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Abstract

I provide evidence that diversifying the labor supply of teachers to better reflect the racial
distribution of students increases learning and behavioral outcomes for students of color without
diminishing outcomes for white students. I use administrative data spanning from 2007 to 2017
within the Los Angeles Unified School District, one of the most racially diverse school districts in the
country, to measure the effect of student-teacher race matching on various noncognitive outcomes.
I mitigate the concern that race matches are endogenous by including school-grade and student
fixed effects into a linear regression model. This setting accounts for any potential sorting that
occurs across schools with regards to the racial distribution of teachers as well as any unobserved
time invariant student characteristics that may be correlated with race matching. Following a similar
method from Jackson (2018), I generate a behavior (using suspensions, absences, and grade retention)
and a learning skills (using GPA, marks for work habits, and marks for cooperation) index for each
student and find that race matched students in grades 6 through 12 are expected to increase in their
behavioral index by 0.041 standard deviations and increases in their learning skills index by 0.011
standard deviations. My findings indicate that students of color also experience increases in the
individual components of GPA, work habits, and cooperation and see decreases in absenteeism when
matched with a teacher of the same race. I do not find statistically significant effects on any of these
outcomes for White students. Because noncognitive outcomes lead to higher high school graduation
rates, college enrollment rates, and wages, such effects could lead to a tightening in the achievement
and wage gap found between students of color and white students. This result can be achieved with
an increase in institutional efforts to ensure teacher populations more closely reflect that of their
students.
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1 Introduction

A troubling characteristic of the U.S. education system is the sustained gap in educational outcomes

between White and non-White students. While most of the focus has been on test score gaps (Todd and

Wolpin, 2007; Reardon and Galindo, 2009; Fryer and Levitt, 2013), recent studies show that gaps in

skills not directly measured by test scores also exist between White students and their non-White peers,

even when controlling for environmental factors (Elder and Zhou, 2021; Hashim et al., 2018). Moreover,

gaps in these skills, known as noncognitive skills, are equally as concerning as achievement (i.e., test

score) gaps because they play a significant role in long-run outcomes such as high school graduation,

college enrollment, college major choice, employment, and wages (e.g., Price, 2010; Heckman et al.,

2012, 2013; Jackson, 2018).

Research has established that test scores, particularly for students of color, improve when students

match the race of their teachers (e.g., Dee, 2004; Egalite et al., 2015; Joshi et al., 2018). However, a

teacher’s ability to improve test scores is weakly related to that teacher’s ability to improve noncognitive

skills (Petek and Pope, 2021; Liu and Loeb, 2021; Jackson, 2018; Jennings and DiPrete, 2010). For this

reason, even though the link between test scores and race matching is empirically established, the link

between noncognitive skills and racematchingwarrant dedicated study. To this end, recent studies suggest

that race matching also significantly affects other outcomes. For example, Lindsay and Hart (2017) find

decreases in disciplinary actions for race matched Black students by 3 to 9 percent. In addition, Wright

et al. (2017) find that teachers reported race matched students exhibiting fewer externalizing behaviors,

such as arguing and getting angry, than non-race matched students. Motivated by the racial gap in gifted

education, Grissom et al. (2017) find that race matched Black and Latino students are more likely to be

recommended for enrollment in these programs. Recently, Harbatkin (2021) found that race-matched

Black students receive higher grade point averages, a measure influenced by student behavior and effort

(Guskey, 2018), than non-race matched Black students.

This paper contributes to our growing understanding of race match and student noncognitive skills in
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three critical ways. First, I examine the relationship between student-teacher race matching and multiple

non-test score outcomes. Using data from the Los Angeles Unified School District (LAUSD), I study

the relationship between a student’s race match status on suspensions, absences, grade retention, grade

point average (GPA), effort, and cooperation. I find increases in GPA, marks for effort, and marks

for cooperation for race-matched Asian, Black, and Latino students. I also find that race matching is

associated with decreased grade retention and absenteeism for Asian and Black students.

However, a student’s cognitive abilities may influence these outcomes. For example, it is reasonable

to expect a student’s GPA, usually calculated by their in-class assignments and test scores, to be affected

by cognitive skills. To parse out as much of the noncognitive aspects of these measures as possible, I

employ a factor analysis to generate two separate indices. Specifically, I distinguish between "learning

skills" and "behavioral" noncognitive measures and create an index for each category. The learning skills

index measures a student’s ability to manage their time, exercise self-control, cooperate with classmates,

and resolve conflicts appropriately. The behavior index captures aspects of externalizing behaviors such

as aggression and disruptiveness. I find that race-matched secondary school (i.e., grades 6 through 12)

students of color experience increases in overall learning skills and behavior.

The second contribution of this paper is that I broaden the scope of race match and noncognitive

studies beyond traditionally studied races and settings. Previous studies have focused on the race match

effects for Black and White students at the state or national level,1 even though Latino students make

up a quarter of the student population (NCES, 2017). By leveraging the racial composition and size of

LAUSD, I find large and significant increases in behavior and learning skills for Asian, Black, and Latino

students. These findings shed light on previously understudied groups of students, which is essential

in understanding how to close the noncognitive skills gap between them and their White peers. Also,

LAUSD is located within an urban setting, which typically have higher proportions of students of color

than non-urban settings (Pew Research Center, 2018). If the purpose of race matching is to shrink the

achievement and noncognitive gaps between students of color and their White counterparts, it is vital to

1One exception is that Shirrell et al. (2021) find race matched Latino students experience a lower likelihood of suspension
than their non-race matched counterparts in New York City.
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understand the effect that race matching has where there are the most students of color.

Finally, I shed light on themechanisms throughwhich racematching impacts a student’s noncognitive

skills. The existing literature hypothesizes that teachers and students may induce race match effects

through active or passive channels. I parse out the race match effects attributed to teacher bias by

modifying a method proposed by Elder and Zhou (2021). Student-side mechanisms (e.g., stereotype

threat or role model effect) are more prominent than teacher-side mechanisms for behavioral outcomes.

In contrast, teacher-side race matching mechanisms (e.g., developing culturally relevant pedagogy) have

more influence on improving students’ learning skills. The following section further describes how race

matching mechanisms may impact a student’s behavior and learning skills.

2 Theoretical mechanisms for the race match effect

Two mechanisms have emerged from the literature when describing the role of student-teacher race

matching on student outcomes: passive channels and active channels. Passive channels rely on a

subconscious response to race, while active channels are a more deliberate reaction to race. These

channels may work through either student-side mechanisms (i.e., how a student responds to being race

matched to their teacher) or teacher-side mechanisms (i.e., how a teacher responds to a student that shares

the same race). While the section below describes each channel separately, there is certainly potential

for overlap between them.

2.1 Passive channels

Students of color assigned to teachers of a different race may be influenced by unconscious biases in the

classroom environment, potentially limiting students’ educational opportunities. For example, students

of color are more likely to be perceived as disruptive and deserving of harsher punishment when assigned

to White teachers (e.g., Okonofua et al., 2016; Skiba et al., 2011). These implicit biases may be the

driving factor in the disproportionate rate at which Black and Latino students are disciplined compared

to their Asian and White counterparts (Rodriguez, 2020). Evidence indicates that Black teachers have
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lower levels of implicit biases towards Black students (e.g., Chin et al., 2020), which may explain why

race matched Black students have a lower likelihood of being suspended than when placed in a classroom

with a White teacher (e.g., Lindsay and Hart, 2017; Shirrell et al., 2021). Furthermore, when students

are not race matched, teachers tend to have significantly lower academic expectations for students of

color and perceive their abilities as lower than both their white peers as well as their actual abilities (Fox,

2015; Gershenson et al., 2016; Ouazad, 2014; Ready and Wright, 2011; Tenenbaum and Ruck, 2007).

Correspondingly, Black students are perceived as having higher academic ability and exhibiting more

pro-academic behaviors in years when they are matched with Black teachers, compared to years when

they are demographically mismatched with their teachers (Downey and Pribesh, 2004; Ehrenberg et al.,

1995; McGrady and Reynolds, 2013; Oates, 2003).

On the student side, being assigned to a teacher of a different race could activate stereotype threat.

