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ABSTRACT 
 

Immigrant Educators and Students’ Academic Achievement 
 
Using a dataset which allows students to be linked to their teachers, this paper examines 
how educators with an immigrant background affect the academic achievements of 
secondary school students in the United States. To account for the possibility that immigrant 
and native teachers may be assigned to different types of schools, and even within schools, 
to different types of students, two estimation strategies are employed. The first estimates the 
immigrant teacher impact by comparing the achievements of students with immigrant 
teachers to the achievements of observationally similar students with native teachers, within 
schools. The second compares the achievement of a student with an immigrant teacher in 
one subject to the achievement of the same student with a native teacher in another subject. 
The results suggest that, overall, immigrant teachers do not have a negative impact on the 
educational achievements of native students. Additional tests suggest that this non-adverse 
effect is due to the greater effectiveness of White immigrant teachers relative to native 
teachers. 
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1 INTRODUCTION 

The number of teaching professionals with a migrant background has been increasing 

in the United States (U.S.) over the last decade. A report by the American Federation of 

Teachers (AFT) estimates that the number of primary and secondary school teachers working 

in the U.S. on temporary visas has increased from 14,943 in 2002 to 19,329 in 2007 (AFT, 

2009). This represents roughly a 30% increase in the number of foreign teachers working in 

the U.S., in just 5 years. In some cities, immigrants occupy a considerable and growing 

proportion of the teaching force. For example, the AFT report notes that in 2005, public 

schools in Baltimore began employing just over a hundred teachers from the Philippines to 

meet staffing shortages. By 2009, however, the number of Filipino teachers working in 

Baltimore’s public schools had risen to 600. This number means that, by 2009, nearly 10% of 

the city’s entire teaching force was staffed by teachers from the Philippines. Given the 

growing shortage of teachers in the U.S., this trend of international recruitment across schools 

looks set to continue. Despite this, little is known about how the presence of these immigrant 

educators has affected American students’ academic achievements and learning experiences. 

Although a small number of studies have made efforts in this direction, these have focused 

exclusively on examining the effects at the undergraduate level and are predominantly based 

on evidence from the Economics discipline. 

Mixed results have been found at the undergraduate level. While a number of studies 

have found evidence suggesting that immigrant Teaching Assistants and Associates impact 

the academic performance of undergraduates adversely (Watts and Lynch, 1989; Borjas, 

2000; Marvasti, 2007; Becker and Powers, 2001), an equally large number of studies, some 

of which have recently emerged, report quite the opposite effects – suggesting that immigrant 

educators can be as (Jacobs and Friedman, 1988; Saunders, 2001; Asano, 2008), if not more 

(Norris, 1991; Fleisher et al., 2002) effective in classroom instruction than their native 

counterparts. The inconsistency in evidence is possibly due to the fact that each study’s data 

come from a different university. Because each university has its own set of instructor hiring 

requirements (with some universities requiring that potential instructors be trained in teaching 

methods and/or the English language, or even undergo screening through interviews before 

they are allowed to teach), the results across studies are unlikely to be comparable. The above 

studies generally assume Teaching Assistants and Associates to be randomly assigned across 
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students enrolled in a course. As such, simple regression control strategies are typically 

employed to identify the effect of immigrant educators
1
.   

 

The literature has advanced a number of reasons to explain why immigrant educators 

may not be as effective as their native counterparts in classroom instruction. These include 

the lack of English language proficiency (Jacobs and Friedman, 1988; Watts and Lynch, 

1989; Norris, 1991; Borjas, 2000; Fleisher et al., 2002), differences in teaching cultures 

(Jacobs and Friedman, 1988; Watts and Lynch, 1989; Fleisher et al., 2002; Liu et al., 2006; 

Asano, 2008; Alberts, 2008), and/or a lack of insights into local situations which might 

otherwise aid in the presentation of concepts and ideas (Watts and Lynch, 1989; Fleisher et 

al., 2002; Asano, 2008). These factors potentially prevent effective instruction and inhibit 

students’ learning processes. Nevertheless, because immigrant educators are a select group 

who have chosen to brave the uncertainties of living and teaching in a foreign culture, it is 

possible that they possess qualities which make them more desirable instructors compared to 

natives. In particular, they may be more motivated and less-risk averse (Chiswick, 1978; 

Norris, 1991) and these factors may potentially enhance the learning experiences and 

achievements of their students
2
. Together, these imply that it is not possible to know, a priori, 

how having an immigrant teacher will affect student achievement
3
.  

Student learning effects at the lower academic levels
4
 have until now been completely 

ignored in the extant literature, although as highlighted above, immigrant teachers continue to 

                                                           
1
 Note that these studies often do not clearly and explicitly detail the process by which instructors are matched 

with students. Because the variables that determine instructor assignment are often unknown, it is unclear 

whether the simple regression control strategies used by these studies are sufficient to identify the causal impact 

of immigrant educators. 
2
 I find some evidence in support of this with data from the National Education Longitudinal Study of 1988. The 

data show that immigrant teachers are more likely to spend additional time each week outside of regular school 

hours planning / preparing for teaching and supervising students. They are also more likely to express being 

either “very well prepared” or “well prepared” (as opposed to being either “adequately prepared”, “somewhat 

prepared”, or “totally unprepared”) to teach the subject matter covered in the course. Further, immigrant 

teachers are more likely to use innovative pedagogical techniques such as non-textbook based instruction in 

lessons (see Appendix Table A1). 
3
 Ideally, the ceteris paribus question in this context should contrast the achievement of a student with an 

immigrant teacher to the achievement of the same student with an otherwise identical native teacher (identical in 

every respect such as educational qualification, certification, motivation, risk aversion, etc, with the exception of 

nativity). However, since I am not able to measure and control for unobserved teacher characteristics (like 

motivation and risk aversion), even with a within-student identification strategy, the estimates in this paper 

should be viewed instead as representing an “overall treatment effect”. In other words, the results should be seen 

as an attempt to contrast the achievement of a student with an immigrant teacher to the achievement of the same 

student with a native teacher (where unobserved characteristics like motivation and risk aversion of the native 

and the immigrant teacher need not be the same). The results in this paper are the average of these individual 

treatment effects. 
4
 The lack of suitable data at the lower academic levels likely explains the absence of such studies. A review of 

the available educational statistics databases reveals that the nativity statuses of teachers are not usually reported 
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be absorbed in considerable numbers by U.S. schools to teach at the elementary and 

secondary school levels. The purpose of this paper is to fill the gap in the literature by 

examining whether the migration background of the teacher matters for how well secondary 

school students in the U.S. perform. This is the first study that I am aware of which aims to 

identify a causal relationship between teacher nativity and student achievement outside the 

university level.  Specifically, this paper attempts to address two research questions: (1) How 

does having an immigrant teacher affect the academic achievements of secondary school 

students in the U.S.? (2) Do immigrant teachers affect the academic achievements of 

immigrant and native students in the same way? Or do the effects differ depending on student 

nativity? To answer both questions, the study draws on evidence from the National Education 

Longitudinal Study of 1988 (NELS) – a dataset consisting of a nationally representative 

sample of 8
th

 grade students in the U.S.. 

To account for the possibility that immigrant teachers and native teachers may be 

assigned to different types of schools, and even within schools, to different types of students, 

I employ a within-school and a within-student strategy respectively. The former approach 

estimates the immigrant teacher impact by comparing the academic achievements of students 

with immigrant teachers to the achievements of observationally similar students with native 

teachers, within schools. This approach, also known as the school fixed effects approach, will 

yield unbiased estimates of the immigrant teacher impact, as long as, within schools, there is 

no tendency for immigrant and native teachers to be assigned to different types of classes or 

to different types of students. The latter approach (which we will later also call the first-

difference approach) estimates the immigrant teacher impact by comparing the achievement 

of a student with an immigrant teacher in one subject to the achievement of the same student 

with a native teacher in another subject whilst controlling for the student’s prior achievement 

in both subjects. The latter approach will yield unbiased estimates of the immigrant teacher 

impact as long as students do not differ in terms of unobservable traits (like motivation) 

across the two subjects (in other words, this approach will yield unbiased estimates as long as 

student traits like ability and motivation are similar for a given student across the two 

subjects).  

                                                                                                                                                                                     
in the data. Often, the demographic information available on instructors are limited only to race, Hispanic 

ethnicity, age, and sex. Country of origin is almost always never reported (an exception is the “National Study 

of Postgraduate Faculty”. However, this study does not allow one to match instructors to their students and is 

therefore not suitable for our purposes).    
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The results from this study indicate that, overall, immigrant teachers do not have a 

negative impact on the educational achievements of native students. In fact, there is even 

some evidence that these teachers actually enhance native student achievement. Additional 

tests suggest that this non-adverse effect is driven primarily by the greater effectiveness of 

White immigrant teachers relative to native teachers. 

Three aspects of this study deserve attention. As mentioned, this is the only study 

which investigates the effects of having an immigrant teacher on student achievement outside 

the university level. In addition, unlike most studies in this field, which have considered 

learning effects largely in the subject of Economics, this paper considers learning effects in 

Science, Mathematics, Social Studies, and English – subjects that form the core foundation 

for a variety of other disciplines. Lastly, in contrast to the findings of previous studies, which 

have limited generalizability to other settings and institutions (because they typically draw on 

evidence from specific universities, which may have unique student/teacher populations or 

teacher hiring practices), the findings from the present study can be generalized, at least, to 

student learning across the 8
th

 grade U.S. population in the 1980s. 

 

2 DATA 

The source of data for this study is the U.S. National Center for Education Statistics’ 

National Education Longitudinal Study of 1988 (henceforth referred to as “NELS”). This is a 

nationally representative sample of 8
th

 grade students and schools in the United States that 

were first surveyed in 1988. Subsets of these students were resurveyed through four follow-

ups in 1990 (when most were in their 10
th

 grade), 1992 (when most were in their 12
th

 grade), 

1994, and 2000. In these surveys, students provided detailed personal information about 

themselves (e.g. sex, race / ethnicity, hispanicity, language use), their families, and their 

school experiences (e.g. prior grades in each subject). Together with the surveys in 1988, 

1990, and 1992, standardized curriculum-based achievement tests in 4 subjects – Science, 

Mathematics, Social Studies, and English – were also administered to each student
5
. 

Students in NELS were sampled through a two-stage process. In the first stage, schools 

were stratified by superstrata and substrata. That is, schools were first sorted into 

                                                           
5
 An in-depth description of the various tests administered in 1988 can be found in the National Center of 

Education Statistics’ 1991 report “Psychometric Report for the NELS:88 Base Year Test Battery”. Available 

online at: http://nces.ed.gov/pubs91/91468.pdf   

http://nces.ed.gov/pubs91/91468.pdf


 

6 
 

combinations of school type (public/private) and geographic region (superstrata). They were 

then grouped according to urbanicity (whether located in an urban/suburban/rural area) 

(substrata), and finally, sorted by 8
th

 grade enrolment. In the second stage, students were 

randomly selected from each sampled school. On average, 26 students were drawn from each 

school. 

