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ABSTRACT

Optimal investment in human capital through effective K-12 schooling is critical

for building a productive work force. This investment is particularly important for

minority and low income students. My dissertation uses econometric techniques to

analyze the effects of different educational programs on the academic achievement

of elementary and middle school students in Arizona. The first essay evaluates the

effect of Arizona’s new English program, the 4-hour ELD block, on the achievement

of students. In the 2008-2009 academic year, Arizona law required that English Lan-

guage Learner (ELL) students to be separated from their native English-speaking

peers and interact in the same classroom for 4-hour per day with other ELL students.

In this study dynamic panel data methods and regression discontinuity design are

employed to analyze the effect of the 4-hour ELD block program on the academic

achievement of students. Using data from one school district during the school years

2006 to 2010, this study shows that this new program did not have a notable effect

on the state-wide test scores of ELL students. The second essay assesses the long-

run and short-run effects of Teacher Incentive Fund (TIF) program in Arizona. The

TIF program is a nationwide performance-based compensation plan that provides

incentives to teachers based on the student performance. The TIF program started

in Arizona in the 2007-2008 school year and targets high need schools. Using a panel

data set from 2006-2007 to 2010-11 school year, the effect of the TIF program on

the achievement of students is estimated using the difference-in-difference method.

Comparing the short-run and long run effect of this program indicates that the long-

run effect is greater than that of the short-run. Finally, by utilizing a rich set of

panel data from 2006-2007 to 2010-2011 school years, the third essay studies the raw

and value-added achievement gap between first and second-generation students with

native students. This study shows that native students outperform both groups of

immigrant students in reading and math tests. Within immigrant students, second-

generation students outperform first-generation students in reading but not in math,
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while the achievement growth of the second-generation students has a slower pace.



14

CHAPTER 1

THE IMPACT OF ARIZONA’S NEW ENGLISH PROGRAM ON THE

ACADEMIC ACHIEVEMENT OF ENGLISH LANGUAGE LEARNER

STUDENTS

1.1 Introduction

Between the 1980s and the mid 2000s, the proportion of immigrants arriving from

non-English speaking countries to the U.S. dramatically increased, stimulating

economists’ interest in the assimilation of immigrants to the host society. Since

then, the study of the determinants and consequences of language proficiency in the

labor market have attracted the attention of economists. Language skills are viewed

as a form of human capital because they are embodied in the person, acquiring

them is costly, and they result in productivity in the labor market and consumption

activities. Previous studies (Kossoudji (1988); Chiswick and Milller (1995), (2002);

Chiswick (1998), (2009); Leslie and Lindley (2001)) indicate that fluency in the

language skills of the destination country is positively associated with higher earn-

ings in the labor market. The positive association can be a consequence of easier

access to high-paying jobs in the labor market or making a minority worker more

productive in the competitive work force.

Economists even go further and extend this literature to the economics of educa-

tion. In this area, studies (e.g. Stiefel et.al. (2010); Conger et.al. (2007); Schwartz

and Stiefel (2006); Chiswick and Miller (2008); Chiswick and DebBurman (2004))

mostly focus on the gap between the academic achievement of immigrants and native

students, and the payoff to schooling and educational attainment of immigrants. Be-

cause English skills are considered as a form of human capital, public schools across

the U.S. employ various programs to enhance language skills of diverse categories of

immigrant students. In the 2009-10 school year, 9.5% of K-12 students in the U.S.
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were categorized as students with limited English proficiency or English language

learners (ELLs).1 Both foreign-born and native-born children of immigrants can be

categorized as ELL if they lack proficiency in English. In the U.S., ELLs are the

fastest growing group of students, of which 80% speak Spanish.2 Since attaining

English proficiency is crucial for ELLs to stand on the same level as their English

speaking peers and to compete with them in school and in the labor market, various

instructional arrangements and legislative decisions regarding U.S. English language

education were put in place in the last 40 years. In spite of the existence of various

nationwide programs for ELL students in schools, a gap between the achievement

of ELL students and non-ELLs still exists.

Implementation of successful programs for improving immigrants’ language profi-

ciency is important for economic growth and social prosperity. This paper evaluates

the effectiveness of language programs in Arizona for K-12 students who lack English

language skills by analyzing the academic achievement of these students following

implementation of a new program. Specifically, this study evaluates the effective-

ness of the program from two perspectives: 1) if the achievement gap between ELL

students and non-ELLs has changed, and to what extent the change was a result of

implementation of this new program and 2) to what extent the new program has

improved the achievement of ELL students in the new program compared to the

achievement of ELL students in the previous English program. In accordance with

this new program, in the academic year of 2008-09, Arizona’s schools were required

to adopt a minimum of four hours per day of English Language Development (ELD)

during the first year that a pupil is classified as an ELL. Before implementation of

this new policy, ELL students were receiving assistance from the Structural En-

glish Immersion (SEI) programs, which were offered at the school level. Following

establishment of the new law in Arizona, ELL students have been separated from

their native English-speaking and English-proficient peers (non-ELLs) and have in-

teracted in the same classroom for much of the school day with students who also

1Access at http://www.eddataexpress.ed.gov/state-report.cfm/state/US/on 9/20/2012
2Gandara et.al.(2010)

http://www.eddataexpress.ed.gov/state-report.cfm/state/US
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have limited proficiency in English. The goal of this legislation is that the ELL

students learn English within a year, catch up with others, and also be academically

successful. Implementing the new law in Arizona raises some concerns regarding

equal educational opportunity and access to English.

In this paper, I use student level data from Arizona’s public schools for 2006-

07 to 2009-2010 school years with novel empirical methods, a dynamic panel data

model and a regression discontinuity design. This is the first empirical study to

assess the effect of English programs implemented in the state of Arizona on the

achievement of students. It will build on previous descriptive and qualitative studies

(e.g. Lillie et.al. (2010); Rios-Aguilar et.al. (2010); Garcia (2010)) in this area. The

state of Arizona and four other states (California, Florida, New York and Texas),

educate approximately 70% of ELL students in the country.3 In 2009-10, 7.8% of

students in Arizona (84,700 students) were enrolled in schools as ELL students.

Student demographics in Arizona shows that after white students (44.1%), Hispanic

students (41.4%) are the second largest population in the state in the 2009-10 school

year.4

Using dynamic panel data models, this paper compares changes in the achieve-

ment of ELL students with the achievement of their counterparts who are proficient

in English. The results of this comparison show that the achievement of ELL stu-

dents in the math test has increased by one percent and their achievement in the

reading test did not change as a result of implementing this policy. Therefore, the

gap between the achievement of ELL and non-ELL students in the math test de-

creased; whereas, the gap between achievement of ELL and non-ELL students in

the reading test remains the same. In addition, the results suggest no heterogeneity

between different genders and different levels of schooling in response to the pol-

icy. Furthermore, this paper compares the academic achievement of ELL students

3 National Education Association policy brief, access at http://www.nea.org/assets/docs/

PB32_ELL11.pdf on 9/20/2012
4Access at http://www.eddataexpress.ed.gov/statereport.cfm?state=AZ&submit.x=

18&submit.y=10 on 9/20/2012

 http://www.nea.org/assets/docs/PB32_ELL11.pdf
 http://www.nea.org/assets/docs/PB32_ELL11.pdf
 http://www.eddataexpress.ed.gov/statereport.cfm?state=AZ&submit.x=18&submit.y=10
 http://www.eddataexpress.ed.gov/statereport.cfm?state=AZ&submit.x=18&submit.y=10
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who participated in the ELD-block and the SEI program using a fuzzy regression

discontinuity design. This comparison does not indicate a difference between the

achievements of ELL students in the two programs. To check for the robustness of

these results, different groups of ELL students are compared based on their previ-

ous background in English language proficiency to confirm the findings regarding

the success of the two ELL programs. The results of these analyses conclude that

the ELD-block program has not made a notable difference in the achievement of

ELL students.

1.2 Background

ELL refers to the student whose native language is not English and who is not

proficient enough in English to take full advantage of the academic curricula. In

1968, the Bilingual Education Act allocated funds to support the learning of ELLs

and recognized difficulties that ELLs encounter. This Act was amended over the

years until it was replaced by the Title III of No Child Left Behind legislation, the

Language Instruction for Limited English Proficient and Immigrant Students, in

2002. The goals of this Act are to ensure that students with limited proficiency

in English master English and succeed in core academic subjects. Furthermore,

developing high quality language instruction for ELLs is another purpose of this act.