This theory, introduced by psychologists Claude Steele and Joshua Aronson, suggests that people are

often afraid of behaving in ways that confirm negative stereotypes. Furthermore, when these stereotypes

are made salient to students, this fear can cause students to significantly underperform in academic

settings (i.e., Steele and Aronson, 1997; Steele, 1995). In other words, students may unconsciously

react to teachers’ (unconscious or conscious) biases by performing poorly in classes. When students

are placed with a teacher of the same race, they may be less likely to worry about judging their actions

against negative stereotypes. Instead, students of color may feel more comfortable asking questions and

seeking help in race matched classrooms. In testing for stereotype threat, Dee (2015) finds an increase

in achievement for minority students that undergo a daily 15-minute affirmation exercise. He explains

that this exercise reduces the amount of anxiety experienced by students that feel they are subjected to

different treatment based on their socioeconomic status. He theorizes that students who feel the pressures

of stereotype threat underachieve, particularly on exams. For the case where students of color feel more

comfortable with minority teachers, there may be a reduction or elimination of this perceived threat,

which could increase educational outcomes for these students, such as exhibiting more cooperation and

effort.
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2.2 Active channels

Proponents of culturally relevant pedagogy argue that race matched teachers can more easily build upon

a shared understanding to develop better relationships with their students. Additionally, teachers of color

may be more proactive in developing culturally relevant curriculum and classroom strategies that can

improve students’ connections to the course materials (Gay, 2000; Milner, 2011; Saft and Pianta, 2001;

Ladson-Billings, 1995). Some teachers may also be more likely to exhibit forms of positive bias towards

race matched students. For example, race matched students may receive more attention and positive

feedback, or teachers may have a more empathetic mindset (i.e., be more willing to give students the

benefit of the doubt) when they misbehave in class (Grissom et al., 2015; Lim, 2006; Okonofua et al.,

2021).

Race matched teachers could also influence how parents interact with schools. A large amount of

literature documents the importance of parental involvement in children’s academic and socio-emotional

development (see Van Voorhis et al., 2013, for a thorough review). Studies have also recognized lower

parental involvement for students of color for myriad reasons (e.g., Lareau, 2011). However, these

parents may feel more comfortable reaching out to teachers of color with their questions or concerns.

This increased involvement could result in parents advocating for their children’s access to more school

resources (Harackiewicz et al., 2012; Lareau and Horvat, 1999).

As previously mentioned, studies have also shown that race matched teachers are more likely to have

higher academic expectations for students of color (e.g., Gay, 2000). These higher expectations can

cause significant shifts in students’ behaviors and effort levels (Ferguson, 2003; Grissom et al., 2015).

In addition, students of color have reported feeling more motivated and engaged in classroom activities

when they are race matched, compared to when assigned to white teachers (Cherng and Halpin, 2016).

Gershenson et al. (2018) describe how a student-teacher role model effect may also be the driving

mechanism in their finding of an increase in high school graduation for race matched Black students.

Also, Gershenson et al. (2016) find that non-Black teachers exhibit lower expectations than Black teachers

for the same Black student. If students realize these perceptions, they may actively seek role models to
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inspire them.

While I am unable to directly separate the effects of active and passive channels, I attempt to parse

out teacher-side mechanisms from the race match effect in Section 3.5. Intuitively, the proposed method

controls for a teacher’s bias. The resulting analysis reveals the effect that student-side mechanisms have

on race matching. By directly comparing the results of specifications with teacher bias adjusted outcomes

to those without controlling for teacher bias, I describe which mechanisms drive the heterogeneous race

match effects on learning skills and behavior.

3 Empirical Strategy

3.1 Los Angeles Unified School District Administrative Data

This study relies on an administrative panel dataset for students in grades 6 through 12 from LAUSD

spanning the academic years of 2006-07 through 2016-17 (N = 2,556,132). As the second largest school

district in the U.S., LAUSD is a unique setting to study race match effects on noncognitive skills for

several reasons. First, the racial distributions of teachers and students within LAUSD allows for insight

into traditionally understudied Latino and Asian populations. Second, LAUSD is located in an urban

setting which tends to have higher shares of students of color than non-urban settings. Third, beyond the

traditional measures of suspensions and absences, teachers within this district assess students based on

other key noncognitive skills: cooperation and work habits.

For each student, LAUSD records race,2 grade, gender, English Learner (EL) status, free- or reduced-

priced lunch (FRL) eligibility, and student with disability (SWD) status. The data also link students to

teachers by year, aswell as their characteristics such as race, gender, years of experience,3 and certification

status (e.g., preliminary or fully certified). Using these data, I am able to generate a race match variable

which indicates if a student and teacher share the same race. Since students may have multiple teachers,

and it is not obvious which teacher contributes most to improving a student’s learning skills or behavior,

2Student and teacher race categories include: Asian, Black, Latino, and White. Filipino, Native American, Pacific Islander,
and Multi-Race have been subsumed into an “Other" category due to lack of sample size.

3Years of experience is top-coded at 10 years.
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I collapse the data to the student-year level. Table 1 summarizes each of the student characteristics, as

well as the averaged teacher characteristics by student race. The majority of students of color are FRL

eligible, a proxy measure for a student’s socioeconomic status, with 84% of Latino students being eligible

for free- or reduced-price lunches. As a reference, the average for all public school students in California

is 59.4% (NCES, 2017). Also, White and Asian students, on average, have teachers with higher levels of

experience and certification status than Black and Latino students. Since each of these characteristics is

expected to influence a student’s learning skills and behavior, they are controlled for in the equation in

the Model section of this paper.

Each year, a student is assigned a mark for achievement, work habits, and cooperation for every

course (e.g., math, science, social studies, etc.) they are enrolled. I use these marks to generate

separate grade point averages for each category by averaging a student’s marks across courses to the

year level. For all students, the marks for achievement (GPA) are measured on a traditional 4-point

scale.4 The marks for work habits and cooperation are on a two-point scale with the values of 0 for

"Unsatisfactory", 1 for "Satisfactory", and 2 for "Exceptional." Appendix F provides the rubric for

how the marks for achievement, work habits, and cooperation are graded within LAUSD. Additional

noncognitive outcomes included in the dataset are: days absent, days enrolled, times suspended, and

days suspended for each student at the academic-year level. I use the number of days a student is absent

and the number of days a student is enrolled to generate the percent of days a student is absent (%Days

Absent). I also generate the average number of days a student is suspended per the number of times the

student is suspended (Avg. Days Susp). The panel nature of the dataset allows me to identify whether

a student is retained into the same grade the following year (Held Back). In the next section, I describe

how these noncognitive measures differ across student race and race match status.

4Marks for achievement are converted from letter grades to numbers using the following scale: "A" = 4, "B" = 3, "C" = 2,
"E" = 1, and "F" = 0.
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3.2 Descriptive Findings

As seen in Figure 1, LAUSD has a larger share of Latino teachers and students than average in the U.S.

Nationally, Latino teachers make up 7.9% of the teaching workforce, while almost a quarter (24.7%) of

the student population are Latino. In LAUSD, for students in grades 6 through 12 during the academic

years of 2007-08 through 2017-18, these percentages are much larger than the national average at 27.1%

and 75.8% for teachers and students, respectively. Figure 2 illustrates the differences in the treatment

variable (Share RM) across student race in LAUSD. The treatment variable, Share RM, is the share of

race matched teachers a student has in a given year.5 On average, students are race matched to 32%

of their teachers in a given year.6 Asian, Black, and Latino students are race matched to 14, 26, and

32 percent of their teachers, respectively. Despite making up a relatively smaller share of the student

composition, White students are race matched to 61% of their teachers. A contributing factor to this

phenomenon is thatWhite students tend to attend schools taught by mostlyWhite teachers (NCES, 2020).

In addition, White teachers also make up the plurality at 44.6% in LAUSD. While both of these factors

increase the probability that a White student will be placed into a race matched classroom, the latter only

applies to White students, thus giving them an inequitable opportunity to receive the potential benefits

of race matched instruction.

Figure 3 summarizes the averages of different student outcomes by student race and illustrates the

gaps found in various noncognitive skills and outcomes between Asian/White students and Black/Latino

students. On average, Asian and White students have higher GPAs, marks for work habits, and marks

for cooperation than Black and Latino students. Asian and White students are also less likely to be held

back, suspended, and miss fewer days. These gaps in noncogitive skills are consistent with the existing

literature and illustrate the need to better serve students of color. Table 2 summarizes each noncognitive

skill and outcome by race match status.7 To account for the continuous nature of the treatment variable,

5Presumably, the amount of time a student and teacher are together, the larger impact that teacher may have on a student’s
learning skills and behavior. To account for this, Share RM is weighted by the number of times a teacher and student share a
course/subject. That is, 𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑡 =

∑
𝑅𝑀𝑖𝑐𝑡

𝑇𝑐ℎ𝑖𝑐𝑡
where 𝑅𝑀𝑖𝑐𝑡 is an indicator for whether a student and teacher share the same

race in a given course and year and 𝑇𝑐ℎ𝑖𝑐𝑡 is the total number of teacher-course combinations a student has in that same year.
6See Table 1 for the complete table of student summary statistics.
7See Table A1 in the Appendix A to view a version of Table 2 that is not separated by%𝑅𝑀 .
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I separate out the descriptive statistics by students that are race matched to the majority of their teachers

(> 50% 𝑅𝑀 , "race matched") and those that are not (< 50% 𝑅𝑀 , "non-race matched"). On average,

"racematched" students share the race of 65.9% of their teachers while "non-racematched" students share

the race of 18.6% of their teachers. A pattern that emerges is that, without controlling for confounding

factors, race matched students tend to have similar or better noncognitive outcomes than their non-race

matched peers. A notable exception is that race matched Black students have lower scores in learning

skills and worse measures of behavior than non-race matched Black students. However, it is important to

point out that these descriptive statistics do not control for any characteristics that are expected to impact

student outcomes. For example, schools with higher concentrations of low-income students tend to also

receive fewer resources for instruction which could lead to worse outcomes for these students (Darling-

Hammond, 1998). Thus, to accurately measure a race match effect, I control for factors correlated with

race matching and noncognitive outcomes, as explained the upcoming Model section of this paper.

