70¥ A31VINILST ¥0O4 SANNOT J¥IMOT ANV d3ddn - § 319v1



TABLE 6 - ESTIMATED ROLE OF INSTRUCTOR MINORITY STATUS FOR LONG-TERM OUTCOMES

Course FE

Main Model Model IV Model
OUTCOME: RETENTION
Number of Observations: 14,899
Minority Interaction 0.092 il 0.103 * 0.898 b
(0.033) (0.044) (0.241)
OUTCOME: OBTAIN DEGREE
Number of Observations: 15,342
Minority Interaction 0.058 * 0.066 * 0.376 *
(0.028) (0.036) (0.181)

OUTCOME: TRANSFER TO 4-YEAR COLLEGE

Number of Observations: 15,341

Minority Interaction -0.059 -0.129 i 0.458 **
(0.036) (0.046) (0.232)

OUTCOME: TRANSFER TO 4-YEAR COLLEGE (ONLY INCLUDE CAL STATE AND UC CAMPUSES)

Number of Observations: 15,341

Minority Interaction -0.016 -0.086 * 0.284
(0.034) (0.043) (0.223)

NOTES: This table displays results from our long-term outcome regressions. We report the coefficient of the
interaction between student's and instructor's underrepresented minority status. Each cell is associated with a
different regression. Students and instructors belong to the group of "Underrepresented Minorities" if their
race/ethnicity is reported to be Hispanic, African-American, or Native American, Pacific Islanders, or other non-
Whites. We consider 4 student outcomes: an indicator variable equal to one if the student remains at the college over
the next two quarters (full academic year), an indicator equal to one if the student obtains a degree from the college,
an indicator equal to one if the student transfers to a 4-year college, and an indicator equal to one if the student
transfers to a UC or Cal State campus. We explore the sensitivity with respect to the regression specification: column
1 reports the main specification, column 2 reports estimates after including course set fixed effects for the initial set of
courses taken by students in the term, column 3 reports estimates in which the deviation from steady state minority
instructor share for each department is used as an instrument for the minority instructor share. The controls included
in all regressions are student's age, age squared, gender, financial aid receipt, educational goals at the time of
application, free and reduced lunch rate of high school, year dummy for quarter of first term (or first course taken in
subject), number of courses taken in that quarter, instructor's full-time status, and instructor's age. *** Significant on
1%-level; ** Significant on 5%-level; * Significant on 10%-level.



*x

(1290 (£08°0) (265°0) 500 (¥80°0) (9110 (e51°0) 0€0°0
z80°L- 0€L°0 ¥65°0- 900 €600 Ll « 092°0 wex 8200 anjeN
(950°0) (9v0°0) (1¥0°0) (800°0) (v10°0) (1100 (z1o0'0) (¥00°0)
9¢0°0- G€0°0 1500 2000~ « 0£0°0 9000~ 9100 G000~ ueisy
(zzz0) (960°0) (901°0) (£20°0) (9v0°0) (0£0°0) (820°0) (€10°0)
9220~ 0L0°0- 2200 9000~ €600 8100 z€0°0 wx LEO0 ojuedsiH
(20g°0) (Lzz0) (e22°0) (¥v0°0) (9z1°0) (£+0°0) (850°0) (020°0)
€120 6200 00 w 1600 ¥50°0 1900~ 1800~ wxx 090°0- ueoLIBWY-UBDLYY
2200 Z100 1100 9100 0L0°0 900°0 800°0 1000
8400 2000~ 120°0- 620°0- s WWO0- 0000 « G100 800°0- apym
3S4N0IJ @3SSVd LN3IANLS - IINOILNO 9 1INVd
L1€°0 (v15°0) 7180 €500 (820°0) 680°0 0LL'0 8200
2020 1190 90v°0 o EVL0 w 1810 LEL'0 7110 v 960°0 aneN
(8¥0°0) (0v0°0) G€0°0 600°0 (2100 7100 7100 (500°0)
2200~ 6200~ €200 Z100- wrx 090°0- wxx 8€0°0- 8000~ w 110°0- ueisy
(951°0) (v20°0) (820°0) (zz00) (600 (£20°0) (¥20'0) (€10°0)
6800 9,00 ¥10°0 LE00- AN 8€0°0 6£0°0 ZL0'0- ojuedsiH
(v0z'0) (6¥1°0) (151°0) (80°0) (9200 (8v0°0) (gv0°0) (610°0)
Y920 S0L°0 « 61270 « 29070 1200 o OLLO w 1600 wrx 9700 uesLIBWY-UBILYY
020°0 €100 9100 9100 Z100 1000 600°0 600°0
G100 « 12070 w LE00 1200 200°0- wrx 2200 xux 9200 wxx 8€0°0 ayym
3SYNO0I A3dd0OYA LN3IANLS - JIINOJLNO 'V 1INVd
ueoelly uels ojueds|, ueousuly ol ueoelly uels ojueds, ueoelly )]
oneN ISy juedsiH -ueoLy UM oneN ISy juedsiH -ueouy UM