Following enactment of this Act, 28 states approved English-only laws to educate

ELLs in schools. However, there is no evidence (Parrish, T. B., Merickel, A., Perez,

M., Linquanti, R., Socias, M., Spain, A., et al. (2006)) that shows these English-only

language programs offer any improvement in the ELLs’ performance.

All schools across the U.S. provide some assistance for the ELL students under

various programs that mainly are designed through the Department of Education in

their states. The state of Arizona has provided different types of programs for ELLs

over decades. Prior to 2000, school districts in Arizona provided a bilingual program

for the non-proficient students in English. This type of program had been selected

directly by Arizona school districts for K-12 students. In 2000 the state failed to
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provide adequate funding for ELL students. As a result of passing Proposition 203

on behalf of ELL students, the SEI model was mandated in Arizona. The program in

which students are identified as ELLs is called Structural English Immersion (SEI).

In contrast with the bilingual program, the SEI provides assistance for ELL stu-

dents in an English-only environment. Under this law, the components of the SEI

instruction were broadly defined as “nearly all instruction is to be in English with a

minimal amount of native language instruction”5. At the time, along with Arizona,

California and Massachusetts were the only states that adopted this restrictive law.

After the passage of Proposition 203, all the school districts and charter schools

in the state were required to implement the SEI model. Since 2004 Arizona’s dis-

tricts and charter schools have relied on state-defined proficiency standards. Various

versions of the SEI program were provided by school districts and charter schools

based on size, location, number and proportion of ELL students and percentage of

ELL students reclassified as English proficient. In 2006, the ELL Task Force was

established to develop and adopt research-based models of SEI programs for use by

school districts and charter schools. The models were limited to programs for ELLs

participating in a SEI program for no longer than one year. The 4-hour ELD block

model was created by this Task Force, along with the Arizona Revised Statutes

15-756.01, which required ELL students to receive English Language Development

(ELD)6 services in the first year that they are classified as an ELL for at least 4

hours per day. This new model was adopted in September 2007 and implemented

in the fall of 2008-09 school year. The idea behind this model is for ELLs to achieve

proficiency in English and catch up with their peers very quickly (within a year) in

an English environment and succeed academically.

Since the implementation of the 4-hour ELD block, the Arizona Educational

Equity Project under the aegis of the Civil Rights Project at UCLA has been estab-

lished to study different aspects of the 4-hour ELD program. Twenty one researchers

5Arizona Department of Education, 2010
6 English Language Development (ELD) refers to the teaching of English language skills such

as reading, writing, listening and speaking for students who are in the process of learning English.
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from research universities joined to conduct nine studies on the condition of ELL

students in Arizona. Almost all of these scholars are active in the field of Educa-

tion. These scholars have questioned Arizona’s policy of segregating ELD students

for four hours per day to see if the current educational policy is fair to all students.

Interestingly, these researchers indicate that ELL students did not gain proficiency

in English in one year and also that they are still behind their English speaking

peers. While most of these studies have used data to analyze the effectiveness of

this policy, to my knowledge there is no economic study using an empirical model

to assess the effect of this policy. In the present paper, a dynamic panel model

and a regression discontinuity design are used to identify the effect of this policy on

student achievement.

According to the law of “No Child Left Behind,” each state has a standard

approach to assess the proficiency of ELL students. In contrast to other states,

school districts in Arizona are required to use a comprehensive test for program

entry, exit and monitoring to determine the proficiency of K-12 students whose pri-

mary home language is not English. To measure the proficiency of students’ English

language, the Arizona Department of Education (ADE) uses the “Arizona English

Language Learners Assessment” (AZELLA). This test is an augmented version of

the Stanford English Language proficiency test developed by Pearson and ADE.

According to the different levels of schooling, there are five levels of assessment for

this test: Pre-literacy, Primary, Elementary, Middle Grades and High School.7 The

Pre-literacy level contains four subtests of listening, speaking, pre-reading and pre-

writing. Other levels contain five subtests, which are listening, speaking, reading

and writing. Using AZELLA results, it is possible to categorize students according

to the level of their English language proficiency into five groups: pre-emergent,

emergent, basic, intermediate and proficient. Students whose test scores are higher

or equal to the proficient cut off score would attend the mainstream classes. Oth-

7Pre-literacy: kindergarten; primary: first and second grades; Elementary: third, fourth and

fifth grades; Middle Grades: sixth, seventh and eighth grades and High school: ninth, tenth,

eleventh and twelfth grades.
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erwise, they would be eligible for English support services. In 2009-10 School year,

the AZELLA test was slightly changed; but it is based on the same standard setting

as the previous version, and the cut off scores also are equated to the previous one8.

The scaled scores of this test are in the range of 300 to 900.

Originally, the State Board of Education (SBE) implemented the “Arizona In-

strument to Measure Standards”(AIMS) test in 1996 to measure the academic

achievement of students. Students in grades 3 through 8 and 10 are required to

take this test every year and it is a requirement for graduation from high school.

Thus, students in grades 11 and 12 who did not pass the high school AIMS test the

first time, have to re-take the test. The class of 2006 is the first required to pass the

AIMS as a graduation requirement. This test includes math, reading, writing and

science sections and usually is taken in the spring of each academic year.9 However,

high school students need to pass all of the tests to graduate. Elementary students

would not be held back if they fail the exam. All of the students including ELLs

are required to take this test.

In the current study, I focus on a single school district in Arizona. Before im-

plementing the new policy, the district policy was to have a minimum of 1/2 hour

of ELD time and then students were mixed for content area instruction. There was

variation in the implementation of the program and in the use of the adopted in-

structional materials in different schools. After implementing the 4-hour ELD block,

students are identified as ELL if the school indicates that the primary language of

the student is not English through the home language survey10 and also if his/her

AZELLA test score is less than a cut off score. Such students receive 4 hours of

English Language Development where they practice skills in oral communication,

reading, writing and grammar. ELLs participate in subject area classes including

math, science, social studies and elective or specialist classes. Teachers of these

classes are trained to help students to learn the concepts of class while practicing

8AZELLA form AZ-2 Technical Report, p.47
9The science AIMS test is only taken in grades four and eight.

10According to the study by Goldenberg et.al (2010), the home language surveys identify too

few students.
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language skills. ELLs should stay in these classes to reach proficiency in English

for not more than one year. If they do not reach proficiency they will continue in

this program. Students who reach proficiency after a year are classified as proficient

and placed in the mainstream classes. Schools usually monitor these re-classified

students to see if they have any difficulty with classes. On the other hand, students

who do not receive a proficient score after participating in the ELD program have

three options. Their parents may choose to have their child: 1) participate in an

ELD program again, 2) participate in mainstream classes but receive instruction

in an extended day, Saturday school and summer school, or 3) refuse replacement

and continue in mainstream classes. Consider that in the second option, outside the

school day programs are focused on developing English skills of students.

1.3 Data analysis

The whole data set includes information on 16,676 kindergarten and K-12 students

from 2006-07 to 2009-10 fiscal years in the school district examined in this study.11

The school district is located in an area with a large number of Spanish language

students. Most of the students in this district are from poor families. The data

come directly from the administrator of the school district. AIMS test results were

not reported in the current data set for high school students. Therefore, high school

students are excluded from the data set. Since this test is taken when the student

is in the 3rd grade and afterwards, first and second graders are eliminated from

the sample. Elementary and middle-school students whose information is available

for the academic years of 2006-07, 2007-08, 2008-09 and 2009-10 are considered

in this analysis. The 4-hour ELD block policy was implemented in the 2008-09

academic year and all of the schools in this district implemented this policy. The

AIMS writing test has been changed significantly over the years of the sample and

thus scores are not comparable over time. Therefore, AIMS writing test scores are

11The data set includes 33,351 student IDs, but some of them are repeated during the period of

study.
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excluded from the sample. Moreover, the content and cut scores of the AIMS math

test changed in 2009-10 school year. To make the scores of this test comparable

over the years of the sample, the test scores are re-scaled using the new cut scores.