To provide contextual information, students’ teachers, parents, and school 

administrators were surveyed along with the students in the first 3 waves (1988, 1990, and 

1992)
6
. Not all teachers for a given student were surveyed. In any year, only 2 teachers were 

sought for any given student. Selection of the respondents for the teacher survey for each 

student was based on the assignment of 2 subject areas per school. Specifically, each of the 

sampled schools was assigned one of the following combinations of subject areas: (a) English 

and Mathematics (b) English and Science (c) Social Studies and Mathematics (d) Social 

Studies and Science. These assignments were designed so as to achieve approximately 

balanced representations of the four combinations of subject areas within schools in each 

strata. A given student’s teachers in the 2 designated subject areas were then contacted for the 

survey. Responses to the teacher survey provided extensive information regarding each 

teacher’s background characteristics and attributes (e.g. sex, race / ethnicity, hispanicity, 

native language, subject of instruction, years in the teaching profession, type of teaching 

certification held, employment status in the school, highest educational qualification) as well 

as the class environment in which the student was in (e.g. number of students in his/her class, 

number of students in the class that were limited in their English language proficiency). 

Responses to the parent questionnaire provided information on family background 

characteristics such as family income, family size, and parents’ highest level of education. 

Finally, responses to the school administrator questionnaire provided information on the 

characteristics of the school student body (e.g. school enrolment, urbanicity, whether the 

school is private, share of minority students, share of students from single parent families, 

share of students on reduced price / free lunch programmes).  

A unique feature of the NELS is that it is designed so that the basic unit of analysis is 

the student. This allows one to match teacher characteristics and class-level information to 

each individual student, by subject, and permits analyses that examine the relationship 

                                                           
6
 Parent surveys were not administered in 1990. 
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between student performance in a subject and the qualities and attributes of the subject 

teacher.  

Although teacher surveys were conducted in 1988, 1990, and 1992, only in 1988 were 

teachers asked questions which allowed one to identify their migration status. Specifically, 

the 1988 teacher questionnaire posed the following 2 questions: (a) “Are you proficient in 

any language(s) other than English?” Teachers could either respond “Yes” or “No” to this 

question. If they answered “Yes”, they were given a “Yes/No” option, asking them to provide 

a response to the statement: (b) “I am a native speaker of the language”. Since the survey 

does not ask directly for the migration background of the teacher (whether the teacher or the 

teacher’s parents were born in the United States), we infer the migration status of a teacher 

using his/her native language. Specifically, we classify teachers as natives if they are non-

native speakers of a foreign language or if they are proficient in only English and as 

immigrants if they are native speakers of a foreign language. It is useful to consider what we 

might be picking up with our native language proxy. Since native language refers to the 

language that a person has spoken since earliest childhood, we are likely to be picking up 

both first-generation migrants from non-English native speaking countries as well as second- 

or higher-order generation migrants who have not entirely assimilated into the host society as 

immigrants (Constant and Zimmermann, 2009). Also, in addition to picking up those actually 

born in the United States, we are likely to be picking up, as well, migrants from English 

native speaking countries (migrants from the United Kingdom, Australia, or New Zealand, 

for example) as natives. Though this is the case, this measurement error is unlikely to be 

problematic because any misclassification of teachers as natives when they are actually 

immigrants (and vice-versa) will produce estimates of the immigrant teacher impact that are 

biased towards zero (Aigner, 1973; Hirsch and Schumacher, 2004; Lewbel, 2007). Hence, the 

estimates in this study can be viewed as conservative estimates of the true causal effect of 

having an immigrant teacher. In fact, the way migrant status is classified in this paper could 

actually be more useful for policy purposes since the debate on immigrant educators in the 

U.S. has often centred on those immigrant teachers with the least adept English 

communication skills (see for instance, Smith et al., 1992; Finder, 2005; Lacey, 2011). 

Because the above language proficiency questions were not asked in the subsequent 

surveys in 1990 and 1992, my study uses only data from the base year of 1988. The 1988 

wave included responses from 24,599 students and 5,193 teachers from 1,052 schools. 
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2.1 Sample 

Since the objective of this study is to examine the effect of having an immigrant teacher 

on student achievement, I restrict my sample only to those students with at least one subject 

teacher who had reported his/her native language
7
. The unit of observation is a student-

teacher pairing. As each sampled student contributes approximately 2 student observations, 

this provides me with a final dataset of 44,077 student observations. The Science sample 

includes 10,775 student observations for which teacher native language are reported while the 

Mathematics, Social Studies, and English samples contain 11,285, 10,561, and 11,456 student 

observations respectively
8
.  

  

2.2 Descriptive Statistics  

Student achievements are measured by the scores received by students in standardized 

tests for the respective subjects (Science, Mathematics, English, and Social Studies). The 

scores in the standardized tests administered with the NELS survey can be used to gauge 

student achievements in the respective subjects since the tests were designed to assess 

curriculum knowledge in the 4 disciplines. Note that all test scores in this paper are 

normalized, by subject, to a mean of 0 and a standard deviation of 1 so that the coefficient 

estimates can be interpreted easily as fractional changes of a standard deviation. 

< Insert Table 1 here > 

To investigate whether there is any evidence that students of immigrant teachers 

perform differently from those of native teachers in a preliminary way, I compute the mean 

test scores separately for students with immigrant teachers and for students with native 

teachers, by subject. The results are presented in Panel A of Table 1. On average, students 

with immigrant teachers have test scores in Science and Mathematics that are approximately 

0.2 standard deviations lower compared to those of students with native teachers (these 

                                                           
7
 This represents 99% of the full student sample in the NELS dataset. Teachers’ self-reported native languages 

were randomly missing. This was checked by running several regressions, where each observable student, 

family background, or teacher characteristic was regressed on a variable indicating whether or not the student 

had a teacher with a missing response on native language. 
8
 Of the 10,775 students in the Science sample, 330 (or 3.1%) were taught by immigrant teachers while the rest 

(10,445 students) were taught by native teachers. In the Mathematics sample, of the 11,285 students, 499 (or 

4.4%) were taught by immigrant teachers while the rest (10,786 students) were taught by native teachers. In the 

Social Studies sample, of the 10,561 students, 320 (or 3.0%) were taught by immigrant teachers while the rest 

(10,241) were taught by native teachers. In the English sample, of the 11,456 students, 469 (or 4.1%) were 

taught by immigrant teachers while the rest (10,987) were taught by native teachers. 
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differences are statistically significant at the 1% level). However, in Social Studies and 

English, students with immigrant teachers perform no differently from those with native 

teachers. 

To analyze whether the types of students taught by immigrant and native teachers 

differ, Panel B of Table 1 reports the mean characteristics of students with immigrant and 

with native teachers, by subject. Knowing whether the types of students differ across teachers 

by nativity is important because it will help alert one to potential selection issues. For 

example, if immigrant teachers tend to be matched with certain types of students (e.g. 

matched with say, immigrant / minority students or with students from less-privileged 

socioeconomic backgrounds) that tend to be relatively poor academic performers, then it is 

possible for the empirical analyses to pick up a spurious relationship between teacher nativity 

and student performance if the analyses fail to account for such non-random sorting patterns. 

Since the process of how immigrant teachers are actually assigned across schools, classes, 

and students is unclear, such an analysis will provide useful indication on whether there 

might be non-random sorting processes at work. 

Panel B of Table 1 reveals some noteworthy differences in the types of students 

associated with both kinds of teachers. Across all subjects, immigrant teachers have a 

considerably higher likelihood of teaching Hispanic students, students from non-English 

speaking homes, and students from larger families. They also have a lower likelihood of 

teaching White and Black students. Further, for Science and Mathematics, immigrant 

teachers appear to be more likely than native teachers to teach students from less-advantaged 

socioeconomic backgrounds. In particular, immigrant teachers in Science have a lower 

likelihood of teaching students with parents (both father and mother) that are college 

graduates while immigrant teachers in Math have a lower likelihood of teaching both students 

with high family incomes (students with annual family incomes of $35,000
9
 and above) and 

students with mothers that are college graduates. However, the converse appears to hold true 

for Social Studies and English. Compared to native teachers, immigrant teachers in these two 

subjects have a higher likelihood of teaching students with parents that are college 

graduates
10

. 

                                                           
9
 This amount is equivalent to $71,075 in terms of 2016 prices (U.S. Bureau of Labor Statistics, CPI Inflation 

Calculator).  
10

 The reason for the differential sorting patterns by subject is unclear. A possible reason is that immigrant 

teachers in English and Social studies differ from immigrant teachers in Math and Science. Teaching English 
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< Insert Table 2 here > 

Do immigrant teachers differ in terms of observable characteristics from native 

teachers?  Table 2 presents mean characteristics for immigrant and native teachers, by 

subject. Noteworthy differences are found in terms of teacher ethnicity, with immigrant 

teachers much more likely to be Hispanic and much less likely to be either White or Black 

than native teachers. Immigrant teachers are also less likely to possess a standard teaching 

certification and are more likely instead to hold a temporary teaching certification. Further, 

immigrant teachers appear to teach weaker classes: on average, immigrant teachers teach 

classes with higher proportions of LEP students than native ones. 

 

3 METHODOLOGY 

To examine the effect of having an immigrant teacher on student achievement, I 

employ the standard approach used in the Economics of Education literature, by estimating 

an educational production function of the form: 

𝑦1𝑖𝑗 = 𝑿𝑖
′𝛽 + 𝛿𝐹1𝑗 + 𝒁1𝑗

′ 𝛾 + (𝜇𝑖 + 휀1𝑖𝑗)         (1) 

Where 𝑦1𝑖𝑗 denotes the academic performance of student 𝑖  in subject 1
11

 with teacher 𝑗. 

𝑿𝑖  denotes a vector of observed student, family, and school characteristics for student  𝑖 while 

𝒁1𝑗 denotes a vector of observed teacher and class-level attributes. Also included in 𝒁1𝑗 are 

fixed effects for the subject of the class. 𝛽 and 𝛾 represent respectively the return to 

individual, family background, and school characteristics and the return to teacher and class 

characteristics. 𝐹1𝑗 denotes a dummy variable indicating the nativity of teacher 𝑗 teaching 

subject 1: it is equal to 1 if the teacher is an immigrant and is equal to 0 if the teacher is 

native. 𝜇𝑖 is an unobserved student effect and 휀1𝑖𝑗 represents a mean zero random error term.  

The main interest here is in the parameter 𝛿, which captures the effect of having an 

immigrant teacher on student performance. If 𝛿 < 0, then having an immigrant teacher 

                                                                                                                                                                                     
and Social Studies often requires better language skills. Therefore, immigrant teachers teaching English and 

Social Studies may possess attributes (better social skills, for example) which place them in a better stead of 

being hired at the higher quality schools (where students tend to perform better academically and come from 

more-privileged socioeconomic backgrounds). 
11

 Subject 1 denotes either Mathematics or Science.  
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adversely affects student achievement. Conversely, if 𝛿 > 0, then having an immigrant 

teacher enhances student achievement.  