(s4030n4psuy Apoiuyig/008Y UMQ :dnoig uosuedwo))
Ayatuyyg/a9ey 10)2n43SU|

(s4030n4psuy Apoiuypg/008Y UMQ :dnotg uosuedwo))
Ayotuyygz/09ey 1032n43SU|

sjuapnis Ajiold uonesysibay moT ||Iv sjuapnis |Iv

SNOISSTUDTY dNOYD A9 dNOYUD ‘STNOILNO LNIANLS YO ALIDINHLI/AOVY HOLONYLSNI 40 3708 A3LVINILST - 2 319Vl



"WwooIsse|d Aq paIs)sn|d aJe S10JI9 PIepuelsS "[9AS|-%0 | UO JUBDIUBIS , ‘[9AS]-%G UO Juesiiubig ,, ‘[oAd]
%1 UO JUBOYIUBIS ,,, "SISI| JuSW]||0JUS SSE|D UO BUIpUE)S MO| B UlIM Sjuapnjs Jo ajdwes e pue sjuapnis |je Jo ajdwes e 1o} Sjusloieod uoissalbal ay} andwod osje ap) “Wid) Juanbasgns ayj ul juswedsp
SWES 8y} Ul 8SIN0D B Sa)e) Juapn)s U} JI 8Uo 0} [enba Jojedlpul Ue pue ‘g }Sed| Je jo apelb e sey Juapnis ay} jl SUO 0} [enba a|geleA Jo}edIpul Ue ‘Sapeld asinod pazipJepue)s ‘9sinod ay) sassed juspnis
8y} Jl 8UO 0} [enba BjgeleA Jojedipul Ue (8sInN0d 8y} sdoip JUSpN}s 8y} i BUO 0} [enba a|gelleA JoJedipul Ue :SWO02IN0 JUSPNIS Al JOPISUOD S\ "S}O8)Je PaxI} 8SIN0D pue Juspn)s Sepnjoul Jey} Uoieoloads
e 10} s}insal moys Ajuo s\ ‘suoissaibal Jualaylp Wol sjualolye0d spodal |80 yoeg "dnoib yuspnis yoes Joj Ajereledas uni aie ey} suoissalbal awoolno wouy synsal skejdsip sjgel syl :S31O0N

(080°0)
2200

(Lv20)
¥80°0

8200
1€0°0-

(g91°0)
9e0°0

(095°0)
LZ0-

8500
*xx GG1°0"

(88€°0)
wex 28V 1"

(v¥1°0)
6000

(eve0)
9z1'0

100
¢00°0

(€00°1)
962’1~

(es2°0)
1280~

(¥95°0)
1600

L€0°0
100

(00¥°1)
120

(890°0)
000

(8L1°1)
8v.°0

€200
6000~

(gzv2)
1E¥°0

(851°0)
8eL0

(81672)
z.G°)