The data set contains information on 2,548 students two years before and after the

policy was implemented. In other words, I use person-id of students to keep track

of them over the years. There are 10,192 observations available for four years after

dropping students who do not have AIMS test results. The gender, age, race and

ethnicity, school name, AZELLA test scores, math and reading AIMS scores for

each student are reported in the data set. Also the data set reports if an individual

is an ELL student. According to the data set, 90% of students in this district are

Hispanic, 4.1% are American-Indian, 3.6% are White, 1.2% are Black and Asians

are negligible.

According to the results of the difference-in-means test, with the null hypothesis

of an equal mean of AIMS test scores of ELL and non-ELL students, the non-ELL

students performed significantly better than ELL students in their AIMS test both

before and after the policy. In general, the AIMS reading and math scores of both

ELLs and non-ELLs have significantly increased over time. The kernel density of

scores over the years of the sample and the time trend of average scores of ELLs

and non-ELLs are shown in figures 1 and 2. Comparing tests scores of ELLs and

non-ELLs before and after policy implementation indicates that on average the gap

between the reading test scores of these two groups increased after the policy was

implemented, the same gap for the math test scores did not change. According to

panel (b) of figures 1 and 2, average math scores of non-ELL students in the last

year of the sample increased with a decreasing rate; but the reading scores of non-

ELLs has an increasing trend. Narrowing down the comparison between different

genders indicates that the gap between ELL and non-ELL females’ test scores after

implementation of the policy is slightly larger than that of males.

Table 1 provides summary statistics for the data. As shown in this table, the

number of ELL students in the sample decreased and the number of non-ELLs in-

creased. Comparison between ELL and non-ELL groups prior to the policy indicates
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that the number of female students among non-ELL students is significantly higher

than the number of female students in the ELL group. As expected, the number of

Hispanic students in the ELL group is higher than among non-ELLs and the number

of White students in the non-ELL group is higher. The numbers of American Indian

and Black students in the non-ELL group are greater than in the ELL group, but

there is no significant difference among Asian students in the two groups. The av-

erage age of students in the two groups is almost the same. The results of student’s

t-tests between these two groups prior to the program are reported in the appendix.

Consider that one of the most important determinants of being an ELL student

is that the AZELLA test score is lower than the proficient level. In the data set,

some students with AZELLA scores above the cutoff score are still classified as ELL

and some students with AZELLA scores below the cutoff score are not classified as

ELL. Table 2 indicates the number of ELL students per grade. Because the data set

is balanced, students in lower grades (grades 3, 4 and 5) are mostly concentrated

in the first three years of the sample and higher grade students (grades 6, 7, 8)

are concentrated in the last two years of the sample. In the data set, none of the

third graders are in the 4-hour ELD block and none of the 7th and 8th graders

participated in the SEI program. The numbers in the table show the percentage of

ELLs per grade in each year. For instance, there are 1,677 fourth graders in the

sample; In 2006-07, 2007-08 and 2008-09, respectively 22%, 22% and 33% of fourth

graders were distinguished as an ELL. There are no fourth graders in the 2009-10

school year in the sample.

1.4 Different Types of ELL Students

In terms of being in the ELL group, students can be divided into 8 groups as shown

in Table 3. Consider that before 2009, all ELL students were in the SEI program

and since 2009 they participated in the 4-hour ELD block. For instance, one can be

in the ELL group for the first two years and then become proficient in English in

the following years (Type III). Such a student had participated in the SEI program
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but not in the 4-hour ELD block. Percentages of students in each group and also

percentages of ELL students per year are indicated in the table. Because the data

set is balanced, the percentage of students in the ELL group declines over years. As

all of the students are in the sample for four years, students would be expected to be

categorized as ELL students in the first years of the sample and then become non-

ELL students as they become proficient in the last years of the sample. However,

this sample includes students who were not considered as an ELL in 2007, but they

participated in the SEI program the year after (Type VI, VII and VIII). The data

indicate that some of the students in these categories did not take an AZELLA

test in the first year of the data set. Other students in these categories took the

test and passed the proficiency level in the first year but did not pass the test in

the following years. One possible explanation for this unexpected pattern is that

students are proficient enough in some English language skills and passed the test

in the first year, but they lacked some other English skills, which prevented them

from consistently passing the test in the following years. An alternative explanation

pertains to the conditions of student attendance in the SEI program, which partly

depends on the parent’s decision. If parents decided not to send their children to

these classes, the students would not participate in the SEI.

To capture the association of different ELL groups with student performance in

Math and Reading, indicator variables are defined for each group. These indicator

variables are included in the value added model, which will be discussed thoroughly

in the next section. Fixed effects estimation sweeps away the coefficients of interest,

i.e. the coefficients on the different ELL types. Therefore, to account for unobserved

heterogeneity and to capture the coefficients of interests, the model is estimated by

using random effects and the results are reported in Table 4. According to these

results, students who are proficient in English on average have higher scores in both

math and reading tests. Moreover, students who are in the ELL group in 2007

and will be proficient in years after, i.e. type II, still perform better in both tests

than their peers in other ELL groups. Being in other ELL categories is negatively

associated with the math and reading test scores. These students perform similarly
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to each other.

1.5 Estimating the Impact of 4-hour ELD Block

1.5.1 Comparison between ELL students and Non-ELLs using the Autoregressive

Panel Model

The case study of this paper is a natural experiment from implementing the 4-hour

ELD block policy by the school district in the 2008-09 school year. This policy

mainly targets students whose levels of proficiency in English are low. The data

set includes students’ information at four points in time: the 2006-07 and 2007-

08 academic years, which are the pre-policy years, and the 2008-09 and 2009-10

academic years, which are post-policy years. In the special case of this paper, since

the data set includes one school district, almost all of the students have the same

socioeconomic status. This circumstance tends to minimize the potential omitted

variable bias. Students are divided into ELL and non-ELL. According to previous

studies, there is always a gap between the AIMS test scores of ELL and non-ELL

students. To check for the existence of a systematic difference between these groups,

t-tests have been performed to determine if there is a significant difference among

the test scores prior to the policy. Results of this test indicate that test scores of

ELL students are significantly lower than their English-speaking peers.

To examine the effect of the 4-hour ELD block, while controlling for different

types of ELL students and other influences, the educational production functions of

the following form will be estimated:

ln(Sijt) = β1ln(Sijt−1) +Xitβ2 + γEYit + δi + δj + εijt (1.1)

Where Sijt and Sijt−1 denote the AIMS score for student i at the end of year t

and t − 1. Since the performance of students is correlated over time, the model

contains the lagged dependent variable and it is a proxy for historical educational

input. Notice that the logarithmic specification of scores yields direct estimation of

the percentage change in the test scores. The vector Xit includes age, age squared, a
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time trend and ELL types. These covariates are included in the model to capture dif-

ferences among ELL and non-ELL students. The time trend captures the changes in

tests over the years. EYit is a policy variable that takes on the value one for students

who are participating in the block after implementing 4-hour ELD block program

and takes zero, otherwise. Therefore, γ is the coefficient of interest that captures the

effect of policy implementation. δj is the school fixed effect that controls for all time

invariant school heterogeneity. δi is the student fixed effect that captures unobserved

individual heterogeneity such as family background and the level of student ability

and εit is an idiosyncratic error. The presence of student and school fixed effects

controls for the potential problem of omitted variables bias. A Wooldridge panel

data test was used to check for serial correlation in the idiosyncratic error terms.

The test results for all test scores reveal serial correlation in the error terms. Also,

the Hausman test for consistency of random effects vs. fixed effects shows that

there is correlation between idiosyncratic errors and regressors. In the dynamic

panel data models, since the unobserved individual-level effects are correlated with

the lagged dependent variable, regular estimated coefficients from either fixed or

random effect estimations are inconsistent. Therefore, by using the Arellano-Bond

(1991) or the Arellano-Bover/Blundle-Bond (1995, 1998) GMM procedures coeffi-

cients can be estimated consistently. In addition because the idiosyncratic errors are

serially correlated, the Arellano-Bond estimator is not appropriate. Therefore, the

coefficients are estimated using the Arellano-Bover/Blundle-Bond method. To this

end, a regression based on moment conditions was run for the first difference of the

model with lags of each covariate used as a GMM-type instrument. Lag three and

higher are used as valid GMM instruments for the score variable in the differenced

equation. The model is separately estimated for each test score. Furthermore, to

see if there is gender heterogeneity in the effects of this policy, I estimated the model

separately for female students and male students.