Underlying this model is the assumption that the academic achievement of a given 

student in a subject is determined by a host of individual, family, teacher, class, and school 

factors (Hanushek, 1979, 1986). 

Here, it will initially be assumed that, conditional on the observables, 𝑿𝑖 and 𝒁1𝑗, the 

term (𝜇𝑖 + 휀1𝑖𝑗) is uncorrelated with 𝐹1𝑗 (i.e. conditional mean independence is satisfied). 

That is, we start by assuming that the unobserved student characteristics embodied in 𝜇𝑖 (such 

as student ability or motivation) are uncorrelated with teacher nativity. If this assumption is 

true, then OLS estimation of equation (1) will yield an unbiased estimate of 𝛿.  

It is assumed that a similar relationship holds for a given student in all subjects (and 

hence in some second subject; subject 2
12

). 

𝑦2𝑖𝑗 = 𝑿𝑖
′𝛽 + 𝛿𝐹2𝑗 + 𝒁2𝑗

′ 𝛾 + (𝜇𝑖 + 휀2𝑖𝑗)         (2) 

The initial approach I take involves estimating the immigrant teacher effect through 

estimating stacked versions of equations (1) and (2).  

However, there may be a cause for concern that the unobserved student characteristics 

𝜇𝑖 could be correlated with teacher nativity. For example, due to the non-random matching of 

students with teachers across schools as well as across classrooms within schools, it may well 

be the case that students with lower unobserved abilities have a greater likelihood of being 

assigned to immigrant teachers
13

. If the unobserved determinants of student achievement and 

the teacher nativity variable are correlated due to such non-random sorting, then OLS 

estimations of equations (1) and (2) will yield biased estimates of the immigrant teacher 

effect. Of course, a number of strategies may be used to reduce the bias that arises from the 

non-random matching of students with teachers. These include incorporating a detailed set of 

student, family background, teacher, class, and school level variables into the regressions to 

try to control for such sorting behaviour as well as the use of school fixed effects to ensure 

that any bias due to the non-random sorting of students and teachers across schools is 

                                                           
12

 Subject 2 denotes either English or Social Studies. 
13

 Consider the fact that schools in disadvantaged districts, where students tend to be lower achieving, are 

typically the ones suffering from staffing shortages (Ingersoll, 2004). If such schools attempt to mitigate the 

shortage of teachers by hiring internationally, then students from these schools (who may be less motivated or 

who may care less about education) will have a greater likelihood of being assigned an immigrant teacher.  
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eliminated (note, however, that using school fixed effects will not mitigate the bias that arises 

from the non-random sorting of teachers and students among classrooms within schools). As 

far as possible, these strategies will be employed in the study to minimize the bias from non-

random sorting. This said, it might not be possible to control for each and every variable 

which might be correlated with both student achievement and teacher nativity. Clearly, some 

of these variables (including student ability or motivation) may simply be unobserved.   

To further minimize any bias due to the non-random sorting of teachers and students 

among classrooms within schools, I employ the following approach: Because the NELS 

dataset allows one to observe a given student’s performance as well as his/her teacher’s 

characteristics in 2 different disciplines (see Section 2), it is possible to estimate a within-

student relationship between teacher nativity and student performance. Following the 

approach taken by Dee (2007) and Clotfelter et al. (2010), 

Equations (1) and (2) are first-differenced to yield: 

𝑦1𝑖𝑗 − 𝑦2𝑖𝑗 = 𝛿(𝐹1𝑗 − 𝐹2𝑗) + 𝛾(𝒁1𝑗
′ − 𝒁2𝑗

′ ) + (휀1𝑖𝑗 − 휀2𝑖𝑗)          (3) 

As before, 𝛿 captures the relationship between teacher nativity and student 

performance. However, differencing effectively removes the unobserved student effect 𝜇𝑖. 

Hence, estimating the above first-difference (FD) specification ensures that the estimates of 𝛿 

will not be biased by the presence of subject-invariant unobserved student attributes.  

The differencing procedure implies that the effect of having an immigrant teacher is 

estimated within students. In other words, the coefficient on the teacher nativity variable is 

identified based on the variation in teacher nativity across the 2 subjects for each student. 

Hence, the bias that occurs in estimates of 𝛿 due to the non-random sorting of students and 

teachers across classrooms within schools, is addressed. The estimates obtained using the 

within-student approach will be unbiased as long as unobserved student characteristics (such 

as student ability or motivation) do not differ across the two subjects for each student.  

Note that, in this paper, the main purpose of the within-student analysis is to 

complement the results from the standard cross-sectional approach (by serving as a 

robustness check) and does not constitute a preferred approach in practice because the first-

differencing procedure results in a situation where there is little variation in the teacher 
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nativity variable for identifying the effect of interest
14

. The reason is because most students in 

the dataset had been assigned a native teacher in both subjects. Furthermore, of those students 

that had immigrant teachers, many had immigrant teachers in both subjects (either because 

the schools they attended tend to be staffed by relatively more immigrant teachers in all 

subjects or because the student had the same teacher in both subjects). As such, the first-

differenced nativity variable is equal to 0 (i.e. ∆𝐹𝑗 = 𝐹1𝑗 − 𝐹2𝑗 = 0) for the vast majority of 

students in the dataset. Only the small number of students in the dataset who had an 

immigrant teacher in one subject and a native teacher in the second subject would have 

∆𝐹𝑗 = ±115. The lack of variation in the teacher nativity variable under first-differencing 

implies that 𝛿 tends to be estimated imprecisely when the within-student approach is used. 

Furthermore, measurement errors in the explanatory variables, which bias the estimated 

effect of having an immigrant teacher toward zero, tend to be magnified when first-

differencing is used (Griliches and Hausman, 1986). 

< Insert Table 3 here > 

Before moving to the main results, note that because we partly exploit within-school 

models (i.e. specifications incorporating school fixed effects) to identify the achievement 

effect of an immigrant teacher, any non-random sorting of teachers among classrooms and 

students within schools would undermine the validity of our estimates. As such, I perform 

regressions of various class and student-level characteristics on a dummy indicating teacher 

nativity, whilst controlling for school fixed effects. If immigrant and native teachers are non-

randomly allocated across classes and students within schools, then the coefficient on the 

dummy indicating teacher nativity from these regressions would be non-zero. Table 3 

presents the results from these regressions. Separate regressions are run for each class and 

student-level characteristic. In the vast majority of cases, we cannot reject the hypothesis that 

the coefficient on the teacher nativity dummy is equal to zero. Hence, there is little evidence 

that immigrant teachers are non-randomly allocated across classes or students within schools. 

This balancing test lessens any concerns regarding the validity of the estimates from the 

within-school specifications. 

                                                           
14

 The teacher nativity variable has a very small within standard deviation of 0.108. In contrast, it has a 

considerably larger between standard deviation of 0.140 (approximately 30 percent greater). This implies that 

the variation in teacher nativity observed within a student across the two subjects is much smaller than the 

variation in teacher nativity across students. 
15

 Of the 24,599 students in the dataset, only 1,200 had an immigrant teacher in one subject and a native teacher 

in the other subject. 234 students had immigrant teachers in both subjects, 23,159 students had native teachers in 

both subjects, and 6 students had at least 1 teacher that did not respond to the native language question. 
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4 EMPIRICAL ANALYSIS 

4.1 Main Results 

< Insert Table 4 here > 

Table 4 presents results from a variety of regressions showing the estimated effect of 

having an immigrant teacher on student achievement
16

. Columns (1) to (6) of the table report 

results from a standard cross-sectional approach (that is, the OLS estimates based on 

equations (1) and (2)) while columns (7) to (9) report results from the within-student 

approach (that is, the first-difference (FD) estimates based on equation (3)). Specifically, 

column (1) displays the OLS estimate from running a stacked version of equations (1) and (2) 

in the absence of any controls (apart from subject fixed effects). Columns (2) through to (5) 

show the estimates when controls for teacher and class attributes
17

 (Column (2)), student 

characteristics and prior grades
18

 (Column (3)), students’ family background characteristics
19

 

                                                           
16

 The full regression results for Table 4 are presented in Appendix Table A2. 
17

 Included in the set of teacher characteristics are dummy variables for the teacher’s sex, race / ethnicity, type 

of teaching certification, highest level of education attained, years of teaching experience at the elementary / 

secondary school level, and whether the teacher works on a full-time basis. Observations may have teachers that 

fall into 1 of 4 race / ethnic categories: non-Hispanic White teacher; non-Hispanic Black teacher; Hispanic 

teacher; or teacher of Other Race. Observations may have teachers that fall into 1 of 4 teaching certification 

categories: Standard teaching certification; Probationary teaching certification; Temporary teaching 

certification; or No teaching certification. Observations may fall into 1 of 5 categories with regards to the 

teacher’s highest level of education: Teacher does not have a Bachelor’s degree; Teacher has a Bachelor’s 

degree; Teacher has a Master’s degree; Teacher has an Education Specialist degree; or Teacher has a PhD 

degree. With regards to the teacher’s years of teaching experience, observations may fall into 1 of 9 categories: 

less than 4 years; 4-6 years; 7-9 years; 10-12 years; 13-15 years; 16-18 years; 19-21 years; 22-24 years; or 25 or 

more years. Years of teacher experience is intentionally specified using a series of indicator variables (rather 

than a continuous variable) so as to allow for the returns to teacher experience to be nonlinear (see Clotfelter et 

al., 2006, 2007, 2010). Included in the set of class characteristics are the number of students enrolled in the 

student’s subject class (i.e. class size) and the percentage of students in the class that are limited English 

proficient. 
18

 Included in the set of student characteristics are dummy variables for the student’s sex, race / ethnicity, and 

his/her previous grades in the subject under investigation. For race / ethnicity, observations can fall into 1 of 5 

groups: Asian/Pacific; Hispanic; non-Hispanic Black; American Indian/Alaskan Native; or non-Hispanic White. 

The student’s prior grades in the subject is indicated by 5 dummy variables: whether the student received mostly 

A, mostly B, mostly C, mostly D, or mostly below D grades in the subject from grade 6 up till the survey date. 

Note that previous grades are included in the regressions in an attempt to control for students’ prior subject 

knowledge and to account for the cumulative nature of the educational process (Hanushek, 1979, 1986). 

However, it is recognised that past grades may not be a perfect indicator for the level of prior knowledge 

students possess since they may have been evaluated by different teachers who applied different grading criteria. 

I therefore view previous grades as being reflections of students’ prior knowledge, but which are measured with 

noise.  
19

 Included in the set of family characteristics are dummy variables for annual family income, the highest level 

of education attained by either of the student’s parents, and whether English is predominantly spoken in the 

student’s home. It also includes a continuous variable indicating family size. Observations may fall into 1 of 10 

family income categories: below $10,000; $10,000-$14,999; $15,000-$19,999; $20,000-$24,999; $25,000-

$34,999; $35,000-$49,999; $50,000-$74,999; $75,000-$99,999; $100,000-$199,999; or $200,000 and above. 