6v0°0
6¥0°0-

(€92°1)
099°0

(£90°0)
€100

(S¥71°0)
G000

€200
100°0-

(982°1)
1002

(€€1°0)
¥0Z'0-

(€0€°0)
201°0-

600
990°0-

*¥

/800
¢s0'0

(2100
6000

(€€0°0)
820°0

(290°0)
LEL0-

020
12¢0

(920°0)
G200

(120°0)
¥80°0

(6¥71°0)
¥61°0-

(zz00)
1100

(1L20°0)
G900~

(e51°0)
0vZ'0

€100
»x FP0°0-

(£¥0°0)
6£0°0

(291°0)
8400

(gog0)
6120

1€0°0
»xx GCL°0"

(ez1'0)
1100

(80°0)
1200

(990°0)
G500~

8000
¥00°0-

(822°0)
9500

(2200
€210

(2210
L5100

8100
§00°0-

(G210 (oLz0) 0v0°0
¥60°0 120°0- 9200
(810°0) (020°0) (£00°0)
200°0 1100 8000~
(2€0°0) (910°0)
G100 7100~
(z200) (820°0)
1500 wex €01°07
1100 1100
w G200 9000
(62£°0) (89¢°0) ¥80°0
LO¥'0 ¥51°0 « €510
(1¥0°0) (6€0°0) (510°0)
« €200 71070 2000~
(880°0) (8€0°0)
€20°0- GE00
(981°0) (950°0)
610 wex 9E1L°0"
820°0 €20°0

6¢0°0- « 050°0-

anjeN

ueisy

oluedsiH

ueLIBWIY/-UBILYY

aYM

9 1SV31 1V 40 3avy9 - IINOJLNO :d 1INVd

anjeN

uersy

oluedsiH

ueLIBWIY/-UBILYY

UM

3A@Vy5 ISYNO0I - INO0ILNO I 1INV



FOR ONLINE PUBLICATION

APPENDIX TABLE 1 - ESTIMATED ROLE OF INSTRUCTOR RACE/ETHNICITY FOR STUDENT OUTCOMES, USING A SAMPLE WITH FOUR
RACE/ETHNICITY-GROUPS

OUTCOME:STUDENT DROPPED COURSE

Number of Observations:

Student Race/Ethnicity

White

African-American

Hispanic

Asian

All Students

All Low Registration Priority Students

Instructor Race/Ethnicity

Instructor Race/Ethnicity

White

NOT
IDENTIFIED

F-test: Own-Race/Ethnicity Effect (P-value)

F-test: Race/Ethnicity-Effect (P-value)

African-

. Hispanic
American P

418,283

NOT IDENTIFIED

20.078 **  -0.018
(0.016) (0.017)
0.019*  -0.025 ***
(0.011) (0.010)
0.016 *  -0.011
(0.008) (0.008)
0.000
0.000

OUTCOME: STUDENT PASSED COURSE, CONDITIONAL ON FINISHING THE COURSE

Number of Observations:

White

African-American

Hispanic

Asian

NOT
IDENTIFIED

F-test: Own-Race/Ethnicity Effect (P-value)

F-test: Race/Ethnicity-Effect (P-value)

OUTCOME: STANDARDIZED STUDENT COURSE GRADE, CONDITIONAL ON FINISHING THE COURSE

Number of Observations:

White

African-American

Hispanic

Asian

NOT
IDENTIFIED

F-test: Own-Race/Ethnicity Effect (P-value)

F-test: Race/Ethnicity-Effect (P-value)

300,503

NOT IDENTIFIED

0.067 **  -0.013
(0.015) (0.016)
0.020 *  0.009
(0.010) (0.009)
0.007 0.000
(0.007) (0.006)

0.000

0.000

260,466

NOT IDENTIFIED

0.190 **  0.015
(0.040) (0.046)
0.071 **  0.096 ***
(0.027) (0.027)
0.054 **  0.011
(0.020) (0.019)
0.000
0.000

Asian

0.011
(0.015)

0.022 ***
(0.009)

0.014 **
(0.006)

-0.009
(0.014)

-0.026 **
(0.008)