According to the estimated results in the top panel of Table 5, the coefficient

for EY at 0.0094 shows that the performance of ELL students in the math test is

approximately improved by 1% and the coefficient of -0.0064 for the reading test in
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Table 5 implies that the ELL’s performance in the reading test is decreased by 0.7%

as a result of the policy change, all else equal. In other words, on average math

scores of ELL students increased about 5.5 points and reading scores of students

decreased about 3.8 points, although the latter change is not statistically significant.

These small changes in the scores disappeared when the model is estimated sepa-

rately by gender. Furthermore, to see if there is heterogeneity in the impact of the

policy according to different levels of schooling, I estimated the model separately

for elementary and middle school students. The results in lower panels of Table 5

show that the coefficient of interest is larger at the elementary school level; However,

this coefficient is statistically insignificant for both elementary and middle school

students.

The coefficient on the lagged dependent variable in all estimated equations is

positive. The positive coefficient indicates that the performance of students is di-

rectly related to their previous performance. This coefficient is between zero and

one, which shows convergence of each score over time. The coefficients on age and

age-squared show that older students usually do better in the test compared to

younger ones; but the difference diminishes with age.

The number of GMM-type instruments are reported in Table 5. In these equa-

tions the instruments are used in the level equations for all of the right hand side

variables except for lagged score. The first lags of differences are used as instruments

for covariates. On the other hand, lags three and higher are used as instruments for

the dependent variables in the difference equations.

1.5.2 Comparison between different groups of Language learners using Regression

Discontinuity Design

Recently, Regression Discontinuity Design (RDD) methods have been used in pro-

gram evaluation studies (e.g. Ludwig and Miller (2007); Lalive (2008); Owen (2008)

). Some theoretical papers (Lee and Lemieux (2009); Lee and Munk (2008); Nichols

(2007); Imbens and Lemieux (2008)) have studied challenges in the regression dis-

continuity design, which are helpful in better understanding this model. As the
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governing rule for participating in the ELD program creates discontinuity in the

treatment assignment, it is possible to conduct the RDD for this case study. This

section of the paper studies the difference between the AIMS scores of ELL students

who participated in the ELD classes and the AIMS test scores of ELL students who

had been provided with instructional services (SEI) prior to the implementation of

the ELD block. To identify this casual effect, the 4-hour ELD block is used as a

treatment and the AZELLA test score is taken as an assignment variable. Notice

that the proficiency of students in English is determined through AZELLA test

scores. If student scores in the AZELLA test are higher than the cutoff score, they

are distinguished as proficient and do not need to participate in the ELD classes.

Because the proficient cutoff scores vary over the grades, to make them comparable,

the cutoff scores are normalized to zero. In other words, the assignment variable

(normalized AZELLA scores) has a cutoff at zero.

The data set includes information on students who participated at least once

in one of the programs for ELL students.12 The treatment and control groups are

defined conditional on the students’ situation before implementing the new English

program. Students who did not attend the 4-hour ELD block (type II, type III

and type VIII) are taken as a control group and other ELL students served as a

treatment group.13 The descriptive statistics are shown in Table 6. The average

AIMS and AZELLA test scores of students in the treatment group are lower than

their counterparts in the control group. In terms of race and ethnicity, both groups

have similar combinations of students. The percentage of male students is higher

than female students in both groups. Overall, except for the test scores, other

characteristics of treatment and control groups are similar to each other.

In the framework of this study, identification of the treatment effect comes from

a discontinuity in conditional probability of treatment assignment at the cutoff of

12Type I students are excluded from the sample. There are 4,691 observations in the data set.

I also run the analysis for the balanced data set and the results are the same.
13To check for the robustness of the results, different treatment and control groups are defined

conditional on the pre-proficiency of students. The results are reported in the appendix and they

confirm the result in the paper.
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the AZELLA score. The first step to showing the validity of this identification is

to check whether there is a discontinuity at the cutoff score of the AZELLA test

in the treatment variable. Let ti be a treatment variable that takes on value one

if a student attends the 4-hour ELD block and takes value zero, otherwise. Panel

(a) of Figure 3 illustrates such discontinuity at the cutoff score of AZELLA test.

Moreover, the results from estimating the linear probability model that regresses

the treatment variable on the AZELLA scores and other covariates confirm that

there is a discontinuity in the treatment.14 In addition, covariates do not have

discontinuity at the AZELLA cutoff score suggesting that the test measure is the

only one that displays discontinuity. In the setting of this paper, the treatment

assignment mechanism depends on two factors: the value of the observed AZELLA

test score and parental decisions. In other words, students are chosen to be in the

ELD program if their AZELLA test scores are less than the proficient score and also

their parents agree to their children’s participation in the ELD program. Therefore,

treatment is partly determined by the assignment variable and partly depends on the

parents’ decision, which is unobserved by the researcher. As treatment assignment

is not a deterministic function of the assignment variable, the model is referred to

as a “fuzzy” regression discontinuity design. As a result of such miss-assignment,

there are students in the data set who passed the AZELLA test but did not attend

the ELD classes, and there are students who did not pass the test but did attend

the ELD classes. Such miss-assignment is also indicated in panel (a) of Figure 3.

The focus of RDD estimation is to estimate the discontinuity in the AIMS test

scores of ELL students at the cutoff of the AZELLA score. To this end, the kernel-

weighted local linear estimates are obtained by:

argmin(α, βti, τ)
N∑
i=1

[Si − α− βti − γ(AZELLAi − AZELLA0)−

τti(AZELLAi − AZELLA0)− νi]2kh(AZELLAi − AZELLA0) (1.2)

14The estimation results are available upon request.
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Where t refers to the treatment group, S is an AIMS test score, AZELLA is

an AZELLA test score, AZELLA0 indicates a cutoff score, kh indicates the kernel

with bandwidth of h and νi is an error term. The parameter τ measures the average

casual effect of the ELD program on the AIMS test scores at the cutoff score of

AZELLA. γ and β capture the direct effects of AZELLA scores on the average

AIMS test scores. In the polynomial model the (AZELLAi − AZELLA0) term is

raised to the power of polynomial order. The treatment effect can be identified at

the cutoff point as follows:

τ =
limAZELLA↓AZELLA0E[S|AZELLA]− limAZELLA↑AZELLA0E[S|AZELLA])

limAZELLA↓AZELLA0E[t|AZELLA]− limAZELLA↑AZELLA0E[t|AZELLA]
(1.3)

The estimator for this effect is HTVs15 local Wald estimator when I use a kernel

regression models on both sides of the cutoff score. Table 7 illustrates the results

for estimation of the discontinuity for two dependent variables, math and reading

scores. The discontinuity in the math score is shown in the second panel of Figure 3.

The optimal choice of bandwidth can be derived from the method given by Imbens

and Kalyanaraman (2009) to minimize mean squared error (MSE). But since our

regression discontinuity design is fuzzy, the bandwidth is larger than what they

estimate. The optimal bandwidth using Imbens and Kalyanaraman method for

these observations is about 2 points, which is too small and does not include enough

observations to run the regression around the cutoff point. Therefore, the closest

bandwidth to the optimal ones is chosen such that enough observations exist to run

a local regression. In addition, other bandwidths (multiples of 1.5 and 2) are chosen

to check for robustness. Table 7 reports on different polynomial orders and on two

different types of Kernel density to check for robustness. To estimate a casual effect

of the treatment on the achievement of students, the local polynomial regression on

both sides of the cutoff score is used.