Observations may fall into 1 of 6 parent education categories: Parent has less than high school education; Parent 
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(Column (4)), and observable school attributes
20

 (Column (5)) are successively added to the 

regression. Column (6) presents the estimate when controls for observable school 

characteristics are replaced by school fixed effects
21

. For the within-student analysis, column 

(7) presents the FD estimate from running equation (3) in the absence of controls (apart from 

subject fixed effects). Column (8) shows the estimate when teacher and class attributes are 

additionally controlled for. Finally, column (9) displays the estimate when students’ prior 

grades are added as controls.  

The purpose of starting with regression models without any controls and then adding 

groups of regressors in a successive manner is to allow one to identify the set of attributes 

which matter most for immigrant teacher selection. To correct for potential intra-school 

correlations, in all analyses, I present standard errors which are clustered at the school level. 

The estimate in column (1) of Table 4 indicates that, on average, students with 

immigrant teachers receive somewhat lower test scores compared to those with native 

teachers (this difference is not significant though). However, when teacher and classroom 

characteristics are controlled for, the magnitude and the sign of the estimated coefficient on 

the immigrant teacher dummy changes dramatically. More precisely, it turns positive and is 

economically sizeable (0.122 standard deviations). This occurs because immigrant teachers 

tend to possess weaker credentials and teach classes that are academically weaker compared 

to native teachers. The coefficient estimates on the immigrant teacher variable remain 

positive, although they decrease in magnitude, as student, family background, and school 

characteristics are successively controlled for. The estimate in column (5) accounts for any 

                                                                                                                                                                                     
is a high school graduate; Parent has some college education (but did not graduate from college); Parent is a 

college graduate; Parent has a Master’s degree; or Parent has a PhD. 
20

 Included in the set of school-level characteristics are dummy variables for school enrolment, the share of 

minority students in the school, the share of students from single parent families, and the share of students on 

reduced price or free lunch programmes. Indicator variables for whether the school is private (or public) and 

whether the school is located in an urban, suburban, or rural area are also included. Observations may fall into 1 

of 7 categories in regards to school enrolment: 1-199; 200-399; 400-599; 600-799; 800-999; 1000-1199; or 

1,200 or more students. Observations may fall into 1 of 6 categories in regards to the share of minority students 

in the school: 0-10%; 11-20%; 21-40%; 41-60%; 61-90%; or 91-100%. Observations may fall into 1 of 6 

categories with regards to the share of students on reduced price or free lunch programmes: 0-10%; 11-20%; 21-

30%; 31-50%; 51-75%; or 76-100%. Lastly, observations may fall into 1 of 5 categories in regards to the share 

of students from single parent families: 0-25%; 26-50%; 51-75%; 76-99%; or 100%. 
21

 By including school fixed effects, the coefficient on the teacher nativity dummy would be identified on the 

basis of variation in teacher nativity across students within each school (i.e. the coefficient on the teacher 

nativity dummy would effectively be picking up the within-school relationship between student achievement 

and teacher nativity). Hence, conditioning on school fixed effects addresses any bias due to the non-random 

sorting of students with teachers across schools. However, because many of the immigrant teachers in the 

dataset are clustered in the same schools (immigrant teachers came from only 130 of the 1,052 schools), a 

specification with school fixed effects may not yield a test with as much power as one conditioning only on 

observable school characteristics. 
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bias due to differences in observable student, family, teacher, class, and school characteristics 

between students (i.e. the set of characteristics controlled for in column (5)) and indicates that 

comparing students with these observable characteristics, students with immigrant teachers 

outperform those with native teachers by 0.080 standard deviations. Although this estimate is 

not statistically significant, the 95% confidence interval for the effect size lies between -0.027 

and +0.187 standard deviations. The inclusion of school fixed effects in the regression does 

not alter the sign of the estimated coefficient, though it leads to a considerable fall in its 

magnitude (to about one-third of its existing value). The FD estimates presented in columns 

(7) through (9) are likewise positive, though again, none are statistically different from zero. 

While none of the estimates in Table 4 are significant, they do at least suggest that immigrant 

teachers have non-adverse impacts on student achievement.  

Recall that we are interested to know whether the effect of having an immigrant teacher 

is different for native and immigrant students. To answer this question, I repeat the analyses 

described above, separately for the sample of native and immigrant students
22

. For the sake of 

brevity, in what follows, I concentrate only on presenting the results from fully-specified 

models (for example, in Table 4, this would correspond to models in columns (5), (6), and 

(9)).  

< Insert Table 5 here > 

Table 5 reports the immigrant teacher effect, separately for native and immigrant 

students. Columns (1), (2), (4), and (5) report results from estimations that employ the 

standard cross-sectional approach while columns (3) and (6) report results from estimations 

that employ the within-student approach. Specifically, columns (1) and (4) display the OLS 

estimates from running stacked versions of equations (1) and (2), controlling for observable 

student, family background, teacher, class, and school characteristics. Columns (2) and (5) 

show the estimates when observable school attributes are replaced instead with school fixed 

effects. Finally, columns (3) and (6) report the estimates from running the first-differenced 

equation (3) with controls included for subject fixed effects, teacher and class-level 

characteristics
23

 and the previous subject grades received by the student.   

                                                           
22

 By estimating separate equations for native and immigrant students, I am implicitly allowing for all 

parameters to differ across both nativity groups. None of the conclusions about the effects of immigrant teachers 

change though even if I had restricted these parameters to be the same across these groups. 
23

 All student and family background observables drop out from this model since these do not vary within a 

given student.  
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The estimate in column (1) indicates that native students with immigrant teachers 

outperform observationally similar students with native teachers by 0.115 standard deviations 

(statistically significant at the 5% level). This effect is sizeable and comparable to that 

relating to English home language use: as compared to a student that speaks only or primarily 

English at home, a student that does not, performs approximately 0.110 standard deviations 

worse. Once the regression conditions on school fixed effects however, the estimated 

coefficient decreases in magnitude (to 0.058) and loses statistical significance. However, the 

95% confidence interval for this effect lies between -0.042 and +0.158 standard deviations. 

As with the case of the full student sample, the FD estimate obtained in column (3) is positive 

(0.067 standard deviations) but is not significant at the conventional levels. 

For immigrant students, not much can be said about the impact of having an immigrant 

teacher since none of the specifications yield a teacher nativity coefficient which is precisely 

estimated. 

There is some evidence from Table 5 that immigrant teachers have a positive impact on 

the academic achievements of native students. The lack of statistical significance in the FD 

estimates is likely due to insufficient variation in the teacher nativity variable. As mentioned 

in Section 3, most students in the dataset had been assigned a native teacher in both subjects. 

Of those students that actually had immigrant teachers, many had immigrant teachers in both 

subjects. As such, the first-differenced teacher nativity variable is equal to 0 for the vast 

majority of students in the dataset. Only a relatively small number of students in the dataset 

(1,200 of them) had an immigrant teacher in one subject and a native teacher in the second 

subject. Hence only a small number of students had a first-differenced teacher nativity 

variable equal to +1 or -1. The lack of variation in the teacher nativity variable within 

students implies that 𝛿 tends to be estimated imprecisely when a within-student approach is 

used. Nevertheless, it serves as a useful check for the OLS estimates based on the standard 

cross-sectional method. 

 

4.2 An Alternative Specification 

In all regressions performed in the former section (Section 4.1), teacher ethnicity was 

controlled for because that might be correlated with both student achievement and teacher 

nativity. However, controlling for teacher ethnicity may not be ideal since a lot of the 
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variation from the teacher nativity variable may be absorbed by also controlling for teacher 

ethnicity (for example, approximately half of all immigrant teachers in the NELS dataset are 

Hispanic. Appendix Table A3 shows the breakdown of immigrant teachers by subject and 

ethnicity). To circumvent this problem, I estimate specifications which allow for student 

achievement to vary across 4 different groups of teachers defined by nativity / ethnicity 

(Hispanic Immigrant teachers, White Immigrant teachers, Immigrant teachers of “Other 

Race”, and Native teachers). Operationally, this involves replacing the single teacher nativity 

dummy in equations (1), (2), and (3) with indicator variables for Hispanic immigrant, White 

immigrant, and immigrant teacher of “other race”
24

 and then leaving out teacher ethnicity 

controls. The excluded base category is the group of native teachers (of all ethnicities). This 

way, the alternative specification allows one to compare how immigrant teachers of different 

ethnicities (Hispanic, White, and “Other Race”) affect student achievement relative to native 

teachers. 

< Insert Table 6 here > 

The estimated immigrant teacher effects based on this modified specification are 

reported in Table 6, separately for all students, native students, and immigrant students. 

For the group of all students, the results from the OLS specifications (i.e. Columns (1) 

and (2)) suggest that relative to native teachers, White immigrant teachers have positive 

effects on student achievement. The estimated coefficient on the White immigrant teacher 

dummy in column (1) indicates that holding all observable characteristics the same, students 

with White immigrant teachers outperform those with native teachers by 0.142 standard 

deviations (this effect is statistically significant at the 5% level). The size of the estimated 

effect falls somewhat (to 0.103) when school fixed effects are introduced, but nonetheless, 

remains significant at the 10% level. The estimated coefficient on the White immigrant 

teacher dummy from the FD specification (Column (3)) is likewise positive, though it is 

smaller in magnitude and insignificant.  

The pattern of results for native students is very similar to the one obtained for the full 

sample of students. In particular, after adjusting for differences in observable characteristics, 

native students with White immigrant teachers are found to achieve test scores of 

approximately 0.157 standard deviations higher (significant at the 5% level) than those with 

                                                           
24

 Here, immigrant teachers of “other race” include all Black, non-White, and non-Hispanic teachers that speak a 

non-English native language. 
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native teachers (Column (4)). The estimated effect falls to 0.102 standard deviations when 

school observables in the regression are replaced by school fixed effects (Column (5)). 

However, it remains significant at the 10% level. These results suggest that relative to native 

teachers, White immigrant teachers have a positive impact on native student achievement.  

Again, not much can be said about the impact of immigrant teachers on immigrant 

students since the coefficients on the teacher nativity variables are found to be imprecisely 

estimated in all specifications. 

 

4.3 Does the Effect of an Immigrant Teacher Vary by Subject? 

Thus far, the analysis implicitly assumes that the effect of an immigrant teacher does 

not vary across subjects. However, this assumption may not be reasonable. For instance, 

since communication skills may be more important in bringing ideas across to students in 

some subjects (such as in English or Social Studies) than in others (such as in Science or 

Math), it may be possible that any English language deficiencies among immigrant teachers 

may render them less effective in teaching those subjects requiring greater communication 

abilities. Hence, in this section, I relax the assumption of a homogenous immigrant teacher 

effect across subjects and instead allow the effect of immigrant teachers to vary by subject. 

This is done by employing the cross-sectional approach and estimating the specification 

given by equation (1) (or (2)) separately, by subject
25

. For brevity, for each of the 4 subjects: 

namely, Science, Mathematics, Social Studies, and English, I present only the OLS estimates 

from running equation (1) (or (2)) with the full set of controls (i.e. controls for student 

demographic characteristics and prior grades, family background characteristics, as well as 

teacher and class attributes) and school fixed effects. 