3.3 Latent Learning Skills and Behavior

A student’s noncognitive ability is difficult to directly measure. I use a latent variable framework and

define two aspects of noncognitive ability. Specifically, “learning skills" measures a student’s ability to

use prior knowledge to accomplish tasks, evaluate their ownwork, and cooperatewith others. On the other

hand, "behavior" is a measure of a student’s externalizing behaviors such as aggression, disruptiveness,

or impulsiveness. While a student’s learning skills or behavior are not directly measured, proxies of

these variables may be generated using the information provided from observable student outcomes.

In this study, I categorize each noncognitive outcome as a "learning skill" or a "behavior" component.

However, there is expected overlap across these two latent variables. For example, teachers assign value

to a student’s behavior, attitude, work habits, and effort when assigning grades (Guskey, 2018; Howley

et al., 2000). Since a student’s behavior and learning skills are linked to influencing GPA, this component

could easily be used to proxy for either latent variable. However, in the specific context of this paper,

the rubric that teachers use in LAUSD does not contain information on externalizing behaviors when
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assigning grades to students. For this reason, I have excluded GPA from entering the student’s behavior

function. Similarly, I include a student’s work habits and cooperation marks into measuring their learning

skills but not behavior.

Duckworth et al. (2007) find that students with fewer absences, suspensions, and grade retention

are associated with higher levels of conscientiousness. Since low levels of conscientiousness have been

linked to higher levels of externalizing behaviors (Barbbaranelli et al., 2003), I include these components

into calculating the proxy for a student’s behavior.

Several of the noncognitive skills and outcomesmay also be influenced by a student’s cognitive ability.

Continuing with GPA as an example, teachers are tasked with measuring a student’s "quality of work" by

determining if the student "demonstrates an exemplary level of understanding" which could certainly be

interpreted as a cognitive skill. In an attempt to parse out as much information on noncognitive skills as

possible, the next section describes how confirmatory factor analysis uses the shared variation of these

components to generate proxies for the learning skills and behavior measures.

3.3.1 Confirmatory Factor Analysis

Confirmatory factor analysis utilizes the shared variation of each pre-selected component (e.g., GPA,

work habits, suspensions) in order to generate the proxies for each latent noncognitive variable: learning

skills and behavior. More generally, for a given 𝑝 noncognitive components, let 𝑋 = 𝐿𝐹 +𝑈, where 𝑋

is a 𝑝 × 𝑛 matrix of 𝑝 components for each of the 𝑛 observations, 𝐹 is a 𝑘 × 𝑛 matrix of 𝑘 < 𝑝 factors,

𝐿 is a 𝑝 × 𝑘 factor loading matrix, and 𝑈 is a 𝑝 × 𝑛 uniqueness matrix which captures the variation

unique to each component that is not shared by the other components. 𝐿 is estimated via eigenvector

decomposition by solving 𝐶𝑜𝑣(𝑋) = 𝐶𝑜𝑣(𝐿𝐹 + 𝑈). Finally, I employ the Bartlett scoring method to

calculate each proxy. That is, 𝐹 = ( �̂� ′Ψ̂−1 �̂�)−1 �̂� ′Ψ̂−1, where Ψ̂ is a diagonal matrix whose elements

are equal to the variance of the unique factor scores (Bartlett, 1937). The exact Bartlett scores for each

component, along with a description, of the learning skills and behavior proxies are provided in the

following sections.
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3.3.2 Learning Skills Proxy

Using confirmatory factory analysis, I generate a learning skills proxy that indexes a student’s ability

to use prior knowledge to accomplish tasks, evaluate their own work, and cooperate with others. Each

noncognitive component (i.e., GPA, marks for work habits, and marks for cooperation) used in the

process detailed above contains information about a child’s learning skills. Confirmatory factor analysis

attempts to parse out this information from each of the components to define the latent learning skills

variable by utilizing the shared or common variation across the three components used, while ignoring

the variation unique to each component. The resulting equation for the learning skill measure is:

𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑆𝑘𝑖𝑙𝑙𝑠 = 0.29 ∗ 𝐺𝑃𝐴 + 0.54 ∗𝑊𝑜𝑟𝑘𝐻𝑎𝑏𝑖𝑡𝑠 + 0.20 ∗ 𝐶𝑜𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛. (1)

This measure is standardized across the sample to generate a learning skills index (LSI) with higher

values being associated with “better" learning skills. As a reference, Petek and Pope (2021) find that a

1sd increase in a similar measure is expected to decrease the probability that a student drops out of school

by 4 percentage points. The correlations between each noncognitive component can be found in Table

A2 in the Appendix. Table 3 displays the factor loadings and Eigenvalue for the learning skill index.

The factor loadings can range from [-1,1] and represent the correlation between the component and the

proxy (or factor) variable. While related, these values are different from the Bartlett scores used to create

the proxy. For the learning skills index, each component is highly and positively correlated to the proxy

with each factor loading being above 0.95. As a rule of thumb, having an Eigenvalue greater than one

indicates that the proxy is a good measure. In the case for the learning skills proxy, the Eigenvalue is 2.78

and indicates that the shared information across the components used explain 93% of the total variation.

3.3.3 Behavior Proxy

I also use confirmatory factor analysis to create a proxy for a student’s behavior. This proxy captures

a student’s externalizing behaviors such as aggression, disruptiveness, or impulsiveness. The Bartlett
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scores associated with each noncognitive component of the behavior proxy are shown in the following

equation:

𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟 = −0.73 ∗%𝐷𝑎𝑦𝑠𝐴𝑏𝑠𝑒𝑛𝑡 − 0.24 ∗ 𝑆𝑢𝑠𝑝𝑒𝑛𝑠𝑖𝑜𝑛𝑠 − 0.50 ∗ 𝐺𝑟𝑎𝑑𝑒𝑅𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛. (2)

As with the learning skills index, the proxy for behavior is standardized across observations with higher

scores being associated with better behavior. I refer to the standardized behavior measure as the behavior

index (BI). For reference, Jackson (2018) indicates that an increase of 1sd in a similar measure is

estimated to increase the probability a student graduates from high school by 15.8 percentage points.

The factor loadings and Eigenvalues for the behavior index is shown in Table 3. Each component is

negatively correlated with the behavior proxy, and the Eigenvalue is greater than one, the rule of thumb

threshold for a good proxy measure.

Panel (f) of Figure 3 illustrates the averages of the learning skills index and behavior index by student

race. The gap for each noncognitive skill index between Asian and White students and Black and Latino

students is made apparent. The indices are standardized across the sample and are interpreted as standard

deviations from the mean. As seen in this figure, on average, Asian and White students have learning

skills and behavior measures well above zero, while these measures for Black and Latino students are

below the mean. Since noncognitive skills impact long-run outcomes, it is vital to shrink these gaps

which may occur through student-teacher race matching. Table 2 summarizes the learning skills index

and behavior index by race match status. Descriptively, students in race matched classes tend to have

higher scores in both indices. The exception is that race match Black students have a lower learning

skills index and behavior index score than non-race matched students from a descriptive standpoint.

3.4 Model & Identification Strategy

Apotential threat to identifying racematch effects is that studentsmay sort by unobservable characteristics

to their teachers based on race, which would bias the estimate. Since students and teachers sort by race
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across schools (NCES, 2020), I include school-grade fixed effects to eliminate this concern by identifying

the race match effect using the variation found within a school-grade. I also include student fixed effects

to control for any time invariant unobserved student characteristics that may lead to sorting. While

these two fixed effects are used in the main specification, I also analyze other models in the Robustness

section to further investigate the concern for student and teacher sorting. I estimate the impact that

student-teacher race matching has on learning skills and behavioral measures by using the following

model:

𝑌𝑖𝑔𝑠𝑡 = 𝛽0 + 𝛽𝑅𝑀 (𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑔𝑠𝑡 ) + Xigst𝚪1 + Z̄igst𝚪2 + X̄gst𝚪3 + \𝑖 + \𝑔𝑠 + \𝑡 + 𝜖𝑖𝑔𝑠𝑡 , (3)

where 𝑌𝑖𝑔𝑠𝑡 is the outcome of interest for student i in grade g in school s at year t. 𝑆ℎ𝑎𝑟𝑒𝑅𝑀 is the

share of race matched teachers for the student, X is a vector of time-variant student characteristics, Z̄ is

a vector of averaged teacher characteristics, X̄ is a vector of classroom characteristics, \𝑖 , \𝑔𝑠, and \𝑡 are

student, school-grade, and year fixed effects, respectively. 𝜖 is a normally distributed error term. I repeat

this analysis by student race using:

𝑌𝑖𝑔𝑠𝑡 = 𝛽0 + 𝛽𝑅𝑀 (1(𝑅𝑎𝑐𝑒𝑖) ∗ 𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑔𝑠𝑡 ) + Xigst𝚪1 + Z̄igst𝚪2 + X̄gst𝚪3 + \𝑖 + \𝑔𝑠 + \𝑡 + 𝜖𝑖𝑔𝑠𝑡 , (4)

where each component is identical to equation 3 with the exception that 𝑆ℎ𝑎𝑟𝑒𝑅𝑀 is now multiplied by

an indicator variable, 1(𝑅𝑎𝑐𝑒), which represents the student’s race. The standard errors are clustered at

the student level, which is the unit of treatment in this study.