The results from estimation of the discontinuity in the math score are shown in

panel A of Table 7. The first column reports the estimated causal effect of the ELD

15Hahn, Todd and Van der Klaauw (2001)
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program on the natural logarithm of AIMS math score. The polynomial order of

zero refers to the local mean smoothing. Other columns show the estimated impact

of the policy but with different polynomial orders, different bandwidth choices, and

also different Kernel types. Basically, in the polynomial local regression using the

kernel, observations that are closer to the cutoff score of AZELLA gain more weight

compared with other observations. In columns 5 and 6, the uniform Kernel is used to

weight the observations. Although, the uniform Kernel is easier to use, the triangle

Kernel has better properties at the boundaries.16 The second panel of Table 7 shows

the estimated causal effect of ELD program on the AIMS reading scores. Because

a local regression is considered in the RDD, the results in the smaller bandwidth

are more reliable. Consider that none of the estimated coefficients are statistically

significant but all of them have negative signs. Thus, on average the performance

of students who participated in the 4-hour ELD block program was lower than

ELL students who participated in the SEI program; however, this difference is not

statistically significant. In other words, there is no evidence that shows that students

in the 4-hour ELD block perform notably poorer compared with their counterparts

who participated in the SEI program.

1.6 Conclusion

In this study, using student level data from a school district in Arizona, I estimate

the effect of the 4-hour ELD block policy on the academic achievement of elementary

and middle school students. To assess the effect of this policy, this paper addresses

two questions using two different methodologies: an autoregressive panel model and

a RD design. Using the Arellano-Bover/Blundle-Bond estimator, the results show

that this state policy is positively associated with the ELL’s AIMS math scores, but

it is not associated with the AIMS reading scores of elementary and middle school

students, everything else equal. The program appears to increase the math scores

16However, Nichols (2007) believes the triangle kernel is suitable in the RD context. Lee and

Lemieux (2009) mention that the choice of kernel has a little impact in practice.
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of students who participated in the ELD block by 1.4-5.6 points compared to non-

participants.17 The program did not have a significant effect on the reading scores

of students. There is no significant difference between the performance of male and

female students as a result of this policy.

The main reason for implementing this policy is to help ELL students catch up to

their non-ELL peers. But it seems that the policy only helps ELL students to achieve

higher scores in math but not in reading. When the samples are disaggregated

by elementary and middle school, the estimated results do not show heterogeneity

between the performance of students in these two levels.

In the second part of the paper, the comparison between the ELL students who

attend the 4-hour ELD block classes with those who had attended the SEI program

is conducted. However, the results from said comparison show no statistically

significant difference. It appears that on average students who participated in the

ELD program did not necessarily perform better than their peers who participated

in the previous program. As a caveat, it is worth noting that this study uses

data from only a single school district. The effect of this policy may differ in

other school districts because of differing geographical and socioeconomic conditions.

17Non-participants include those who either pass the AZELLA test or either native students

that attend in mainstream classes.
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Table 1.1: Summary Statistics for Elementary and Middle School Students

2006-08 2008-10
ELL Non-ELL ELL Non-ELL

AIMS Math Score 334.46 383.88 358.32 408.13
(39.0272) (49.8836) (57.7710) (72.4113)

AIMS Reading Score 426.082 481.50 440.94 505.59
(32.6163) (41.5644) (28.4031) (42.8601)

AZELLA Test Scores 646.53 691.60* 663.79 706.65*
(31.4232) (22.2973) (27.3494) (41.5126)

Race and Ethnicity:
Hispanic 0.9680 0.8885 0.9753 0.8999

(0.1759) (0.3147) (0.1551) (0.3000)

White 0.0034 0.0452 0 0.0391
(0.0586) (0.2077) (0) (0.1939)

Black 0 0.0162 0 0.0137
(0) (0.1264) (0) (0.1165)

American-Indian 0.0267 0.0464 0.0246 0.0436
(0.1614) (0.2105) (0.1551) (0.2043)

Asian 0.0017 0.0035 0 0.0034
(0.0415) (0.0595) (0) (0.0585)

Age 9.6105 9.6130 11.7136 11.6012
(1.0966) (0.9968) (1.0728) (1.0164)

Gender:
Male 0.6044 0.4616 0.6442 0.4796

(0.4891) (0.4985) (0.4792) (0.4996)

Female 0.3955 0.5383 0.3557 0.5204
(0.4891) (0.4985) (0.4792) (0.4996)

Observations 1,158 3,938 447 4,649

Numbers in the parentheses are standard errors. Other numbers are mean of the
variables. * Native language speakers do not take the AZELLA test. The reported
average score of the AZELLA for non-ELLs is just for the non-native students who

took the test and categorized as the non-ELL.
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Table 1.2: Percentage of ELL Students per grade

Grade Level Fiscal Year
2007 2008 2009 2010 Total # of Students per Grade

3 27% 66%* - - 824
4 22% 22% 33%* - 1,677
5 21% 19% 9% 33%* 2,536
6 38% 22% 13% 4% 2,559
7 - 0 13% 6% 1,711
8 - - 0 7% 867
Total # of Students per Year 2,548 2,548 2,548 2,548 10,192

* There are only three students in the starred years and grades in the sample.
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Table 1.3: Percentage of English Language Learners over Time in the balanced Data
set

ELL Type Fiscal Year % of Students in the Data
2007 2008 2009 2010

Type I Non-ELL Non-ELL Non-ELL Non-ELL 71.3%
Type II ELL Non-ELL Non-ELL Non-ELL 7.3%
Type III ELL ELL Non-ELL Non-ELL 6.9%
Type IV ELL ELL ELL Non-ELL 4.7%
Type V ELL ELL ELL ELL 5.3%
Type VI Non-ELL ELL ELL Non-ELL 1.3%
Type VII Non-ELL ELL ELL ELL 0.5%
Type VIII Non-ELL ELL Non-ELL Non-ELL 2.7%
% of ELL 24% 21% 12% 6%

100%
% of Non-ELL 76% 79% 88% 94%
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Table 1.4: The Effect of Different Categories of ELL Students on Student Achieve-
ment Using Random-effects estimation

Dependent Variable
AIMS Math Test AIMS Reading Test

Type I 0.0238*** 0.0229***
(0.0053) (0.0042)

Type II 0.0107* 0.0119**
(0.0061) (0.0048)

Type III -0.0099 -0.0098**
(0.0061) (0.0048)

Type IV -0.0165** -0.0158***
(0.0067) (0.0053)

Type V -0.0228 -0.0326***
(0.0072) (0.0057)

Type VI -0.0078 -0.0138*
(0.0094) (0.0073)

Type VII -0.0392*** -0.0370***
(0.0135) (0.0106)

R-Square 0.91 0.89
number of observations 7,644 7,644

***1% significant level, **5% significant level and *10% significant level. AR(1)
standard errors are reported in the parentheses. Type VIII is taken as a base
category.
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Table 1.5: The Estimated Effect of 4-hour ELD Block on Students’ AIMS Test
Scores

Ln(AIMS Math Test) Ln(AIMS Reading Test)
K-8 Schools

Total Female Male Total Female Male
EY 0.0094* 0.0036 0.0090 -0.0064 -0.0030 -0.0079

(0.0050) (0.0076) (0.0066) (0.0040) (0.0064) (0.0053)

ln(S−1) 0.8929*** 0.8289*** 0.9020*** 0.9286*** 0.9380*** 0.9148***
(0.0201) (0.0276) (0.0285) (0.0186) (0.0291) (0.0257))

Trend 0.0530*** 0.0325 0.0468 0.0331 -0.0144 0.0274
(0.0411) (0.0237) (0.0422) (0.0338) (0.0208) (0.0347)

Age 0.1176*** 0.1926*** 0.1062*** 0.0753*** 0.0714** 0.0929***
(0.0224) (0.0281) (0.0312) (0.0212) (0.0310) (0.0286)

Age2 -0.0057*** -0.0092*** -0.0050*** -0.0033*** -0.0030** -0.0041***
(0.0010) (0.0013) (0.0013) (0.0009) (0.0014) (0.0012)

# of obs 7,644 3,867 3,777 7,644 3,867 3,777
# of IVs 75 71 73 75 69 73

Elementary Schools
Total Female Male Total Female Male

EY 0.0158 0.0205 0.0009 -0.0090 0.0039 -0.0143
(0.0130) (0.0265) (0.0171) (0.0094) (0.0199) (0.0132)

ln(S−1) 0.8959*** 0.8369*** 0.8801*** 0.8963*** 0.9365*** 0.9024***
(0.0351) (0.1110) (0.0463) (0.0286) (0.1403) (0.0403)