< Insert Table 7 here > 

                                                           
25

 Using a within-student estimator to analyze the effect of an immigrant teacher by subject is infeasible because 

it entails sample sizes which are too small. For example, suppose we want to estimate the effect of having an 

immigrant teacher in Math. Employing a within-student estimator would first require dropping all students that 

have an immigrant teacher in subject 2 (English and Social Studies). This is so that all effects can be attributed 

solely to having an immigrant teacher in Math. Because many students in the dataset who had an immigrant 

teacher in one subject also had an immigrant teacher in the other, a large number of students in the dataset with 

immigrant teachers in Math would inevitably also be dropped. The end result is that the first-differenced nativity 

variable is non-zero for only a small number of cases. 
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Panels A and B of Table 7 report respectively, the estimated effects of having an 

immigrant teacher on native student achievement and on immigrant student achievement, by 

subject.    

The estimates suggest that, across all 4 subjects, immigrant teachers do not have an 

adverse impact on native student achievement. However, in contrast, the point estimates do 

not allow one to rule out the possibility that immigrant teachers have no negative impacts on 

immigrant student performance; this is true for Science and Math.   

Although none of the estimates presented in Table 7 are actually statistically 

significant, a few of them are quite sizeable in magnitude. The lack of significance arises 

from the large standard errors involved, owing to the small number of students who actually 

had immigrant teachers within each subject. 

 

4.4 Comparing Immigrant Teachers to Native Teachers of the Same Ethnicity 

 Thus far, the results suggest that, as compared to native teachers, White immigrant 

teachers have a positive impact on native students’ achievement. However, it is possible that 

these results may have been driven by ethnic differences rather than by differences in nativity 

status. In order to isolate the achievement effects due only to differences in teacher nativity, I 

conduct an alternative analysis where I compare the achievements of students taught by 

immigrant teachers to the achievements of observationally similar students taught by native 

teachers of the same ethnicity (for instance, I compare the test scores of students taught by 

White immigrant teachers to those of observationally similar students taught by White native 

teachers). 

< Insert Table 8 here > 

Panel A (Panel B) [Panel C] of Table 8 reports, separately for native students and 

immigrant students, the effect on student achievement of having an immigrant White 

(Hispanic) [Other Race] teacher relative to a native White (Hispanic) [Other Race] teacher. I 

employ only the cross-sectional approach here because a within-student approach would 

require that students have teachers of the same ethnicity in both subjects in order to qualify as 

an observation. Since only a small number of students have Hispanic (or Other Race
26

) 

                                                           
26

 Here, teachers of other race include all non-Black, non-White, and non-Hispanic teachers.  
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teachers with different nativity statuses in both subjects, there are insufficient student 

observations as well as variation in the first-differenced teacher nativity variable for reliable 

inference. In all 3 panels of Table 8, columns (1) and (3) report the OLS estimates from 

running stacked versions of equations (1) and (2), with controls included for observable 

student, family, teacher, class, and school attributes. Columns (2) and (4) display the 

estimates when school observable controls are replaced instead by school fixed effects.  

The clearest finding from Table 8 is that, relative to White native teachers, White 

immigrant teachers have sizeable and statistically significant positive effects on native 

student achievement. Column (1) of Panel A shows that after adjusting for differences in 

observable attributes, native students with White immigrant teachers achieve test scores that 

are approximately 0.160 standard deviations higher (significant at the 5% level) compared to 

native students with White native teachers. When school fixed effects are introduced, the 

estimated effect falls to 0.107 standard deviations but nonetheless remains significant at the 

10% level. 

 

5 CONCLUSION 

Using a dataset consisting of a nationally representative sample of 8
th

 grade students in 

the United States, this paper examines the effect of having an immigrant teacher on student 

achievement. The present study is the first to examine how educators with an immigrant 

background affect the educational achievements of students at the secondary school level. 

Previous research on this issue have focused exclusively on student experiences at the 

undergraduate level and are predominantly concerned with learning effects in Economics. 

The experiences of students at the elementary and secondary levels and in subjects beyond 

Economics have, until now, been ignored.  

To account for the non-random sorting of teachers across schools as well as across 

classrooms and students within schools, we employ two estimation strategies. The first 

estimates the immigrant teacher effect by comparing the academic achievements of students 

with immigrant teachers to the achievements of observationally similar students with native 

teachers within schools. The estimates from this approach account for any bias due to the 

non-random sorting of immigrant and native teachers across schools. The second compares 

the academic achievement of a student with an immigrant teacher in one subject to the 
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achievement of the same student with a native teacher in another subject. Since this 

comparison is within student, the estimates account for any bias due to the non-random 

sorting of immigrant and native teachers across classes and students, within schools. The 

overall effect of having an immigrant teacher is found to depend on a student’s nativity. 

While there is little evidence that having an immigrant teacher affects the educational 

achievement of immigrant students, there is some evidence that it affects the achievements of 

native students positively. My findings for native students are consistent with previous work 

by Norris (1991) and Fleisher et al. (2002) which show student learning to be enhanced by 

immigrant educators. 

Alternative specifications which allow for student achievement to vary across 4 

different groups of teachers defined by nativity / ethnicity (Hispanic immigrant teachers, 

White immigrant teachers, immigrant teachers of “other race”, and native teachers) indicate 

that compared to native teachers, White immigrant teachers enhance the academic 

achievements of native students. 

Because the above findings may have been driven by ethnic differences rather than by 

differences in teacher nativity status, I additionally conduct a robustness check by comparing 

the test scores of students taught by immigrant teachers to the test scores of students taught 

by native teachers of the same ethnicity in order to isolate the achievement effects due to 

differences in teacher nativity. The results from this exercise affirm the positive effects of 

White immigrant teachers. 

The findings from this paper help us understand how teacher nativity has affected 

student learning in U.S. secondary schools and constitute an assessment of how immigrant 

teachers might have performed relative to native ones. One question is whether we could use 

these results even further, perhaps by using them to predict how immigrant teachers in the 

future are likely to affect student achievement. One should caution against doing that. After 

all, the composition of immigrants and the incentives facing teachers in the U.S. in the future 

may be quite different from those which existed in the 1980s – the time period in which my 

data come from. As such, the characteristics (like motivation or risk-aversion), and hence 

effectiveness, of future cohorts of immigrant teachers cannot be expected to be the same as 

those of their predecessors. 

  An interesting question which is left for future research is why immigrant teachers 

might have affected student achievement in the ways documented above. A number of 
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reasons may explain why immigrant teachers differ in effectiveness from native teachers. 

These include differences in English language abilities, teaching methods, local knowledge, 

and unobservable qualities (e.g. intrinsic motivation and risk-aversion) between immigrant 

and native educators. The nature of the NELS dataset does not allow for an investigation of 

the precise channels leading to the observed difference in the performance of immigrant and 

native teachers. There is scope for future research to study the mechanisms through which 

these differences arise.  
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Table 1: Characteristics of Students with Immigrant and Native Teachers, by Subject 

  Science     Math   

 

Immigrant Teacher Native Teacher Difference   Immigrant Teacher Native Teacher Difference 

        Panel A 
       

Standardised Test Score -0.195 0.008 -0.203*** 

 

-0.211 0.004 -0.214*** 

        
Panel B 

       
Student had mostly As in subject from Grade 6 till Survey 0.279 0.311 -0.032 

 

0.303 0.331 -0.028 

Student had mostly Bs in subject from Grade 6 till Survey 0.405 0.331 0.074** 

 

0.423 0.357 0.066** 

Student had mostly Cs in subject from Grade 6 till Survey 0.209 0.250 -0.040 

 

0.186 0.223 -0.036* 

Student had mostly Ds in subject from Grade 6 till Survey 0.080 0.077 0.003 

 

0.059 0.065 -0.006 

Student had mostly below Ds in subject from Grade 6 till Survey 0.026 0.031 -0.005 

 

0.029 0.025 0.004 

Student is White 0.574 0.739 -0.165*** 

 

0.441 0.741 -0.301*** 

Student is Black 0.069 0.121 -0.052*** 

 

0.082 0.138 -0.055*** 

Student is Hispanic 0.294 0.091 0.203*** 

 

0.404 0.084 0.320*** 

Student is Asian 0.030 0.032 -0.002 

 

0.054 0.030 0.024** 

Student is American Indian / Alaskan Native 0.033 0.017 0.016 

 

0.020 0.007 0.012* 

Student is Female 0.524 0.502 0.021 

 

0.490 0.495 -0.005 

Student's home language is English 0.727 0.917 -0.190*** 

 

0.635 0.923 -0.289*** 

Student's Mother is a college graduate 0.155 0.239 -0.084*** 

 

0.183 0.219 -0.037* 

Student's Father is a college graduate 0.239 0.300 -0.061** 

 

0.246 0.285 -0.039 

Student's family income is $35,000 and above 0.402 0.432 -0.031 

 

0.315 0.415 -0.100*** 

Student's family size 5.074 4.588 0.486*** 

 

4.982 4.592 0.391*** 

Number of students 330 10,445 
 

 

499 10,786 
 

        Notes: This table reports average student characteristics for those with immigrant and those with native teachers, by subject. Sample weights used in all computations. ***Difference is 

statistically significant at the 1% level. **Difference is statistically significant at the 5% level. *Difference is statistically significant at the 10% level. Data from the National Education 

Longitudinal Study of 1988. 
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(Cont’d) Table 1: Characteristics of Students with Immigrant and Native Teachers, by Subject 

  Social Studies     English   

 

Immigrant Teacher Native Teacher Difference   Immigrant Teacher Native Teacher Difference 

        Panel A 
       

Standardised Test Score -0.030 0.002 -0.032 

 

0.030 0.001 0.029 

        
Panel B 

       
Student had mostly As in subject from Grade 6 till Survey 0.336 0.313 0.023 

 

0.337 0.318 0.020 

Student had mostly Bs in subject from Grade 6 till Survey 0.367 0.347 0.020 

 

0.393 0.385 0.009 

Student had mostly Cs in subject from Grade 6 till Survey 0.226 0.229 -0.003 

 

0.210 0.223 -0.013 

Student had mostly Ds in subject from Grade 6 till Survey 0.054 0.078 -0.023* 

 

0.042 0.056 -0.014 

Student had mostly below Ds in subject from Grade 6 till Survey 0.017 0.034 -0.017** 

 

0.018 0.019 -0.001 

Student is White 0.516 0.760 -0.244*** 

 

0.527 0.718 -0.191*** 

Student is Black 0.042 0.116 -0.073*** 

 

0.068 0.145 -0.076*** 

Student is Hispanic 0.322 0.080 0.243*** 

 

0.339 0.093 0.246*** 

Student is Asian 0.074 0.032 0.042*** 

 

0.041 0.032 0.009 

Student is American Indian / Alaskan Native 0.045 0.012 0.033** 

 