Even though a student’s outcome in a given year is endogenous with respect to teachers, the race

match effect is identified from the within student variation in the share of race matched teachers a student

has across years. That is, if a particular teacher favorably grades a race matched student within a given

year, this bias would average out as long as the student remains in LAUSD for a sufficient amount of

years. However, the race match effect could still be biased if all teachers of a particular race favorably

grade race match students across all years. In this case, the race match effect would no longer be
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interpreted as a change in the student’s noncognitive skills, but rather a change in the grading of the

student’s noncognitive skills. Students of color could still benefit under this interpretation if the student’s

view more favorable grading as affirmation from their teacher. In a meta-analysis, Wu et al. (2021)

provide examples of several studies which find that teacher affirmation improves outcomes, especially

for disadvantaged groups (e.g, students of color, female, English learners).

3.5 Separating student and teacher race match mechanisms

The subjective nature of noncognitive skills make them difficult to study in a causal way. Recently, Elder

and Zhou (2021) developed a method which "ties down" these subjective measures to more objective

measures, such as test scores, in order to control for biases that teachers may inflict onto marks for

noncognitive skills. Intuitively, a teacher’s assessment of a student’s development in learning skills may

be influenced by the other students in the classroom. A child that seems to exhibit low effort when

surrounded by high effort students may appear high effort when surrounded by low effort students even

when the child does not change their actual level of effort. Elder and Zhou’s approach removes this

reference bias by assuming that the underlying bias for an objective measure is similar to a subjective

one and adjusting the subjective outcome by the amount of bias found in the objective measure. I make a

slight modification to the authors’ methods to also include a student’s race when calculating the reference

bias. I use math test scores as the baseline measure when calculating the reference biases, which means

that my teacher reference bias analyses necessarily restricts the sample to only students with test scores.

While I am still unable to separate out passive and active channels, this approach controls for teacher bias

which leaves the race match effect that is driven by the student mechanisms described in Section 2. In

other words, if the effect with the adjusted outcomes is smaller than the original effect, then the original

race match effect must have been driven by teacher-side mechanisms. Similarly, if the race match effect

with the adjusted outcomes is larger or equal to the original effect size, then the main driver in the race

match effect is a student-side mechanism.
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Elder and Zhou (2021) propose two separate methods, each requiring a different assumption, to

adjust subjective outcomes for reference bias. I slightly modify and employ both of these methods and

make adjustments to the GPA, marks for work habits, marks for cooperation, suspensions, and grade

retention. Then, using these newly adjusted measures, I recalculate each version of the learning skills

and behavior indices. Finally, I reanalyze equation 4 using the reference bias adjusted learning skills and

behavior indices. I provide a detailed explanation on calculating the reference bias adjusted measures

for condition 1 and condition 2 in Appendix B.

3.5.1 Condition 1: Similar ratio of within-school-race and between-school-race variance across

skills

In the first reference bias adjustment, I assume that the each subjective and objective measures are

similarly distributed within a school-grade-year-race (SGYR) level. Elder and Zhou (2021) show that

under this assumption, the ratio of the within-SGYR variation of any (subjective or objective) measure

to the between-SGYR variation will be constant. I calculate this ratio using math test scores as the

baseline and find the measure-specific reference bias for each learning skill component by using the

above assumption and the ratio of within-/between-SGYR variation in math test scores. Finally, I adjust

the noncognitive skill component for each student within the SGYR level by subtracting the calculated

reference bias and standardizing the newly adjusted outcome to have the same variance as the original

measure.

3.5.2 Condition 2: Teacher’s bias does not vary across skills

The second reference bias adjustment is similar to the first except, under the assumption that all skills

at the SGYR level are biased by the same amount, there only needs to exist an exemplar noncognitive

measure to calculate the reference bias. Using GPA, I repeat the steps under condition 1, but use the

resulting reference bias to adjust the remaining noncognitive components. Table B1 shows the adjusted

outcomes for condition 1 and condition 2 for each noncognitive measure by race and race match status.
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For example, Asian students matching less than half of their teachers’ races have an unadjusted GPA of

3.222. The adjusted GPAs for these students is 3.089 and 3.222 under conditions 1 and 2, respectively.

4 Race Match Effects on Noncognitive Skills and Outcomes

4.1 Individual Noncognitive Skills and Outcomes

Table 4 shows the effects of student-teacher race matching on the individual noncognitive measures.

Each learning skills component (e.g., GPA, marks for effort, and marks for cooperation) are standardized

at the grade-year level, and the coefficients for these outcomes are interpreted as a change in standard

deviations. Since the effects found in this table for Share RM are interpreted as a student going from no

race matched teachers to all race matched teachers, I interpret the results as the effect of a 10 percentage

point increase in Share RM by dividing each coefficient by ten. Panel A shows that the overall race match

effect for GPA, marks for work habits, and marks for cooperation are positive with a 10 percentage point

increase in the share of race matched teachers leading to an expected increase of 0.0029sd, 0.0037sd,

and 0.0024sd for each component, respectively. Panel B shows how the race match effects differ across

race with Asian, Black, and Latino students expected to experience increases in the learning skills with

an increase in the share of race matched teachers. However, White students do not seem to benefit from

having a larger share of race matched teachers. In fact, a 10 percentage point increase in the share of

White teachers is expected to decrease marks for cooperation by 0.0019sd for White students. This is a

key result because these findings indicate that increasing the share of teachers of color will not detract

from the development of learning skills for White students. To better understand the magnitude of these

effect sizes across student race, Figure 4 plots each coefficient with a 95-percent confidence interval.

The race match effect on each learning skills component is largest for Asian and Black student but also

remains significantly positive for Latino students.

Held Back and Suspension in Table 4 are indicator variables and the effects are interpreted as

a change in the probability of the outcome occurring. Figure 5 illustrates the coefficient plots and
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confidence bands for these two variables. The overall effects indicate that an increase in the share of race

matched teachers has no compelling impact on either variable. While the effect found on Held Back is

statistically significant, a student going from zero race matches teachers to all race match teachers would

be expected to be retained in their grade by 0.3 percentage points. These effects remain insignificant even

when examining them by race. For example, Asian students are expected to find that a 10 percentage

point increase in the share of race matched teachers decreases their probability of being held back by 0.1

percentage points or suspended by 0.06 percentage points. While these effect sizes are negligible, the

information these variables contain on noncognitive skills still contribute to the race match effect found

for the behavior index in the next section. Note that these results, as with all of the results in this paper,

do not take into account the possibility for the race match effect to compound over time.

For column (6) of Table 4, I use a log transformation for the number of days the student is absent (Days

Absent) and interpret the results as the percent change in the number of days absent.8 The coefficient

plots can be found in Figure 6. The overall race match effect indicates that a 10 percentage point increase

in the share of race matched teachers is expected to decrease the number of days a student is absent by

0.25 percent. When looking by race, increasing the share of race matched teachers by 10 for Asian and

Black students is expected to decrease the number of days missed by 0.99 and 0.67 percent, respectively.

Again, these values may seem small, but they do not account for the possibility of a compounding effect

as a student is race matched multiple times throughout their educational career.

4.2 Learning Skills and Behavior Indices

The race match effect for learning skills and behavior are found in Table 5. Panel A shows the results

for equation 3 which estimates the overall race match effect regardless of a student’s race. I find that

increases in the share of race matched teachers lead to a higher learning skills. Column (1) indicates

that a 10 percentage point increase in the share of race matched teachers is associated with a 0.0011

sd increase in the learning skills index. Using the results from Petek and Pope (2021), this estimate

8To account for zero values, I use a 𝑙𝑛(𝑦 + 1) transformation.
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suggests a decrease in the probability a student drops out of high school by 0.0045 percentage points.

Panel B displays the results for equation 4 which looks at the heterogeneous race match effect by student

race. For Asian, Black, and Latino students, a 10 percentage point increase in the share of race matched

teachers is estimated to improve the learning skills by 0.0137 sd, 0.0096 sd, and 0.0038 sd, respectively.

These improvements to learning skills are estimated to decrease the probability Asian students drop out

of school by 0.056 and Black students by 0.016 percentage points with Latino students in-between.