Trend -0.0051 -0.0600* -0.0260 0.0346 0.0095 -0.0176
(0.0440) (0.0333) (0.0194) (0.0332) (0.0187) (0.0153)

Age 0.1562*** - 0.1729*** 0.1250*** 0.0799 0.1262**
(0.0425) - (0.0552) (0.0369) (0.1786) (0.0508)

Age2 -0.0088*** -0.0010*** -0.0095*** -0.0060*** -0.0039 -0.0060**
(0.0021) (0.0002) (0.0028) (0.0019) (0.0091) (0.0026)

# of obs 2,520 1,269 1,251 2,520 1,269 1,251
# of IVs 42 31 42 42 31 42

Middle Schools
Total Female Male Total Female Male

EY 0.0075 0.035 0.0099 0.0006 0.0049 -0.0038
(0.0064) (0.0093) (0.0090) (0.0071) (0.01132) (0.0096)

ln(S−1) 0.8274*** 0.7694*** 0.8667*** 0.9990*** 0.9975*** 0.9907***
(0.0346) (0.0451) (0.0503) (0.0427) (0.0657) (0.0604))

Trend - 0.1542*** -0.0419 0.0638*** 0.0744*** 0.0631**
- (0.0304) (0.0258) (0.0202) (0.0260) (0.0260)

Age 0.1741*** 0.1649*** 0.1512*** -0.0107 -0.0184 0.0029
(0.0339) (0.0449) (0.0486) (0.0429) (0.0661) (0.0603)

Age2 -0.0071*** -0.0071*** -0.0059*** 0.0001 0.0005 -0.0006
(0.0014) (0.0020) (0.0020) (0.0017) (0.0027) (0.0024)

# of obs 2,592 1,310 1,282 2,592 1,310 1,282
# of IVs 35 30 32 36 33 31

***1% significant level. **5% significant level. *10% significant level. GMM stan-
dard errors are reported in the parentheses.
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Table 1.6: Selected Descriptive Statistics

Treatment group Control group
AIMS Math score 342.15 360.81

(39.068) (41.9613)

AIMS reading score 430.40 450.99
(34.19) (37.730)

AZELLA test score 650.33 666.33
(38.784) (41.352)

Race and ethnicity:
Hispanic 0.974 0.972

(0.158) (0.1642)

American Indian 0.017 0.020
(0.131) (0.140)

Asian 0.001 0.001
(0.036) (0.035)

White 0.003 0.004
(0.059) (0.070)

Age 10.198 10.037
(1.568) (1.307)

Gender:
Male 0.604 0.585

(0.489) (0.492)

Female 0.395 0.414
(0.489) (0.492)

Observations 2,275 2,416

Numbers in parentheses are standard deviations.
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Table 1.7: The Estimated Discontinuity (τ̂): The Effect of the Policy on the AIMS
Test Scores

(1) (2) (3) (4) (5) (6)
Dependent variable A. Ln(math)
Local Wald estimator -0.4325 -1.0457 -0.1374 - 1.7494 -0.2270 -.3577
Standard Error (1.4829) (1.8047) (7.4692) (1.5888) (1.1870) (2.3402)
Polynomial order 0 1 3 1 2 1
Bandwidth 12.037 16.05 8.025 12.037 8.025 16.05
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 4,691 4,691 4,691 4,691 4,691 4,691
Dependent variable B.Ln(reading)
Local Wald estimator -0.1836 -0.3901 - 0.0787 -0.5735 -0.1470 -0.1373
Standard Error (6.0798) (1.4785) (1.2016) (0.8805) (1.8040) (0.3474)
Polynomial order 0 1 3 1 2 1
Bandwidth 12.037 16.05 8.025 12.037 8.025 16.05
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 4,691 4,691 4,691 4,691 4,691 4,691

All the standard errors are calculated using 50 times bootstrapping the sample.
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1.7 Results of t-test

The result from t-test of characteristics of students prior to the policy is reported

in the following table:

Table 1.8: Student’s t-test for ELL and Non-ELL prior to the policy

ELL Non-ELL p-value
Hispanic 0.96 0.88 0.00
White 0.003 0.04 0.00
Black 0.00 0.01 0.00
American-Indian 0.03 0.04 0.00
Asian 0.002 0.003 0.23
Male 0.60 0.46 0.00
Female 0.39 0.54 0.00
Age 9.6 9.6 0.94
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Table 1.9: The Estimated Discontinuity (τ̂): Comparison between typeI and typeIV

(1) (2) (3) (4) (5) (6)
Dependent variable A. Ln(math)
Local Wald estimator -0.0167 -0.1537 0.0207 -0.3623 0.09431 -2.0806
Standard Error (7.6970) (4.0634) (2.4822) (2.3930) (2.2155) (4.8643)
Polynomial order 0 1 3 1 2 1
Bandwidth 13.95 20.925 27.9 13.95 27.9 20.925
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 1,291 1,291 1,291 1,291 1,291 1,291
Dependent variable B.Ln(reading)
Local Wald estimator -0.3641 -0.5513 - 0.0819 -1.9454 0.0972 -1.2801
Standard Error (7.3538) (2.1125) (2.9094) (15.0162) (4.4330) (1.4345)
Polynomial order 0 1 3 1 2 1
Bandwidth 20.925 13.95 27.9 13.95 27.9 20.925
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 1,291 1,291 1,291 1,291 1,291 1,291

All the standard errors are calculated using 50 times bootstrapping the sample.

1.8 Regression Discontinuity Results for different treatment and control groups

To check the robustness of results in part 6.2, different treatment and control groups

are defined and the effect of the ELD program on the achievement of students is

estimated using the RDD method. In the following tables results from comparison

of performance of students in different categories in math and reading tests are

reported. In the following tables, typeI, typeII, typeIII and typeVIII are taken as

control groups. The results are insignificant that confirm the estimated results in

the paper.
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Table 1.10: The Estimated Discontinuity (τ̂): Comparison between typeI and typeV

(1) (2) (3) (4) (5) (6)
Dependent variable A. Ln(math)
Local Wald estimator -0.1785 0.2653 0.3166 0.3882 0.2614 0.1727
Standard Error (1.3634) (2.4260) (21.8807) (0.7664) (10.1774) (0.5677)
Polynomial order 0 1 3 1 2 1
Bandwidth 9.02 18.04 13.53 9.02 13.53 18.04
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 1,350 1,350 1,350 1,350 1,350 1,350
Dependent variable B.Ln(reading)
Local Wald estimator -0.6814 0.3910 0.6996 0.4946 0.3920 0.2208
Standard Error (6.9280) (2.1125) (3.5128) (11.8191) (3.8936) (8.2017)
Polynomial order 0 1 3 1 2 1
Bandwidth 9.02 18.04 13.53 9.02 13.53 18.04
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 1,350 1,350 1,350 1,350 1,350 1,350

All the standard errors are calculated using 50 times bootstrapping the sample.
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Table 1.11: The Estimated Discontinuity (τ̂): Comparison between typeII and
typeIV

(1) (2) (3) (4) (5) (6)
Dependent variable A. Ln(math)
Local Wald estimator -0.0481 0.0416 0.0882 0.0398 -0.0506 0.0164
Standard Error (0.1721) (0.1303) (0.0737) (0.2404) (0.7154) (0.1231)
Polynomial order 0 1 3 1 2 1
Bandwidth 7.6 15.2 11.4 15.2 7.6 11.4
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 993 993 993 993 993 993
Dependent variable B.Ln(reading)
Local Wald estimator 0.1070 0.0169 0.0607 0.0170 0.0741 0.0022
Standard Error (0.9691) (0.3207) (0.1375) (1.1274) (0.5527) (0.3399)
Polynomial order 0 1 3 1 2 1
Bandwidth 7.6 15.2 11.4 15.2 7.6 11.4
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 993 993 993 993 993 993

All the standard errors are calculated using 50 times bootstrapping the sample.
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Table 1.12: The Estimated Discontinuity (τ̂): Comparison between typeIII and
typeV