0.025 0.012 0.013 

Student is Female 0.555 0.501 0.054* 

 

0.510 0.495 0.015 

Student's home language is English 0.644 0.927 -0.284*** 

 

0.697 0.913 -0.216*** 

Student's Mother is a college graduate 0.316 0.235 0.081** 

 

0.291 0.221 0.070** 

Student's Father is a college graduate 0.379 0.302 0.077** 

 

0.371 0.277 0.094*** 

Student's family income is $35,000 and above 0.447 0.430 0.017 

 

0.348 0.419 -0.071** 

Student's family size 4.731 4.584 0.146 

 

5.001 4.616 0.385*** 

Number of students 320 10,241 
 

 

469 10,987 
 

        Notes: This table reports average student characteristics for those with immigrant and those with native teachers, by subject. Sample weights used in all computations. ***Difference is 

statistically significant at the 1% level. **Difference is statistically significant at the 5% level. *Difference is statistically significant at the 10% level. Data from the National Education 

Longitudinal Study of 1988. 
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Table 2: Characteristics of Immigrant and Native Teachers, by Subject 

  Science     Math   

 

Immigrant Teacher Native Teacher Difference Immigrant Teacher Native Teacher Difference 

        Teacher is Female 0.538 0.478 0.060* 

 

0.318 0.599 -0.282*** 

Teacher is of Other race 0.073 0.010 0.063*** 

 

0.117 0.007 0.110*** 

Teacher is Hispanic 0.596 0.005 0.590*** 

 

0.456 0.010 0.447*** 

Teacher is Black 0.027 0.076 -0.049*** 

 

0.007 0.088 -0.081*** 

Teacher is White 0.305 0.909 -0.604*** 

 

0.420 0.896 -0.476*** 

Has Standard teaching certification 0.877 0.922 -0.045* 

 

0.856 0.917 -0.061*** 

Has Probationary teaching certification 0.000 0.016 -0.016*** 

 

0.012 0.020 -0.008 

Has Temporary teaching certification 0.076 0.036 0.040* 

 

0.121 0.043 0.078*** 

Has No teaching certification 0.047 0.026 0.021 

 

0.011 0.019 -0.008* 

Has less than a Bachelor's degree 0.000 0.002 -0.002*** 

 

0.000 0.003 -0.003*** 

Has a Bachelor's degree 0.631 0.552 0.079** 

 

0.491 0.563 -0.072*** 

Has a Master's degree 0.257 0.371 -0.114*** 

 

0.350 0.372 -0.022 

Has an Education Specialist degree 0.088 0.071 0.017 

 

0.108 0.057 0.051*** 

Has a PhD degree 0.024 0.004 0.020*** 

 

0.051 0.005 0.046*** 

Has taught for 10 or more years 0.728 0.665 0.064** 

 

0.660 0.697 -0.037 

Is employed full-time 0.965 0.977 -0.012 

 

1.000 0.965 0.035*** 

Average Class Size 25.248 24.523 0.725* 

 

24.715 23.440 1.275*** 

Average proportion of LEP Students in Class 0.041 0.014 0.027** 

 

0.057 0.008 0.049*** 

        Number of teachers 36 1,051 
 

 

65 1,465 
 

        Notes: This table reports average characteristics for immigrant and native teachers in the National Education Longitudinal Study of 1988, by subject. ***Difference is 

statistically significant at the 1% level. **Difference is statistically significant at the 5% level. *Difference is statistically significant at the 10% level. 
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(Cont’d) Table 2: Characteristics of Immigrant and Native Teachers, by Subject 

  Social Studies     English   

 

Immigrant Teacher Native Teacher Difference Immigrant Teacher Native Teacher Difference 

        Teacher is Female 0.493 0.413 0.080** 

 

0.662 0.780 -0.118*** 

Teacher is of Other race 0.085 0.010 0.075*** 

 

0.020 0.006 0.014** 

Teacher is Hispanic 0.331 0.004 0.327*** 

 

0.431 0.011 0.420*** 

Teacher is Black 0.016 0.088 -0.072*** 

 

0.000 0.091 -0.091*** 

Teacher is White 0.568 0.898 -0.331*** 

 

0.549 0.893 -0.343*** 

Has Standard teaching certification 0.845 0.929 -0.084*** 

 

0.862 0.936 -0.074*** 

Has Probationary teaching certification 0.054 0.011 0.043*** 

 

0.006 0.014 -0.008* 

Has Temporary teaching certification 0.067 0.042 0.025* 

 

0.124 0.036 0.089* 

Has No teaching certification 0.033 0.017 0.016 

 

0.008 0.014 -0.006** 

Has less than a Bachelor's degree 0.000 0.002 -0.002*** 

 

0.000 0.002 -0.002*** 

Has a Bachelor's degree 0.430 0.534 -0.105*** 

 

0.547 0.549 -0.002 

Has a Master's degree 0.431 0.387 0.044 

 

0.382 0.397 -0.015 

Has an Education Specialist degree 0.119 0.068 0.051*** 

 

0.071 0.050 0.021* 

Has a PhD degree 0.020 0.008 0.012 

 

0.000 0.002 -0.002*** 

Has taught for 10 or more years 0.625 0.728 -0.102*** 

 

0.594 0.764 -0.171*** 

Is employed full-time 0.979 0.965 0.014 

 

0.865 0.978 -0.113*** 

Average Class Size 26.505 24.715 1.789*** 

 

22.685 23.766 -1.081*** 

Average proportion of LEP Students in Class 0.035 0.010 0.025*** 

 

0.044 0.012 0.032*** 

        Number of teachers 46 1,161 
 

 

57 1,413 
 

        Notes: This table reports average characteristics for immigrant and native teachers in the National Education Longitudinal Study of 1988, by subject. ***Difference is 

statistically significant at the 1% level. **Difference is statistically significant at the 5% level. *Difference is statistically significant at the 10% level. 
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Table 3: Relating Teacher Nativity to Student and Classroom Characteristics 

Variables Science Math Social Studies English 

     Student had mostly As in subject from Grade 6 till Survey -0.015 0.046 0.039 -0.058 

 

(0.053) (0.035) (0.041) (0.039) 

Student had mostly Bs in subject from Grade 6 till Survey 0.046 0.059 -0.029 0.015 

 

(0.058) (0.036) (0.044) (0.042) 

Student had mostly Cs in subject from Grade 6 till Survey -0.022 -0.087*** -0.008 0.025 

 

(0.051) (0.031) (0.038) (0.034) 

Student had mostly Ds in subject from Grade 6 till Survey -0.026 -0.021 0.005 0.017 

 

(0.029) (0.021) (0.026) (0.020) 

Student had mostly below Ds in subject from Grade 6 till Survey 0.017 0.003 -0.007 0.001 

 

(0.018) (0.016) (0.016) (0.013) 

Student is White -0.018 0.013 -0.041 -0.032 

 

(0.052) (0.027) (0.033) (0.031) 

Student is Black 0.019 0.014 0.001 0.028 

 

(0.032) (0.015) (0.016) (0.018) 

Student is Hispanic 0.029 -0.019 -0.038 0.020 

 

(0.048) (0.028) (0.030) (0.026) 

Student is Asian -0.024 -0.010 0.052* -0.002 

 

(0.029) (0.020) (0.028) (0.018) 

Student is American Indian / Alaskan Native -0.006 0.002 0.026 -0.014 

 
(0.018) (0.008) (0.016) (0.011) 

Student is Female -0.041 -0.041 0.056 0.003 

 

(0.061) (0.038) (0.045) (0.044) 

Student's home language is English -0.030 0.011 -0.003 -0.055* 

 

(0.049) (0.031) (0.037) (0.031) 

Student's Mother is a college graduate -0.057 0.022 0.016 -0.015 

 

(0.041) (0.031) (0.041) (0.033) 

Student's Father is a college graduate -0.022 0.026 0.093** -0.031 

 

(0.052) (0.035) (0.045) (0.036) 

Student's family income is $35,000 and above 0.022 0.030 0.022 -0.078** 

 

(0.050) (0.035) (0.041) (0.036) 

Student's family size 0.174 -0.031 -0.035 0.104 

 

(0.151) (0.117) (0.136) (0.136) 

Class size 0.271 0.268 0.027 0.176 

 

(0.531) (0.307) (0.383) (0.395) 

Percentage of students in class that are limited English proficient 0.043** 0.013 -0.003 0.001 

 

(0.019) (0.008) (0.012) (0.018) 

     Observations 10,775 11,285 10,561 11,456 

Number of Schools 486 512 483 513 

     Notes: This table presents results that test the hypothesis of random assignment of teachers by nativity status across classes 

and across students within schools. Each estimate is from a regression of the corresponding class or student-level 

characteristic on a dummy indicating teacher nativity, controlling for school fixed effects. A separate regression is run for 

each class / student-level characteristic. Robust standard errors are in parentheses.  *** p-value<0.01, ** p-value<0.05, * p-

value<0.1. 
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Table 4: Estimated Effect of an Immigrant Teacher on Test Scores (Full Sample) 

  OLS           FD     

 

Controls 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Independent 

variable 
No Controls 

Teacher and 

Class 

Characteristics 

Col 2 plus 

Student 

Characteristics 

and prior 

grades 

Col 3 plus 

Family 

Characteristics 

Col 4 plus 

School 

Characteristics 

Col 4 plus 

School FE 
No Controls 

Teacher and 

Class 

Characteristics 

Col 8 plus 

prior grades 

Immigrant 

Teacher 
-0.095 0.122 0.103 0.086 0.080 0.027 0.024 0.060 0.049 

 

(0.085) (0.091) (0.071) (0.056) (0.054) (0.050) (0.054) (0.062) (0.060) 

          Observations 42,588 40,683 38,990 35,125 33,109 35,125 20,212 18,590 17,728 

R-Squared 0.000 0.038 0.233 0.296 0.305 0.384 0.000 0.003 0.019 

          Notes: All models include subject fixed effects. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that 

allow for correlation in individual error terms within schools. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 
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Table 5: Estimated Effect of an Immigrant Teacher on Test Scores, by Student Nativity 

  Native Students   Immigrant Students 

 

OLS OLS FD OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) 

 
0.115** 0.058 0.067 -0.126 -0.027 -0.023 

Immigrant Teacher (0.058) (0.051) (0.064) (0.094) (0.113) (0.088) 

 
      

       Subject Fixed Effects X X X X X X 

Teacher, Class Controls & Previous Grades X X X X X X 

Student & Family Controls X X 
 

X X 
 

Observable School Characteristics X 
  

X 
  

School Fixed Effects X 
  

X 
 

Student Fixed Effects X 
  

X 

       
Observations 29,711 31,460 15,867 3,398 3,665 1,837 

R-Squared 0.302 0.385 0.021 0.297 0.512 0.028 

       Notes: Columns (1) and (4) display the OLS estimates from running stacked versions of equations (1) and (2), controlling for observable student, family background, 

teacher, class, and school characteristics. Columns (2) and (5) show the estimates when controls for observable school attributes are replaced by school fixed effects. 