Panel A of Table 5 also indicates that student behavior also benefits from race matching. A 10

percentage point increase in the share of race matched teachers is expected to increase a student’s

behavior index by 0.0041sd. The results from Jackson (2018) implies an increase in the probability of

graduating high school by 0.055 percentage points for these students. Asian and Black students seem

to benefit the most from race matching in terms of improvements to their behavior index with a 10

percentage point increase the in share of race matched teachers leading to an expected decrease in the

probability of dropping out of high school by 0.067 percentage points.

Figure 7 compares the race match effect on the learning skills index to the effect on the behavior

index across each race. In general, the effect on learning skills seems larger than that on behavior.

However, there is a significant, positive impact of race matching on behavior, especially for Asian and

Black students.

4.2.1 Reference Bias Results and Potential Mechanisms

Table 6 shows the results of the reference bias adjusted learning skills index and behavior index. While

the estimates make no distinction between active or passive channels, they do account for a teacher’s

bias when assigning students a mark for achievement, effort, cooperation, suspension, or grade retention.

This effectively teases out the race match mechanisms driven by teachers and leaves student mechanisms,

such as the role model effect (active channel) or stereotype threat (passive channel). By comparing the

original specification results to the those adjusted for reference bias, I can infer which mechanism is the

main driver for the race match effect.
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Both reference bias adjustment conditions rely on an objective measure to act as a baseline in

calculating a teacher’s bias. Since I use a student’s math score, this restricts the sample to those students

with a math test score. I repeat the analysis on the learning skills and behavior following equation 4

for this subsample. As seen in Figure 8, the results for the restricted sample are similar in magnitude

to the results for the main sample for both indices. The race match effect on learning skills for Asian

and Black students are similar when controlling for teacher bias. This indicates that these effects are

mainly driven by student-side mechanisms. It is possible that race matched Asian and Black students

benefit from a lack of stereotype threat. As explained in a previous section, an awareness of any negative

racial stereotype could cause a student to experience anxiety when not race matched to their teacher

which may cause them act in ways that are perceived as misbehaving. This anxiety could also prevent

them from participating in classrooms which, according to Guskey (2018), is a factor teachers use when

assigning grade points to students. A student’s level of anxiety would be reduced if they were to not

experience racial stereotype threats in race matched classrooms which, in turn, could improve behavior

and allow for an uninhibited development of learning skills. Panel (b) of Figure 8 indicates that the race

match effect on learning skills for Latino students decreases when accounting for a teacher’s reference

bias. This indicates that a teacher-side mechanism is the driving force behind the race match effect.

Since LAUSD has one of the largest populations of Latino teachers in the country, it is possible that

Latino students benefit from culturally relevant pedagogy which improves a student’s connection to the

course materials (Gay, 2000). While the coefficients indicate the race match effect on behavior skills for

Asian and Black students are driven by student mechanisms, Figure 8 reveals that these measures are not

statistically different from one another, leaving ambiguity on exactly which mechanisms are driving the

results.

5 Robustness Checks

A threat to identifying the race match effect is that students and teachers may sort by race for reasons that

influence their behavior or learning skills. I address this issue in equation 3 by including student fixed
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effects, which utilizes within-year variation and eliminates the concern of any time invariant student

characteristic that causes a student to sort, and school-grade fixed effects, which mitigates the concern

of students and teachers sorting across schools. However, students that sort in one year may also be

more likely to sort in a following year. As further checks for sorting, I also analyze two additional

specifications. First, I analyze and compare different levels of fixed effects by modifying equation 4.

Changing the level of fixed effects alters the necessary identifying assumptions and finding similar results

between the different models mitigates the concern for sorting bias. Second, I include lagged outcomes

in the regression model, which control for the case of students with similar levels of perceived behavior

or learning skills being sorted into the same classrooms. I do not find evidence of sorting by race in either

robustness check when taking into account student, teacher, and school characteristics, which indicates

that the method used in equations 3 and 4 is sufficient to account for sorting bias.

5.1 Comparing results of specifications with different levels of fixed effects

Harbatkin (2021) checks for student-teacher sorting by comparing the effects from several modified

regression models. By changing the levels of fixed effects used, they compare within-year, across course

estimates to across year, within-course estimates. The race match effect is identified when exploiting

within-year, across course variation if students that are likely to sort into race matched classrooms by

year do not do so by subject. Similarly, if students are likely to sort by subject, but not by year, then the

model exploiting the across year, within-course variation would be identified. If comparing the effects of

these two models results in similar effect sizes, then it is likely that these results are an unbiased estimate

of the race match effect. Of course, if there are unobserved and time-variant student characteristics

that are correlated with the outcome and these students are sorting within-year and within-course, these

methods would still be biased. I repeat the exercise from Harbatkin (2021) using the students in grades 6

through 12. Since students in earlier grades tend to only have a single teacher, there would not be enough

variation in the race match status to estimate the within-year, across course effect. For a similar reason,

I am only able to look at the effects of GPA, effort, and cooperation since the behavior outcomes are
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collected at the year level. The models I use are similar to equation 4 with two key differences: 1) course

data is added to the model and is represented by 𝑐 and 2) the fixed effect levels vary. The equations are

given by:

𝑌𝑖𝑐𝑔𝑠𝑡 = 𝛼 + 𝛽𝑅𝑀 (1(𝑅𝑎𝑐𝑒𝑖) ∗ 𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑔𝑠𝑡 ) + Xicgst𝚪1 + Zicgst𝚪2 + X̄cgst𝚪3 + \𝑔𝑠 + \𝑖 + \𝑡 + \𝑐 + 𝜖𝑖𝑔𝑠𝑡 ,

(5)

𝑌𝑖𝑐𝑔𝑠𝑡 = 𝛼 + 𝛽𝑅𝑀 (1(𝑅𝑎𝑐𝑒𝑖) ∗ 𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑔𝑠𝑡 ) + Xicgst𝚪1 + Zicgst𝚪2 + X̄cgst𝚪3 + \𝑔𝑠 + \𝑖𝑐 + \𝑡 + 𝜖𝑖𝑔𝑠𝑡 ,

(6)

𝑌𝑖𝑐𝑔𝑠𝑡 = 𝛼 + 𝛽𝑅𝑀 (1(𝑅𝑎𝑐𝑒𝑖) ∗ 𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑔𝑠𝑡 ) + Xicgst𝚪1 + Zicgst𝚪2 + X̄cgst𝚪3 + \𝑔𝑠 + \𝑖𝑡 + \𝑐 + 𝜖𝑖𝑔𝑠𝑡 ,

(7)

where equation 5 includes separate fixed effects for students, year, and courses, equation 6 identifies off of

across year, within-course variation, and equation 7 identifies off of within-year, across course variation.

The standard levels for each model are clustered at the student, student-course, and student-year level,

respectively. Tables C1 and C2 show the results for all three methods of fixed effects and reveal similar

effects within each noncognitive skill measure: GPA, work habits, cooperation, and the learning skills

index. This provides some evidence that the results are robust to student-teacher sorting. Since the

analysis in this section uses course-level data, the effect is measuring a direct race match effect between

student and teacher. This is different from the results in the main analysis which is interpreted as the effect

of the share of race matched teachers. As such, comparisons of the effects from the course-level analysis

to the main specification should be made with this understanding in the differences in interpretation.

With this in mind, Figures 9 through 12 plot the coefficients from the above models to the effect found

in the main specification. Overall, the race match effects for Asian, Black, and Latino students remains

positive between the course-level and main specifications. However, for Latino students, the direct race

match effect on the learning skills components seem to have a larger effect than the estimates using the

share of race matched teachers indicate.
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5.2 Lagged covariates and outcomes in the model

Including a lag of the outcome variable of interest has been used as another way to control for the

potential problem of student-teacher sorting (Kane and Staiger, 2008; Kane et al., 2013). Chetty et al.

(2014) use a student’s prior test scores when calculating value-added measures, and Liu and Loeb (2021)

control for prior absence rates when studying a teacher’s impact on student attendance. I include a vector

of lagged measures of GPA, marks for effort, marks for cooperation (where applicable), days absent, and

times suspended to equation 4:

𝑌𝑖𝑔𝑠𝑡 = 𝛽0 + 𝛽1𝑌𝑖𝑔𝑠𝑡−1 + 𝛽𝑅𝑀 (𝑆ℎ𝑎𝑟𝑒𝑅𝑀𝑖𝑔𝑠𝑡 ) + Xigst𝚪1 + Z̄igst𝚪2 + X̄gst𝚪3 + \𝑖 + \𝑔𝑠 + \𝑡 + 𝜖𝑖𝑔𝑠𝑡 . (8)

The results can be found in Table C3. Figures 13 through 17 compares the race match effects between

the main specification and equation 8 for each noncognitive skill and measure. Overall, these effects are

robust to either specification.