(1) (2) (3) (4) (5) (6)
Dependent variable A. Ln(math)
Local Wald estimator -0.0244 -0.0244 -0.0700 -0.0212 -0.0188 0.1356
Standard Error (0.9459) (1.5112) (3.1727) (0.2127) (0.6769) (0.9458)
Polynomial order 0 1 3 1 2 1
Bandwidth 8.3 16.6 12.45 16.6 8.3 12.45
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No No
Observations 1,024 1,024 1,024 1,024 1,024 1,024
Dependent variable B.Ln(reading)
Local Wald estimator -0.0566 -0.0396 -0.0928 -0.0019 -0.1325 -0.0965
Standard Error (0.5253) (0.1682) (0.3060) (0.7844) (0.7753) (3.3326)
Polynomial order 0 1 3 1 2 1
Bandwidth 8.3 16.6 12.45 16.6 8.3 12.45
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No No
Observations 1,024 1,024 1,024 1,024 1,024 1,024

All the standard errors are calculated using 50 times bootstrapping the sample.
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Table 1.13: The Estimated Discontinuity (τ̂): Comparison between typeVIII and
typeVI

(1) (2) (3) (4) (5) (6)
Dependent variable A. Ln(math)
Local Wald estimator -0.04220 -0.0215 -0.0160 0.0357 0.0331 -0.0397
Standard Error (0.3232) (0.1066) (0.0759) (0.0944) (0.2939) (0.2621)
Polynomial order 0 1 3 1 2 1
Bandwidth 37.77 42 45 42 45 37.77
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 262 262 262 262 262 262
Dependent variable B.Ln(reading)
Local Wald estimator -0.0494 -0.0339 -0.0331 0.0085 0.0068 -0.0421
Standard Error (0.1390) (0.0834) (0.1529) (0.0726) (0.1610) (0.2401)
Polynomial order 0 1 3 1 2 1
Bandwidth 37.77 42 45 42 45 37.77
Kernel type Triangle Triangle Triangle uniform uniform uniform
Covariates No No No No No Yes
Observations 262 262 262 262 262 262

All the standard errors are calculated using 50 times bootstrapping the sample.
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CHAPTER 2

ANALYZING THE EFFECTS OF THE TEACHER INCENTIVE PROGRAM IN
ARIZONA

President Barack Obama and Secretary Arne Duncan recognize the critical impor-

tance of having an outstanding teacher for every student, particularly for students

in poverty. That is why their education agenda boldly advances reforms to the way

teachers are paid as part of a broader vision for transforming the teaching profession

into one that will better serve the needs of the country - children and adults- in the

21st century.1

2.1 Introduction

Teacher quality, plays an important role as an input in the education production

function. Slight increases in the quality of teachers have been shown to lead to

higher achievement of students (Hanushek and Rivkin, 2005; Aaronson et.al., 2007;

Kane and Staiger, 2008). To improve teacher quality, a number of teacher incentive

programs have been implemented since 1980s. Over the last decade (2000s) these

programs have expanded rapidly. The incentives are often provided in the form

of a cash bonus or salary increase based on improvement in student performance

on standardized tests. These rewards are usually individual based or school based.

Individual level incentives are rewarded to teachers individually based on the scores

of students in their classes. On the other hand, school level incentives can be assigned

to teachers and principals in a high performing school.

Hanushek(2007) believes that to avoid the problem of imprecise measurement

of the policy environment, one can study performance of schools within individual

states in the U.S. or similar decision-making environments. Basically, the perfor-

mance of schools would not be affected by unmeasured policies since all schools

1Center for American Progress, by Robin Chait and Reagen Miller, July 13, 2009
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within a state perform in the same policy environment. Therefore, in the current

paper I focus on the teacher incentive program in the state of Arizona. Arizona is

ranked 49th out of 50th in spending per pupil.2 There are some school districts in

Arizona that are suffering from lack of budget and therefore are not able to pro-

vide a high quality education for students. Teacher incentive programs in Arizona

started in 1985-86. The statewide Career Ladder Program is a performance-based

compensation plan that provides incentive to teachers based on the performance of

students. It is one of the first statewide programs implemented in the U.S. After the

1993-94 school year, this program has not accepted any new districts who wanted

to join the program. But the school districts already in the program still receive the

funds from the state. This program will be phased out in 2014-15. The other nation-

wide performance-based program that has some participants from Arizona started

in the 2005-06 school year and is called the Teacher Incentive Fund. This program

only targets high need schools and provides funds not only for teachers but also for

principals who help students to achieve higher performance. In 2007-08 only one of

the school districts in Arizona joined this program; In 2010-11 the budget for this

program increased and more school districts in the states including more school dis-

tricts from Arizona joined the program. The purpose of current study is to analyze

the effect of the Teacher Incentive Fund on the performance of students in Arizona.

To achieve this goal, a panel data set for public schools in Arizona from 2006-07

to 2010-11 school year is used, and the effect of teacher incentive programs on the

achievement of students is estimated using the Difference-in-Difference method as

well as Regression Discontinuity Design. The results show that on average there is

a small positive association between the scores and the program. Comparing the

short-run and long run effect of this program, indicates that the long-run effect is

more significant than that of the short-run.

2http://www.abc15.com/dpp/news/state/report:-aims-math-scores-drop-after-new-standards-adopted

http://www.abc15.com/dpp/news/state/report:-aims-math-scores-drop-after-new-standards-adopted
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2.2 Literature review

Researchers have conducted a number of studies of a performance-based incentives

for teachers and their impact on students’ achievement. Ladd (1999), Eberts, Hool-

lenbeck and Stone (2002), Figlio and Kenny (2007), Lavy (2009), Muralindharan

and Sundararaman (2009), Glewwe, Ilias and Kremer (2010) and Fryer (2011) have

focused on the teacher incentive programs in schools. Except for the paper by Fryer

(2011), other studies found a positive correlation between a merit pay program and

performance of students in schools. Figlio and Kenny (2007) analyzed the effect

of statewide individual incentive programs in the U.S. They found a positive asso-

ciation between the incentive programs and student achievement. However, their

results did not show whether better schools implemented incentive programs or in-

centives led to higher achievement of students. Lavy (2009) found a positive and

statistically significant effect of individual-based incentive program on Israeli pupils’

achievements using three different methodologies. Muralindharan and Sundarara-

man (2009) studied the effectiveness of both individual and group-level incentives

using a randomized sample of Indian schools. Their results show that students

in incentive schools perform better than other students. In addition, although in

the first year, the effect of both types of incentives are equal, students in schools

with individual incentives outperform students in group level incentive schools in

the second year of the programs. Furthermore, there are some studies related to

the school-based incentive programs. Glewwe et al. (2010) evaluated the effect

of school-based incentive programs using a randomized sample of Kenyan primary

schools. Their results indicate that although dropout rates in incentive schools did

not fall, students were more likely to take tests and scored higher than other stu-

dents. Ladd (1999) found that pass rates of students in the Dallas schools that

provide school-based incentives have risen compared to schools in other large cities

of Texas.

The effectiveness of schools can be substantial in the process of learning and it
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directly affects the performance of students.3 Incentive programs encourage teachers

to increase their effort and help schools to be more effective which will lead to

better performance of students. This paper describes teacher incentive programs in

Arizona. To my knowledge, the current study will be the first empirical study on

the effectiveness of the Teacher Incentive Fund.

2.3 Teacher Incentive Programs in Arizona

There are two incentive programs that were piloted in Arizona public schools.

2.3.1 Career Ladder program

The Arizona Career Ladder Program is a performance-based compensation plan

that provides incentive to teachers in 28 districts4 around the state who choose to

make career advancements. Each school district is required to comply with some

requirements established in ARS 15-918, such as a structure that provides advanced

teaching skills, pupil academic progress, and higher level instructional responsibil-

ities. The “Career Ladder Program” is a program that establishes “a multi-level

system of teaching positions; provides opportunities to teachers for continued pro-

fessional advancement; requires at least improved or advanced teaching skill for

advancement to a higher level and other components such as additional higher level

instructional responsibilities and demonstration of pupil academic progress; and

uses a performance based compensation system”.5 The Career Ladder districts are

different in terms of size, location and student population. Beginning in fiscal year

1985-86 fourteen districts were approved in this program. Afterwards, in 1992-93

and 1993-94 seven6 districts in each fiscal year received approval to budget for this

3Marzano (2003) finds that if a student scoring at the 50th percentile spends two years in the
most effective school with the most effective teacher, his score will be placed in the 96th percentile.
On the other hand, if the same student for two years attends the least effective school with the
least effective teacher his score will be dropped to the third percentile.