0.004
(0.005)

0.012
(0.033)

-0.026
(0.020)

0.049 ***
(0.014)

White African- Hispanic Asian
American
122,887
NOT IDENTIFIED
-0.083 ***  -0.018 0.092 ***
(0.034) (0.038) (0.030)
NOT -0.007 -0.042 * 0.050 ***
IDENTIFIED (0.023) (0.022) (0.019)
0.008 -0.003 -0.003
(0.017) (0.018) (0.014)
0.023
0.000
89,031
NOT IDENTIFIED
0.094 *** 0.038 -0.010
(0.034)  (0.046) (0.032)
NOT 0.066 *** 0.023 -0.008
IDENTIFIED (0.025) (0.025) (0.020)
0.010 0.017 0.015
0.018)  (0.017) (0.014)
0.025
0.041
70,871
NOT IDENTIFIED
0.157 0.068 0.045
(0.107) (0.154) (0.085)
NOT 0.105 0.089 -0.040
IDENTIFIED (0.068) (0.075) (0.057)
0.067 0.074 0.021
(0.054) (0.052) (0.040)
0.291
0.587



OUTCOME: GOOD GRADE (B OR HIGHER), CONDITIONAL ON FINISHING THE COURSE

Number of Observations:

White

260,707

NOT IDENTIFIED

70,925

NOT IDENTIFIED

African-American 0.090 *** 0.025 0.007 0.129 *** 0.044 0.025
(0.020) (0.021) (0.017) (0.047) (0.072) (0.042)
Hispanic NOT 0.029 ** 0.039 **  0.001 NOT 0.063 * 0.013 -0.010
IDENTIFIED (0.014) (0.013) (0.011) IDENTIFIED (0.033) (0.037) (0.029)
Asian 0.009 0.006 0.028 *** 0.035 0.003 0.006
(0.010) (0.009) (0.007) (0.026) (0.025) (0.020)
F-test: Own-Race/Ethnicity Effect (P-value) 0.000 0.051
F-test: Race/Ethnicity-Effect (P-value) 0.000 0.366
OUTCOME: STUDENT ENROLS IN A SAME-SUBJECT COURSE IN THE SUBSEQUENT TERM
Number of Observations:
White NOT IDENTIFIED NOT IDENTIFIED
African-American 0.021 0.010 -0.013 0.080 0.045 -0.067
(0.022) (0.023) (0.020) (0.055) (0.072) (0.050)
Hispanic NOT 0.010 0.000 -0.009 NOT 0.024 0.043 0.003
IDENTIFIED (0.014) (0.015) (0.013) IDENTIFIED (0.039) (0.043) (0.035)
Asian 0.005 -0.008 -0.003 0.036 -0.008 0.026
(0.011) (0.011) (0.009) (0.030) (0.034) (0.024)
F-test: Own-Race/Ethnicity Effect (P-value) 0.796 0.258
F-test: Race/Ethnicity-Effect (P-value) 0.962 0.424
Fixed Effects:
Student FE Yes Yes
Classroom FE Yes Yes

NOTES: This table displays results from outcome regressions in which we allow for interactions between all observed student and instructor races/ethnicities. We report the

full set of 9 identified interactions for each regression. Same-Race/Ethnicity interactions are shown in red. We only show results for our preferred specification that includes

student and classroom fixed effects. P-values for a F-test of the existence of same-race/ethnicity interactions and for the existence of any race/ethnicity-interactions are also

listed. A classroom is defined by a section of a course offering during a particular academic year-quarter. We consider five student outcomes: an indicator variable equal to

one if the student drops the course; an indicator variable equal to one if the student passes the course; standardized course grades; an indicator variable equal to one if the

student has a grade of at least B; and an indicator equal to one if the student takes a course in the same department in the subsequent term. We also compute the
regression coefficients for a sample of all students and a sample of students with a low standing on class enroliment lists. *** Significant on 1%-level; ** Significant on 5%-
level; * Significant on 10%-level. Standard errors are clustered by classroom.
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