5.3 Exploratory Factor Analysis

To capture noncognitive information from additional variables and to separate any cognitive measures

being captured by the learning skills and behavior indices, I also perform an exploratory factor analysis9

which, in addition to the original noncognitive skill components, includes math and English Language

Arts (ELA) test scores. However, test scores only exist for students in grades 3 through 8 and grade 11,

which restricts the sample to those students with test scores.10

Table 7 provides the factor loadings as well as the Eigenvalues for each index. I find that the learning

skills components (i.e., GPA, work habits, and cooperation) have the highest factor loadings onto the first

factor and deem this to be the learning skills index. Similarly, test scores load the highest onto the second

factor and appear to measure cognitive skills. Importantly, in exploratory factor analysis, each factor is

9Exploratory factor analysis follows the steps found in section 3.3.1 with the objective to extract the maximum shared
variance possible from the components regardless of the number of factors needed to do so.

10In 2014, California changed testing administrations from the California State Test to the Smarter Balanced Assessment
System. Tests scores for the pilot year were not released resulting in no test scores in the data for the 2013-2014 academic year.
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orthogonal to one another. In other words, the learning skills index in column (1) is uncorrelated with the

cognitive skills index in column (2). The behavioral measures load the most onto the third factor, but the

Eigenvalue is less than one, which indicates this measure does not explain enough of the total variation

to be a useful factor. The final column represents the uniqueness or residual of each noncognitive and

test score component.

Table 8 and Figure 18 compare the main race match results of the learning skills index created using

confirmatory factory analysis to the index generated via exploratory factor analysis. The overall race

match effect is larger under the exploratory factor analysis version of the learning skills index, which

indicates that race matched teachers have more impact on the noncognitive aspects of learning skills than

than the cognitive aspects. When looking by race, it becomes clear that this effect is mainly driven by

the effect found for Latino students.

6 Conclusion & Implications

This paper adds to the growing literaturewhich shows that students of color benefit frommatching the race

of their teacher. The mounting empirical evidence alludes to student-teacher race matching as a potential

mechanism for shrinking the educational gaps between White and non-White students. While most of

the existing research has focused on cognitive measures, such as test scores, a growing body of literature

also points to race matching to improve a student’s noncognitive skills. Developing noncognitive skills is

essential because these measures improve long-run outcomes such as college enrollment, employment,

and wages.

I find that students of color in grades 6 through 12 seem to benefit the most from increased race

matches with improvements to learning skills and behavior, decreases in grade retention, and fewer

missed days of school. When students are placed with a teacher of the same race, they may be less

likely to worry about exhibiting negative racial stereotypes. Evidence points to stereotype threat, a

student mechanism, being a potential factor in the race match effect on learning skills for Asian and

Black students since the results are persistent even when accounting for teacher bias. However, teacher
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mechanisms seem to be the driving factor for the race match effect on a student’s learning skills for

Latino students. Since LAUSD has a large share of Latino teachers and students, a plausible explanation

could be that teachers are able to administer culturally relevant pedagogy.

A significant policy implication of this study is to further diversity the teacher workforce. While the

racial composition of students continues to diversify, White teachers remain the vast majority. In fact,

over 70 percent of education majors are White (Office of Planning, Evaluation and Policy Development,

2016). Having more teachers of color in the labor supply would ensure higher probabilities for students

of color to benefit from being in race matched classrooms. This goal can by achieved by implementing

policies to attract and train more people of color into teaching.
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Tables

Table 1: Student Descriptive Characteristics

Asian Black Latino White Total

Female 0.482 0.501 0.490 0.474 0.489
(0.500) (0.500) (0.500) (0.499) (0.500)

FRL 0.615 0.722 0.836 0.404 0.774
(0.487) (0.448) (0.370) (0.491) (0.418)

EL 0.126 0.010 0.239 0.060 0.195
(0.332) (0.097) (0.427) (0.238) (0.396)

SWD 0.030 0.067 0.048 0.046 0.048
(0.172) (0.251) (0.213) (0.209) (0.214)

% Asian (Tch) 0.141 0.087 0.089 0.100 0.093
(0.157) (0.130) (0.131) (0.138) (0.134)

% Black (Tch) 0.071 0.257 0.099 0.064 0.109
(0.121) (0.258) (0.160) (0.115) (0.173)

% Latino (Tch) 0.198 0.174 0.320 0.176 0.287
(0.195) (0.182) (0.245) (0.177) (0.239)

% White (Tch) 0.546 0.428 0.430 0.614 0.453
(0.243) (0.263) (0.256) (0.230) (0.260)

Tot. Tch. 5.878 5.987 5.848 5.862 5.865
(1.526) (1.948) (1.774) (1.622) (1.767)

% Female (Tch) 0.522 0.524 0.508 0.535 0.512
(0.227) (0.231) (0.230) (0.228) (0.230)

% Cert. (Tch) 0.920 0.850 0.870 0.921 0.875
(0.135) (0.199) (0.183) (0.136) (0.179)

Avg. Exp (Tch) 8.972 8.461 8.503 9.051 8.577
(1.160) (1.505) (1.495) (1.105) (1.459)

N 107,550 227,444 1,936,790 200,156 2,556,132

Observations at student-year level. The mean of each characteristics is displayed with
the standard deviations in parentheses. % [Race] (Tch) represents the average share of
teachers for the given race.
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Table 3: Factor Loadings and Eigenvalues for Learning Skills and Behavior

Noncognitive Components Learning Skills Behavior

GPA 0.96
Work Habits 0.98
Cooperation 0.95
Held Back -0.67
% Days Absent -0.76
Suspension -0.45

Eigenvalue 2.78 1.23
Proportion 0.93 0.41

GPA: achievement grade point average; Avg. Days Susp: days suspended di-
vided by times suspended; Proportion represents the share of the total variance
explained by the components used to create each index.

Table 4: Student-Teacher Race Match Effects on Noncognitive Skills and Outcomes

Panel A (1) (2) (3) (4) (5) (6)
Overall GPA Work Habits Cooperation Held Back Suspension ln(Days Absent)

Share RM 0.029∗∗∗ 0.037∗∗∗ 0.024∗∗∗ 0.003∗∗∗ 0.001 -0.025∗∗∗
(0.002) (0.002) (0.002) (0.001) (0.001) (0.005)

Panel B (1) (2) (3) (4) (5) (6)
By Race GPA Work Habits Cooperation Held Back Suspension ln(Days Absent)

Asian × Share RM 0.080∗∗∗ 0.081∗∗∗ 0.071∗∗∗ -0.010∗∗∗ -0.006∗ -0.099∗∗∗
(0.009) (0.009) (0.009) (0.002) (0.003) (0.017)

Black × Share RM 0.074∗∗∗ 0.071∗∗∗ 0.071∗∗∗ 0.001 0.003 -0.067∗∗∗
(0.007) (0.007) (0.007) (0.002) (0.004) (0.011)

Latino × Share RM 0.022∗∗∗ 0.036∗∗∗ 0.021∗∗∗ 0.006∗∗∗ 0.001 -0.001
(0.005) (0.005) (0.005) (0.001) (0.002) (0.007)

White × Share RM 0.002 0.011 -0.019∗∗∗ 0.005∗∗ 0.001 -0.008
(0.006) (0.006) (0.005) (0.002) (0.002) (0.009)

N 2,499,655 2,499,655 2,499,655 2,499,655 2,499,655 2,499,655
Student-clustered standard errors shown in parentheses. All columns include school-grade, year, and student fixed effects. All models
include time-variant student, teacher, and class-averaged characteristics. ln(Days Absent) is calculated using ln(x+1) to account for
zeros.
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Table 5: Student-Teacher Race Match Effects on Learning Skills and Behavior Indices

Panel A (1) (2)
Overall Learning Skills Index Behavior Index

Share RM 0.011∗∗ 0.041∗∗∗
(0.004) (0.003)

Panel B (1) (2)
By Race Learning Skills Index Behavior Index

Asian × Share RM 0.137∗∗∗ 0.058∗∗∗
(0.012) (0.011)

Black × Share RM 0.096∗∗∗ 0.046∗∗∗
(0.009) (0.013)

Latino × Share RM 0.038∗∗∗ 0.001
(0.006) (0.007)

White × Share RM -0.014 -0.009
(0.007) (0.008)

N 2,499,655 2,499,655
Student-clustered standard errors shown in parentheses. All columns include school-
grade, year, and student fixed effects. Allmodels include time-variant student, teacher,
and class-averaged characteristics.