Columns (3) and (6) report the estimates from running the first-differenced equation (3) with controls included for subject fixed effects, teacher and class-level 

characteristics and the previous grades received by the student for the subject. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-

robust standard errors that allow for correlation in individual error terms within schools. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 
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Table 6: Estimated Effects of Immigrant Teachers of Different Ethnicities on Test Scores, by Student Nativity 

  All Students   Native Students Immigrant Students 

 

OLS OLS FD OLS OLS FD OLS OLS FD 

Independent variable (1) (2) (3) (4) (5) (6) (7) (8) (9) 

          Hispanic Immigrant Teacher -0.065 -0.132 -0.028 -0.018 -0.042 -0.006 -0.227 -0.163 0.012 

 

(0.093) (0.095) (0.075) (0.122) (0.125) (0.099) (0.145) (0.155) (0.096) 

White Immigrant Teacher 0.142** 0.103* 0.068 0.157** 0.102* 0.078 0.019 0.162 -0.016 

 

(0.067) (0.061) (0.079) (0.068) (0.060) (0.080) (0.125) (0.181) (0.148) 

Immigrant Teacher of Other Race -0.018 -0.150 0.067 0.006 -0.140 0.096 -0.243 -0.146 -0.269 

 

(0.144) (0.146) (0.107) (0.148) (0.144) (0.119) (0.254) (0.239) (0.240) 

          Subject Fixed Effects X X X X X X X X X 

Teacher, Class Controls & Previous Grades X X X X X X X X X 

Student & Family Controls X X 
 

X X 
 

X X 
 

Observable School Characteristics X 
  

X 
  

X 
  

School Fixed Effects X 
  

X 
  

X 
 

Student Fixed Effects X 
  

X 
  

X 

          
Observations 33,109 35,125 17,728 29,711 31,460 15,867 3,398 3,665 1,837 

R-Squared 0.305 0.385 0.019 0.302 0.385 0.021 0.298 0.512 0.029 

          Notes: Columns (1), (4), and (7) display the OLS estimates from running stacked versions of equations (1) and (2), controlling for observable student, family background, 

teacher, class, and school characteristics. Columns (2), (5), and (8) show the estimates when controls for observable school attributes are replaced by school fixed effects. 

Columns (3), (6), and (9) report the estimates from running the first-differenced equation (3) with controls included for subject fixed effects, teacher and class-level 

characteristics and the previous grades received by the student for the subject. Immigrant teachers of other race include all Black, non-White, and non-Hispanic teachers 

that speak a non-English native language. The excluded base category is the group of native teachers. NELS sample weights are used in all regressions. Standard errors in 

parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 
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Table 7: Estimated Effect of an Immigrant Teacher on Native and Immigrant Student Test Scores, by Subject 

    Science Math Social Studies  English 

Panel A: Native Students         

Immigrant Teacher 0.202 0.084 0.069 0.061 

  

(0.178) (0.148) (0.100) (0.116) 

      Observations 7,692 8,049 7,517 8,202 

R-Squared 0.395 0.465 0.431 0.376 

            

Panel B: Immigrant Students         

Immigrant Teacher -0.396 -0.267 -0.019 0.012 

  

(0.500) (0.291) (0.219) (0.230) 

      Observations 864 961 798 1,042 

R-Squared 0.645 0.662 0.644 0.603 

      Note: All models include the full set of control variables (i.e. controls for student demographic characteristics and prior grades, family background characteristics, teacher 

and class attributes) and school fixed effects. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow 

for correlation in individual error terms within schools. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 
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Table 8: Estimated Effect of an Immigrant Teacher relative to a Native Teacher of the Same Ethnicity, by Student Nativity 

  Native Students Immigrant Students 

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

Panel A: White Teachers     

Immigrant Teacher 0.160** 0.107* 0.022 0.131 

 

(0.068) (0.061) (0.124) (0.222) 

     Observations 26,898 28,477 2,776 3,013 

R-Squared 0.292 0.377 0.318 0.545 

          

Panel B: Hispanic Teachers     

Immigrant Teacher -0.004 -0.125 -0.298 -0.107 

 

(0.082) (0.190) (0.196) (0.197) 

     Observations 406 411 330 333 

R-Squared 0.509 0.554 0.390 0.529 

          

Panel C: Teachers of Other Race   

Immigrant Teacher -0.141 -0.790** 6.614 1.714 

 

(0.389) (0.372) (25.589) (1.239) 

     Observations 287 306 59 60 

R-Squared 0.501 0.582 0.912 0.913 

     Notes: Columns (1) and (3) report the OLS estimates, controlling for prior grades, student, family, teacher, class, and school observable characteristics. Columns (2) and 

(4) control for school fixed effects instead of school observables. NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust 

standard errors that allow for correlation in individual error terms within schools. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 
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Appendix Table A1: Comparison of Immigrant and Native Teachers on Motivation and Risk Aversion 

  Immigrant Teacher Native Teacher Difference 

Spends 4 hours or more in a week planning and preparing for classes outside of school hours 0.343 0.291 0.052** 

Spends 4 hours or more in a week supervising students outside of school hours 0.172 0.125 0.046*** 

Teacher feels either "very well" or "well" prepared to teach the subject matter covered in the course 0.956 0.927 0.030** 

Uses non-textbook-based reading materials either frequently or occasionally 0.816 0.739 0.076*** 

    Number of teachers 195 4,942 
 

    Notes: Data from the National Education Longitudinal Study of 1988. Motivation is measured by (1) the number of hours spent outside of school engaging in preparation 

of class activities, (2) number of hours spent outside of school supervising students, and (3) how prepared the teacher is in delivering the lesson. Risk aversion is measured 

by the degree of use of non-textbook-based instruction. All values in the table indicate the proportion of teachers that fulfil the stated activity.  * **, **, and * indicate 

respectively that the mean value is significantly different at the 1%, 5%, and 10% level between immigrant and native teachers. 
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Appendix Table A2: Full Set of Coefficient Estimates for Table 4 Regressions 

  OLS           FD     

 Controls 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Regressor No Controls 

Teacher and 

Class 

Characteristics 

Col 2 plus 

Student 

Characteristics 

and prior grades 

Col 3 plus 

Family 

Characteristics 

Col 4 plus 

School 

Characteristics 

Col 4 plus 

School FE 
No Controls 

Teacher and 

Class 

Characteristics 

Col 8 plus prior 

grades 

Foreign Teacher -0.095 0.122 0.103 0.086 0.080 0.027 0.024 0.060 0.049 

 

(0.085) (0.091) (0.071) (0.056) (0.054) (0.050) (0.054) (0.062) (0.060) 

Female Teacher  - 0.003 0.004 -0.013 -0.035** 0.012 - -0.021 -0.024* 

  

(0.022) (0.018) (0.017) (0.017) (0.016) 

 

(0.013) (0.014) 

Other race 

Teacher - -0.255** -0.078 -0.052 -0.039 0.041 - -0.019 -0.007 

  

(0.106) (0.077) (0.074) (0.075) (0.083) 

 

(0.059) (0.064) 

Hispanic 

Teacher - -0.365*** -0.199*** -0.100 -0.060 -0.047 - -0.071 -0.069 

  

(0.097) (0.077) (0.063) (0.061) (0.064) 

 

(0.055) (0.056) 

Black Teacher - -0.544*** -0.195*** -0.161*** -0.112*** -0.069** - -0.045* -0.043* 

  

(0.039) (0.034) (0.030) (0.033) (0.028) 

 

(0.024) (0.025) 

Teacher has 

Standard 

Teaching 

Certification - 

-0.233*** -0.163*** -0.050 0.040 0.101 

- 

0.114** 0.123** 

  

(0.073) (0.062) (0.050) (0.058) (0.063) 

 

(0.047) (0.050) 

Teacher has 

Probationary 

Teaching 

Certification - 

-0.179* -0.120 -0.011 0.031 0.124 

- 

0.107 0.110 

  

(0.096) (0.086) (0.077) (0.085) (0.083) 

 

(0.072) (0.076) 

Teacher has 

Temporary 

Teaching 

Certification - 

-0.240*** -0.156** -0.071 0.001 0.083 

- 

0.110* 0.113* 

  

(0.092) (0.079) (0.065) (0.069) (0.070) 

 

(0.056) (0.059) 
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Teacher has less 

than Bachelor's - -0.074 -0.055 -0.040 -0.098 -0.390*** - 0.001 -0.017 

  

(0.107) (0.115) (0.066) (0.073) (0.149) 

 

(0.162) (0.153) 

Teacher has 

Master's - -0.007 -0.022 -0.030 -0.031* 0.004 - 0.003 -0.001 

  

(0.025) (0.021) (0.018) (0.018) (0.019) 

 

(0.014) (0.015) 

Teacher has an 

Education 

Specialist 

Degree - 

-0.061 -0.026 -0.037 -0.044 0.000 

- 

-0.006 0.002 

  

(0.041) (0.034) (0.030) (0.031) (0.032) 

 

(0.024) (0.024) 

Teacher has a 

PhD - -0.237 -0.084 -0.086 -0.041 0.021 - -0.039 -0.038 

  

(0.157) (0.093) (0.070) (0.069) (0.082) 

 

(0.069) (0.069) 

Taught for 4-6 

Years - 0.091* 0.068* 0.042 0.047 0.018 - -0.023 -0.021 

  

(0.048) (0.041) (0.037) (0.037) (0.036) 

 

(0.032) (0.034) 

Taught for 7-9 

Years - 0.109** 0.102** 0.078** 0.088** 0.048 - 0.019 0.022 

  

(0.048) (0.041) (0.039) (0.039) (0.035) 

 

(0.030) (0.032) 

Taught for 10-

12 Years - 0.123** 0.089** 0.052 0.039 0.056* - 0.009 0.008 

  

(0.051) (0.044) (0.040) (0.042) (0.034) 

 

(0.030) (0.032) 

Taught for 13-

15 Years - 0.223*** 0.159*** 0.130*** 0.122*** 0.083** - 0.018 0.027 

  

(0.047) (0.040) (0.037) (0.037) (0.035) 

 

(0.031) (0.033) 

Taught for 16-

18 Years - 0.186*** 0.145*** 0.113*** 0.116*** 0.080** - 0.008 0.009 

  

(0.044) (0.038) (0.035) (0.036) (0.035) 

 

(0.030) (0.032) 

Taught for 19-

21 Years - 0.235*** 0.219*** 0.171*** 0.179*** 0.123*** - 0.004 0.010 

  

(0.052) (0.042) (0.040) (0.041) (0.037) 

 

(0.033) (0.035) 

Taught for 22-

24 Years - 0.183*** 0.170*** 0.127*** 0.154*** 0.097** - -0.020 -0.006 

  

(0.054) (0.047) (0.042) (0.042) (0.042) 

 

(0.037) (0.038) 

Taught for 25 or 

More Years - 0.173*** 0.179*** 0.155*** 0.159*** 0.087** - -0.008 0.002 

  