Table 6: Race Match Effects on Reference Bias Adjusted Learning Skills and Behavior Indices

(1) (2) (3) (4) (5) (6)
LSI C1: LSI C2: LSI BI C1: BI C2: BI

Asian × Share RM 0.119∗∗∗ 0.127∗∗∗ 0.126∗∗∗ 0.066∗∗∗ 0.028 0.072∗∗∗
(0.014) (0.014) (0.014) (0.014) (0.015) (0.014)

Black × Share RM 0.105∗∗∗ 0.095∗∗∗ 0.088∗∗∗ 0.041∗ 0.068∗∗∗ 0.060∗∗∗
(0.011) (0.011) (0.011) (0.017) (0.018) (0.018)

Latino × Share RM 0.039∗∗∗ 0.009 0.010 -0.013 -0.016 0.010
(0.007) (0.007) (0.007) (0.009) (0.010) (0.010)

White × Share RM -0.013 -0.012 -0.012 0.004 -0.016 -0.023∗
(0.009) (0.009) (0.009) (0.010) (0.011) (0.010)

N 1,593,764 1,593,764 1,593,764 1,593,764 1,593,764 1,593,764
Student-clustered standard errors shown in parentheses. All columns include school-grade, year, and student fixed effects.
All models include time-variant student, teacher, and class-averaged characteristics.
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Table 7: Factor Loadings and Sampling Adequacy for Exploratory Factor Analysis

Learning Skills (EFA) Cognitive Behavior (EFA) Uniqueness

GPA 0.80 0.38 0.33 0.10
Work Habits 0.87 0.31 0.29 0.06
Cooperation 0.79 0.34 0.28 0.19
Held Back -0.04 -0.05 -0.26 0.93
% Days Absent -0.24 -0.12 -0.38 0.79
Suspension -0.15 -0.05 -0.20 0.94
Test ELA 0.28 0.72 0.16 0.38
Test Math 0.25 0.72 0.18 0.39

Eigenvalue 2.24 1.42 0.58

EFA: exploratory factor analysis. This table represents a single EFA where each factor (represented by the
column headings) was determined using the factor loadings of each noncognitive component.

Table 8: Race Match Effects on Confirmatory and Exploratory Factor Analysis Generated LSI

(1) (2)
Learning Skills (CFA) Learning Skills (EFA)

Share RM 0.011∗∗∗ 0.066∗∗∗
(0.004) (0.007)

(1) (2)
Learning Skills (CFA) Learning Skills (EFA)

Asian × Share RM 0.137∗∗∗ 0.079∗∗∗
(0.012) (0.024)

Black × Share RM 0.096∗∗∗ 0.126∗∗∗
(0.009) (0.020)

Latino × Share RM 0.038∗∗∗ 0.089∗∗∗
(0.006) (0.013)

White × Share RM -0.014 -0.004
(0.007) (0.015)

N 2,499,655 1,572,850

Student-clustered standard errors shown in parentheses. All columns include school-
grade, year, and student fixed effects. All models include time-variant student,
teacher, and class-averaged characteristics. CFA: confirmatory factor analysis; EFA:
exploratory factor analysis.
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Figures

Figure 1: Teacher and Student Racial Distributions

(a) National Distributions

(b) LAUSD Distributions (from analytical sample)
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Figure 2: Average Percent (%) Race Match by Student Race
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Figure 3: Summary of Noncognitive Outcomes per Year by Race

(a) Average GPA (b) Average Work Habits and Cooperation Scores

(c) Average Percent (%) Held Back (d) Average Suspensions

(e) Average Percent (%) Days Absent (f) Standardized Learning Skills and Behavior
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Figure 4: Race Match Effect on Standardized Noncognitive Measures

Figure 5: Race Match Effect on the Probability of Noncognitive Measures
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Figure 6: Race Match Effect on ln(Days Absent)

Figure 7: Race Match Effect on Learning Skills and Behavior
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Figure 8: Race Match Effect on Reference Bias Adjusted Learning Skills and Behavior

(a) Learning Skills

(b) Behavior
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Figure 9: Course-Level Race Match Effect on GPA

Figure 10: Course-Level Race Match Effect on Work Habits
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Figure 11: Course-Level Race Match Effect on Cooperation

Figure 12: Course-Level Race Match Effect on Learning Skills Index
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Figure 13: Race Match Effect with Lagged Outcome in Model

Figure 14: Race Match Effect with Lagged Outcome in Model
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Figure 15: Race Match Effect with Lagged Outcome in Model

Figure 16: Race Match Effect with Lagged Outcome in Model
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Figure 17: Race Match Effect with Lagged Outcome in Model

Figure 18: Race Match Effect using Confirmatory vs Exploratory Factor Analysis
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Appendix A: Student Descriptive Characteristics and Noncognitive Skill
Correlations

Table A1: Summary of Student Noncognitive Skills and Outcomes

Asian Black Latino White Total

Share RM 0.141 0.257 0.320 0.614 0.322
(0.157) (0.258) (0.245) (0.230) (0.260)

GPA 3.189 2.237 2.339 2.917 2.430
(0.778) (0.942) (0.966) (0.908) (0.980)

Work Habits 1.618 1.055 1.158 1.452 1.202
(0.427) (0.518) (0.531) (0.511) (0.540)

Cooperation 1.747 1.231 1.365 1.619 1.398
(0.322) (0.477) (0.454) (0.405) (0.461)

Held Back 0.015 0.035 0.045 0.019 0.040
(0.123) (0.184) (0.207) (0.138) (0.196)

Suspension 0.011 0.098 0.036 0.024 0.039
(0.106) (0.297) (0.186) (0.154) (0.193)

Days Absent 4.241 10.219 8.242 7.932 8.142
(7.767) (13.037) (12.364) (10.063) (12.051)

%Days Absent 0.025 0.064 0.050 0.047 0.050
(0.048) (0.088) (0.081) (0.064) (0.079)

Learning Skills 0.801 -0.263 -0.072 0.500 0.012
(0.763) (0.964) (0.980) (0.919) (0.996)

Behavior 0.337 -0.166 0.009 0.118 0.023
(0.588) (1.071) (1.011) (0.751) (0.981)

N 107,550 227,444 1,936,790 200,156 2,556,132
Observations at student-year level. The mean of each characteristics is displayed with the
standard deviations in parentheses. Share RM is the share of race matched teachers a student
has in a given year. GPA on 4-point scale. Work Habits and Cooperation are on a 2-point scale.
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Table A2: Cross-correlations of Noncognitive Components

Variables GPA Work Habits Cooperation Held Back Absent Suspension
GPA 1.000
Work Habits 0.936 1.000
Cooperation 0.844 0.895 1.000
Held Back -0.198 -0.181 -0.167 1.000
Absent -0.369 -0.343 -0.333 0.184 1.000
Suspension -0.173 -0.180 -0.209 0.027 0.108 1.000

47



Appendix B: Reference Bias

Using the methods found in Elder and Zhou (2021), I adjust each learning skills measure for teacher

reference bias in order to account for the subjective nature of noncognitive skills. Specifically, I generate

the normalized skill level of a specific school, grade, year, and student race, 𝐶𝑠𝑔𝑦𝑟 , for math test scores

using the following equation:

𝐶𝑠𝑔𝑦𝑟 = ( ˆ̀𝑚𝑎𝑡ℎ
𝑠𝑔𝑦𝑟 − ˆ̀𝑚𝑎𝑡ℎ

𝑔𝑦𝑟 )/�̂�𝑚𝑎𝑡ℎ
𝑔𝑦𝑟 . (9)

Under condition 1, for each learning skill measure, 𝑘 ∈ {GPA, Effort, Coop}, I calculate the expected

mean of 𝑘 when adjusted by the normalized skill level using:

ˆ̀𝑘𝑠𝑔𝑦𝑟 = 𝐶𝑠𝑔𝑦𝑟 ∗ �̂�𝑘
𝑔𝑦𝑟 + ˆ̀𝑘𝑔𝑦𝑟 . (10)

I calculate the reference bias adjusted learning skill measure for student 𝑖 by subtracting the reference

bias from the original learning skill measure:

𝑌
𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑘

𝑖𝑔𝑦𝑟
= 𝑌

𝑂𝑟𝑖𝑔,𝑘

𝑖𝑔𝑦𝑟
− (`𝑘

𝑠𝑔𝑦𝑟 − ˆ̀𝑘𝑠𝑔𝑦𝑟 ). (11)

The final adjustment is to scale the newly calculated outcomes so that the variance matches that of the

original outcomes:

𝑌
𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑘

𝑖𝑔𝑦𝑟
= 𝑌

𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑘

𝑖𝑔𝑦𝑟
∗ (�̂�𝑘

𝑔𝑦𝑟/�̂�𝑘
𝑠𝑔𝑦𝑟 ). (12)

For condition 2, I repeat the steps above and use GPA as the given skill 𝑘 in equation 10. Then, the

reference bias adjusted outcome for a given learning skill 𝑙 under condition 2 is as follows:

𝑌
𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑙

𝑖𝑔𝑦𝑟
= 𝑌

𝑂𝑟𝑖𝑔,𝑙

𝑖𝑔𝑦𝑟
− (`𝐺𝑃𝐴

𝑠𝑔𝑦𝑟 − ˆ̀𝐺𝑃𝐴
𝑠𝑔𝑦𝑟 ). (13)
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Again, I adjust 𝑌 𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑙

𝑖𝑔𝑦𝑟
so that the variance matches that of 𝑌𝑂𝑟𝑖𝑔,𝑙

𝑖𝑔𝑦𝑟
:

𝑌
𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑙

𝑖𝑔𝑦𝑟
= 𝑌

𝐴𝑑 𝑗𝑢𝑠𝑡 ,𝑙

𝑖𝑔𝑦𝑟
∗ (�̂�𝑙

𝑔𝑦𝑟/�̂�𝐺𝑃𝐴
𝑠𝑔𝑦𝑟 ). (14)

Summary of Noncognitive Skills for Math Test Restricted Sample

Table B1 summarizes the original and reference bias adjusted noncognitive skill components for the
sample restricted to students that have a math test score.