(0.047) (0.039) (0.036) (0.036) (0.036) 

 

(0.031) (0.033) 
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Teacher is 

Employed Full-

Time - 
-0.121* -0.123** -0.089* -0.075 -0.005 

- 
-0.049 -0.049 

  

(0.067) (0.054) (0.046) (0.047) (0.049) 

 

(0.048) (0.047) 

Class Size - 0.005** 0.006*** 0.005*** 0.007*** 0.021*** - -0.001 0.000 

  

(0.002) (0.002) (0.001) (0.002) (0.002) 

 

(0.001) (0.001) 

Percentage of 

Students in 

Class that are 

Limited English 

Proficient - 

-1.379*** -1.011*** -0.769*** -0.701*** -0.662*** 

- 

-0.189*** -0.182*** 

  

(0.156) (0.138) (0.137) (0.126) (0.127) 

 

(0.065) (0.070) 

Female - - -0.088*** -0.070*** -0.072*** -0.084*** - - - 

   

(0.014) (0.013) (0.014) (0.013) 

   Asian / Pacific - - -0.025 -0.012 -0.026 -0.028 - - - 

   

(0.037) (0.036) (0.036) (0.036) 

   Hispanic - - -0.423*** -0.203*** -0.153*** -0.152*** - - - 

   

(0.026) (0.026) (0.027) (0.026) 

   Black - - -0.596*** -0.439*** -0.379*** -0.373*** - - - 

   

(0.024) (0.023) (0.024) (0.024) 

   American 

Indian / 

Alaskan Native - - 
-0.504*** -0.387*** -0.322*** -0.282*** 

- - - 

   

(0.082) (0.077) (0.072) (0.069) 

   Previous Grades 

for Subject 

Mostly Bs - - 
-0.468*** -0.416*** -0.428*** -0.432*** 

- - 
-0.126*** 

   

(0.015) (0.015) (0.015) (0.015) 

  

(0.013) 

Previous Grades 

for Subject 

Mostly Cs - - 
-0.853*** -0.737*** -0.751*** -0.743*** 

- - 
-0.212*** 

   

(0.018) (0.018) (0.017) (0.018) 

  

(0.017) 

Previous  

Grades for 

Subject Mostly 

Ds - - 

-1.072*** -0.896*** -0.905*** -0.888*** 

- - 

-0.261*** 

   

(0.023) (0.023) (0.023) (0.022) 

  

(0.023) 
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Previous Grades 

for Subject 

Mostly Below 

Ds - - 

-1.237*** -1.042*** -1.052*** -1.027*** 

- - 

-0.296*** 

   

(0.032) (0.033) (0.033) (0.033) 

  

(0.034) 

English Spoken 

at Home - - - 0.119*** 0.101*** 0.113*** - - - 

    

(0.026) (0.027) (0.026) 

   Family Size - - - -0.026*** -0.024*** -0.022*** - - - 

    

(0.005) (0.005) (0.005) 

   Family Income 

$10,000-

$14,999 - - - 
0.104*** 0.100*** 0.074*** 

- - - 

    

(0.028) (0.029) (0.027) 

   Family Income 

$15,000-

$19,999 - - - 
0.121*** 0.105*** 0.087*** 

- - - 

    

(0.027) (0.029) (0.028) 

   Family Income 

$20,000-

$24,999 - - - 
0.158*** 0.145*** 0.113*** 

- - - 

    

(0.025) (0.025) (0.024) 

   Family Income 

$25,000-

$34,999 - - - 
0.237*** 0.205*** 0.185*** 

- - - 

    

(0.025) (0.026) (0.025) 

   Family Income 

$35,000-

$49,999 - - - 
0.260*** 0.228*** 0.196*** 

- - - 

    

(0.025) (0.026) (0.026) 

   Family Income 

$50,000-

$74,999 - - - 
0.256*** 0.208*** 0.165*** 

- - - 

    

(0.029) (0.030) (0.029) 

   Family Income 

$75,000-

$99,999 - - - 
0.315*** 0.272*** 0.192*** 

- - - 

    

(0.039) (0.042) (0.041) 
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Family Income 

$100,000-

$199,999 - - - 
0.366*** 0.279*** 0.216*** 

- - - 

    

(0.050) (0.052) (0.050) 

   Family Income 

$200,000 or 

more - - - 
0.381*** 0.313*** 0.177*** 

- - - 

    

(0.067) (0.068) (0.060) 

   Parent is a High 

School Grad - - - 0.121*** 0.114*** 0.068*** - - - 

    

(0.025) (0.025) (0.024) 

   Parent had 

Some College - - - 0.252*** 0.225*** 0.174*** - - - 

    

(0.023) (0.024) (0.024) 

   Parent is a 

College 

Graduate - - - 
0.501*** 0.461*** 0.360*** 

- - - 

    

(0.029) (0.031) (0.029) 

   Parent has a 

Master's - - - 0.708*** 0.672*** 0.544*** - - - 

    

(0.032) (0.033) (0.033) 

   Parent has a 

PhD - - - 0.739*** 0.716*** 0.571*** - - - 

    

(0.045) (0.044) (0.043) 

   Public School - - - - -0.103** - - - - 

     

(0.040) 

    School 

Enrolment 1-

199 Students - - - - 
0.010 

- - - - 

     

(0.077) 

    School 

Enrolment 200-

399 Students - - - - 
0.012 

- - - - 

     

(0.053) 

    School 

Enrolment 400-

599 Students - - - - 
-0.029 

- - - - 

     

(0.046) 
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School 

Enrolment 600-

799 Students - - - - 
-0.027 

- - - - 

     

(0.046) 

    School 

Enrolment 800-

999 Students - - - - 
-0.008 

- - - - 

     

(0.049) 

    School 

Enrolment 

1000-1199 

Students - - - - 

0.019 

- - - - 

     

(0.052) 

    Suburban 

School - - - - -0.002 - - - - 

     

(0.027) 

    Rural School - - - - 0.016 - - - - 

     

(0.033) 

    11-20% 

Minority 

Students in 

School - - - - 

0.022 

- - - - 

     

(0.037) 

    21-40% 

Minority 

Students in 

School - - - - 

0.013 

- - - - 

     

(0.028) 

    41-60% 

Minority 

Students in 

School - - - - 

-0.081** 

- - - - 

     

(0.041) 

    61-90% 

Minority 

Students in 

School - - - - 

-0.053 

- - - - 

     

(0.056) 
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91-100% 

Minority 

Students in 

School - - - - 

-0.067 

- - - - 

     

(0.052) 

    11-20% of 

School Students 

on Free Lunch - - - - 
0.002 

- - - - 

     

(0.029) 

    21-30% of 

School Students 

on Free Lunch - - - - 
-0.058 

- - - - 

     

(0.036) 

    31-50% of 

School Students 

on Free Lunch - - - - 
-0.107*** 

- - - - 

     

(0.036) 

    51-75% of 

School Students 

on Free Lunch - - - - 
-0.098** 

- - - - 

     

(0.053) 

    76-100% of 

School Students 

on Free Lunch - - - - 
-0.248*** 

- - - - 

     

(0.061) 

    26-50% 8th 

graders from 

Single Parent - - - - 
-0.035 

- - - - 

     

(0.023) 

    51-75% 8th 

graders from 

Single Parent - - - - 
0.009 

- - - - 

     

(0.053) 

    76-99% 8th 

graders from 

Single Parent - - - - 
0.065 

- - - - 

     

(0.046) 
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100% 8th 

graders from 

Single Parent - - - - 
-0.377*** 

- - - - 

     

(0.083) 

    Subject Fixed 

Effects 
Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          School Fixed 

Effects 
No No No No No Yes No No No 

          Observations 42,588 40,683 38,990 35,125 33,109 35,125 20,212 18,590 17,728 

R-Squared 0.000 0.038 0.233 0.296 0.305 0.384 0.000 0.003 0.019 

 
         Notes: NELS sample weights are used in all regressions. Standard errors in parentheses are cluster-robust standard errors that allow for correlation in individual error terms within schools. 

Teacher ethnicity may fall into 4 categories – Other race, Hispanic, Black, or White (with White as the base category). Teaching certification may fall into 4 categories – Standard, 

Probationary, Temporary, or None (with None as the base category). Teacher education may fall into 5 categories – Less than a bachelor’s degree, Bachelor’s degree, Master’s degree, 

Education specialist degree, or PhD (with Bachelor’s degree as the base category). Teacher experience may fall into 8 categories – less than 4 years, 4-6 years, 7-9 years, 10-12 years, 13-15 

years, 16-18 years, 19-21 years, 22-24 years, or 25 or more years (with less than 4 years as the base category). Student ethnicity may fall into 5 categories – Asian/Pacific, Hispanic, Black, 

American Indian/Alaskan native, or White (with White as the base category). Previous subject grades may fall into 5 categories – Mostly A, Mostly B, Mostly C, Mostly D, or Mostly 

below D (with Mostly A as the base category). Family income may fall into 10 categories – less than $10,000, $10,000-$14,999, $15,000-$19,999, $20,000-$24,999, $25,000-$34,999, 

$35,000-$49,999, $50,000-$74,999, $75,000-$99,999, $100,000-$199,999, or $200,000 or more (with less than $10,000 as the base category). Parental education may fall into 6 categories 

– Less than high school, High school graduate, Some college education, College graduate, Has a Master’s degree, or Has a PhD degree (with Less than high school as the base category). 

School enrolment may fall into 7 categories – 1-199, 200-399, 400-599, 600-799, 800-999, 1,000-1,199, or 1,200 or more (with 1,200 or more as the base category). School urbanicity may 

fall into 3 categories – Urban, Suburban, or Rural (with Urban as the base category). Percentage of minority in school may fall into 6 categories – 0-10%, 11-20%, 21-40%, 41-60%, 61-

90%, or 91-100% (with 0-10% as the base category). Percentage of school on free lunch may fall into 6 categories – 0-10%, 11-20%, 21-30%, 31-50%, 51-75%, or 76-100% (with 0-10% as 

the base category). Percentage of 8th graders from a single parent family may fall into 5 categories – 0-25%, 26-50%, 51-75%, 76-99%, or 100% (with 0-25% as the base category).  

Teacher nativity, Teacher gender, Whether teacher is employed full-time, Student gender, Whether English is spoken in the student’s home, and Whether student’s school is public are 

represented by dichotomous variables. Class size, Percentage of LEP students in class, and family size are continuous variables. *** p-value<0.01, ** p-value<0.05, * p-value<0.1. 
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Appendix Table A3: Immigrant Teachers by Subject and Ethnicity 

 Science Math Social Studies English 

Students with White 

Teachers 

145 182 173 248 

Students with Black Teachers 

 

5 3 2 0 

Students with Hispanic 

Teachers 

144 204 106 205 

Students with Other Race 

Teachers 

34 94 39 14 

Students with Teachers that 

omit reporting their Race 

2 16 0 2 

Total Number of Students 

with Immigrant Teachers 

330 499 320 469 

 

Note: Data from the National Education Longitudinal Study of 1988. 

 