Table B1: Reference Bias Adjusted Outcomes

Asian Black Latino White

<50% RM >50% RM <50% RM >50% RM <50% RM >50% RM <50% RM >50% RM

GPA 3.222 3.274 2.272 2.097 2.339 2.337 2.856 2.965
(0.761) (0.723) (0.928) (0.894) (0.949) (0.962) (0.939) (0.881)

C1 Bias: GPA 3.089 3.139 2.226 1.871 2.292 2.254 2.799 2.927
(0.762) (0.708) (0.926) (0.857) (0.950) (0.957) (0.932) (0.883)

C2 Bias: GPA 3.222 3.275 2.313 1.944 2.349 2.310 2.840 2.971
(0.795) (0.738) (0.962) (0.891) (0.974) (0.981) (0.946) (0.896)

Work Habits 1.629 1.655 1.074 0.951 1.146 1.168 1.420 1.471
(0.419) (0.401) (0.517) (0.484) (0.526) (0.528) (0.524) (0.502)

C1 Bias: Work Habits 1.571 1.595 1.051 0.855 1.127 1.120 1.384 1.449
(0.420) (0.389) (0.517) (0.468) (0.527) (0.525) (0.521) (0.503)

C2 Bias: Work Habits 1.629 1.656 1.097 0.866 1.151 1.153 1.410 1.474
(0.441) (0.413) (0.543) (0.489) (0.545) (0.542) (0.533) (0.513)

Cooperation 1.753 1.760 1.260 1.067 1.361 1.345 1.585 1.635
(0.314) (0.306) (0.471) (0.457) (0.447) (0.454) (0.423) (0.393)

C1 Bias: Cooperation 1.710 1.723 1.250 1.055 1.345 1.327 1.564 1.622
(0.315) (0.294) (0.474) (0.448) (0.448) (0.454) (0.417) (0.395)

C2 Bias: Cooperation 1.753 1.760 1.281 0.990 1.366 1.332 1.578 1.637
(0.334) (0.314) (0.508) (0.465) (0.474) (0.470) (0.433) (0.404)

Held Back 0.011 0.005 0.027 0.021 0.034 0.034 0.015 0.011
(0.104) (0.072) (0.162) (0.143) (0.182) (0.181) (0.122) (0.106)

C1 Bias: Held Back 0.010 0.007 0.032 -0.003 0.035 0.028 0.009 0.013
(0.104) (0.077) (0.163) (0.136) (0.182) (0.181) (0.121) (0.107)

C2 Bias: Held Back 0.011 0.006 0.033 -0.000 0.035 0.031 0.014 0.012
(0.111) (0.081) (0.175) (0.148) (0.192) (0.187) (0.128) (0.111)

Suspension 0.014 0.006 0.104 0.162 0.046 0.036 0.028 0.027
(0.116) (0.080) (0.305) (0.368) (0.210) (0.186) (0.166) (0.163)

C1 Bias: Suspension 0.013 0.008 0.131 0.032 0.046 0.030 0.017 0.029
(0.116) (0.085) (0.311) (0.340) (0.210) (0.184) (0.165) (0.163))

C2 Bias: Suspension 0.014 0.006 0.117 0.111 0.048 0.030 0.025 0.028
(0.124) (0.090) (0.320) (0.378) (0.220) (0.193) (0.175) (0.170))

N 72,087 3,252 117,286 31,672 951,934 348,296 34,125 106,185

Observations at student-year level. The mean of each characteristics is displayed with the standard deviations in parentheses. C1
Bias refers to condition 1 as the reference bias adjustment method. C2 Bias refers to condition 2 as the reference bias adjustment
method.
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Appendix C: Robustness Checks on Sorting

Course Analysis

Table C1: Fixed Effect Level Course Analysis on Learning Skills Components

(1) (2) (3) (4) (5) (6) (7) (8) (9)
GPA GPA GPA Work Habits Work Habits Work Habits Cooperation Cooperation Cooperation

RM × Asian 0.072∗∗∗ 0.070∗∗∗ 0.055∗∗∗ 0.064∗∗∗ 0.061∗∗∗ 0.053∗∗∗ 0.057∗∗∗ 0.055∗∗∗ 0.046∗∗∗
(0.003) (0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.002) (0.003)

RM × Black 0.071∗∗∗ 0.070∗∗∗ 0.069∗∗∗ 0.056∗∗∗ 0.054∗∗∗ 0.055∗∗∗ 0.060∗∗∗ 0.058∗∗∗ 0.058∗∗∗
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

RM × Latino 0.044∗∗∗ 0.047∗∗∗ 0.046∗∗∗ 0.060∗∗∗ 0.063∗∗∗ 0.059∗∗∗ 0.049∗∗∗ 0.053∗∗∗ 0.051∗∗∗
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

RM ×White -0.001 -0.002 0.001 0.011∗∗∗ 0.012∗∗∗ 0.012∗∗∗ -0.022∗∗∗ -0.023∗∗∗ -0.017∗∗∗
(0.002) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

N 16337360 16318494 15805680 16337360 16318494 15805680 16337360 16318494 15805680

Student FE X X X
Course FE X X X X X X
Year FE X X X X X X
Student-Year FE X X X
Student-Course FE X X X
Student-clustered standard errors shown in parentheses. All models include time-variant student, teacher, and class-averaged characteristics.
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Table C2: Fixed Effect Level Course Analysis on Learning Skills Index

(1) (2) (3)
Learning Skills Index Learning Skills Index Learning Skills Index

RM × Asian 0.072∗∗∗ 0.068∗∗∗ 0.057∗∗∗
(0.002) (0.002) (0.003)

RM × Black 0.068∗∗∗ 0.067∗∗∗ 0.063∗∗∗
(0.002) (0.002) (0.002)

RM × Latino 0.058∗∗∗ 0.062∗∗∗ 0.058∗∗∗
(0.001) (0.001) (0.001)

RM ×White -0.004∗∗ -0.004∗∗ 0.000
(0.001) (0.001) (0.002)

N 16838307 16819231 15977999

Student FE X
Course FE X X
Year FE X X
Student-Year FE X
Student-Course FE X
Student-clustered standard errors shown in parentheses. All models include time-variant student, teacher, and
class-averaged characteristics.

Table C3: Race Match Effects on Individual Components with Lagged Outcome included in Model

Panel A (1) (2) (3) (4) (5) (6)
Overall GPA Work Habit Cooperation Held Back Suspension ln(Days Absent)

Share RM 0.026∗∗∗ 0.033∗∗∗ 0.020∗∗∗ -0.002 -0.000 -0.010
(0.003) (0.003) (0.003) (0.001) (0.001) (0.006)

Panel B (1) (2) (3) (4) (5) (6)
By Race GPA Work Habit Cooperation Held Back Suspension ln(Days Absent)

Asian × Share RM 0.073∗∗∗ 0.080∗∗∗ 0.079∗∗∗ -0.015∗∗∗ -0.003 -0.174∗∗∗
(0.012) (0.012) (0.011) (0.004) (0.003) (0.027)

Black × Share RM 0.063∗∗∗ 0.070∗∗∗ 0.063∗∗∗ -0.007 -0.001 -0.069∗∗∗
(0.009) (0.009) (0.009) (0.004) (0.005) (0.017)

Latino × Share RM 0.018∗∗ 0.029∗∗∗ 0.021∗∗∗ 0.000 -0.001 0.026∗
(0.006) (0.006) (0.006) (0.003) (0.002) (0.011)

White × Share RM 0.011 0.012 -0.021∗∗ 0.002 0.002 -0.002
(0.007) (0.007) (0.007) (0.003) (0.003) (0.014)

N 1,712,241 1,712,241 1,712,239 1,712,241 1,712,241 1,712,241
Student-clustered standard errors shown in parentheses. All columns include school-grade, year, and student fixed effects. All
models include time-variant student, teacher, class-averaged characteristics, and a lag of the outcome.

51



Table C4: Race Match Effects on Indices with Lagged Outcome included in Model

Panel A (1) (2)
Overall Behavior Index Learning Skills Index

% RM 0.044∗∗∗ 0.038∗∗∗
(0.005) (0.004)

Panel B (1) (2)
By Race Behavior Index Learning Skills Index

Asian × % RM 0.155∗∗∗ 0.120∗∗∗
(0.018) (0.014)

Black × % RM 0.109∗∗∗ 0.085∗∗∗
(0.017) (0.011)

Latino × % RM 0.028∗∗ 0.031∗∗∗
(0.010) (0.007)

White × % RM 0.003 -0.000
(0.012) (0.009)

N 1,712,241 1,712,241
Student-clustered standard errors shown in parentheses. All columns include
school-grade, year, and student fixed effects. All models include time-variant
student, teacher, and class-averaged characteristics.
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Appendix D: Criteria for Marks
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