4There are about 164 school districts in the Arizona in 2010.
5Arizona State Legislature. (2010a). ARS 15-918
6In the academic year of 1985-86, Amphitheater Unified, Apache Junction Unified, Cave Creek

Unified, Flowing Wells Unified, Kyrene Elementary, Peoria Unified and Sunnyside Unified, in 1986-
87 Catalina Foothills Unified, Mesa Unified, Window Rock Unified and Litchfield Elementary and
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program. It is voluntary for teachers to participate in this program. If around 80%

of teachers in the school district apply for this program the school district would be

eligible to receive the grant. After approval of the application, the budget is dis-

tributed among the school districts on a per pupil basis. When the school district

receives the budget they should allocate it not only to compensate teachers but also

to non-classroom instructional personnel. In 1994 a law changed to use a portion of

the budget to create incentives based on group, team, school or district performance

to improve school plans and development opportunities.

Compared to the merit-pay programs that other states provide, one of the ad-

vantages of the Career Ladder program is that, regardless of years of experience

and the level of education, teachers who perform equally earn the same. The Career

Ladder consists of some levels in which teachers with similar performance are placed

on the same level. Teachers qualify to place within levels of the“ladder” according

to teaching evaluations, student progress, and responsibility in the school. Each

school district has a specific design for its “ladder” and the salary range is different

within the levels.

2.3.2 Teacher Incentive Fund program (TIF)

The Teacher Incentive Fund (TIF) is a nationwide performance-based program,

which started in 2005-06 school year. The Federal government provides this grant

for high-need schools in the states to improve teachers and principals’ effectiveness

by linking teacher’s performance to student growth. The purposes of this program

are to increase the achievement of students, to increase the number of effective

teachers in the minority schools, to reward teachers and principals for increases in

the student achievement and to create a substantial performance-based compensa-

tion system. During the first and second cohorts of implementing this program in

the 2005-06 and 2007-08 school years, twenty states received $99,000,000. There

in 1986-88 Creighton Elementary, Dysart Elementary and Ganado Unified joined this program.
Afterwards, in 1992-93 Chandler Unified, Crane Elementary, Payson Unified, Pendergast Elemen-
tary, Safford Unified, Scottsdale Unified and Tanque Verde Unified and finally in 1993-94 Agua Fria
Union HSD, East Valley Institute of Technology, Flagstaff Unified, Santa Cruz Valley Union HSD,
Show Low Unified, Patagonia Union HSD and Tolleson Elementary participated in this program.
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were 33 state educational authorities (SEA), local educational authorities (LEA

or districts) including charter school, and non profits in partnership with LEA or

SEA in these states that obtained this grant. During the third cohort in 2009-10

and 2010-11 respectively $200,000,000 and $400,000,000 were assigned to 62 entities

within twenty six states. Usually entities are awarded this grant for a duration of

five years. According to the definition provided by TIF, high-need schools are those

in which 50% or more of their students are eligible for free or reduced lunch, or

another measurement for poverty used by the school district. School teachers and

principals are eligible to receive the monetary compensation if their goals are strate-

gically aligned to state, district and school goals. Each entity builds its own design

and system to spend the grant. In order to obtain the grant, their design should

meet three absolute priorities7: differentiated levels of compensation for teachers and

principals, fiscal sustainability of the performance based compensation system8 and

providing evidence by using evaluations that guarantee the alignment of strategies

for strengthening the workplace with the purpose of the program.

The State of Arizona is one of the applicants for the TIF program. The first LEA

that received this grant in Arizona is Amphitheater Unified School District (AUSD)

from Tucson, which received the award of $29 million in 2007-08 fiscal year for five

years. Amphitheater is the second largest school district in the Tucson area. There

are large disparities among the target and non-target schools in the district in terms

of academic achievement. Out of twenty schools, there are nine K-12 and two rural

eligible schools in this district.9 The “Excell!” project is implemented by AUSD

and it offers opportunities for earning differentiated compensation to teachers and

7In addition to absolute priorities, there are some competitive preferences that help the applicant
to be accepted in the program such as use of value-added measure of student achievement and
increased recruitment and retention of effective teachers in high need schools.

8To meet this condition, applicant should project the cost associated with implementation of
the program and accept the responsibility of providing the performance-based compensation. Also,
applicants may provide the schedule of payment to their employees from non-TIF funds as part of
their own compensation system.

9These schools are: Amphitheater High School, Amphitheater Middle School, Coronado K-8
School, La Cima Middle School, Donaldson Elementary School, Holaway Elementary School, Keel-
ing Elementary School, Nash Elementary School, Prince Elementary School, Rio Vista Elementary
School, Walker Elementary School
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administrators. Student achievement, leadership and participation in professional

development are objectives of this project. To earn the maximum incentive, one

is required to successfully follow all of the objectives. To evaluate the effective

teachers, Instructional Support Leaders at each school measure the development of

an educator and her incorporation with new skills to strengthen school and student

performance. Furthermore, they mentor principals, evaluate teacher portfolios and

conduct classroom observations .

Safford Unified School district (SUSD) is located in a rural county, Graham

County, and serves six schools with high poverty students. The “Effective Teachers

and Principals Program” (ETAPP) is built on the Career Ladder program since

2010-11 school year. The ETAPP will expand the Career Ladder model and intends

to increase student achievement in core content areas, recruit and retain effective

teachers and principals, and increase the focus on individual student achievement

data. They evaluate teachers based on individual and school wide student achieve-

ment and peer group goals, evaluate principals based on school achievement and

provide sign-on bonuses for highly qualified teachers. They also provide stipends for

teachers and principals who attain higher level leadership responsibilities. There are

three differentiated levels of compensation for teachers based on classroom observa-

tion, peer groups and school wide student achievement. Compensation for principals

consists of two tiers based on personal goal and school wide student achievement.

This school district received the award of $3.3 million in 2010-11 school year to

support the ETAPP for five years.

In the 2010-11 school year, the Maricopa county education service agency

(MCESA) received $51.8 million to implement the “Rewarding Excellence in In-

struction and Leadership” (REIL) for a five-year period. In the first two years,

the funding is allocated for contractual services10 and then the program will start

to compensate teachers in the 3rd year,i.e. 2012-13. This grant will be allocated

to six school district which include 52 high need schools. All of the teachers and

10Such as needs assessment, development of value-added model, program evaluation plan, devel-
opment of teacher and principal observation instruments, professional development planning and
delivery, development of the data management system and personnel costs and equipment.
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principals in these schools participate in this program. The REIL creates a system-

atic performance-based compensation to recruit, retain, support and compensate

effective teachers and principals. This program, by increasing student achievement,

ensures that students will be able to attend college or be ready for a career. In

addition, through the sustainable compensation, the program is designed to develop

talent in teachers and principals and enhances careers for them. To measure the

effectiveness of teachers and principals, an evaluation instrument is derived from ob-

servations and documentations, and individual, school and district value added are

derived from AIMS results and MAP scores.11 In the REIL program, the REIL score

measures the effectiveness of an educator. Teacher’s and principal’s placement on

the performance award will be determined according to this score. A differentiated

compensation in three phases is available for educators.

Arizona State University (ASU) in coordination with the Arizona Department

of Education (ADE) and National Institute for Excellence in Teaching (NIET) re-

ceived $43.8 million from the government to lead the “Arizona Ready-For-Rigor”

project in 2010-11 school year. This program is a statewide network of 61 schools

in 12 urban districts and one rural district.12 About 86% of the students in these

districts receive free or reduced price lunches.13 The main goals of this program

are to increase student achievement, to increase teaching effectiveness to at least

TAP14(Teacher Advancement Program) index of 3.5, to increase principal effective-

ness and also overall school functioning and to prepare, recruit and retain teachers

and principals. In this program, the TAP model, by measuring the value added im-

pact of teachers on students’ academic growth and also by evaluating the classroom

observations of teaching performance, will be used to measure the effectiveness of

teachers. Educators are able to receive differentiated compensation up to 7% of

11MAP stands for Measurement of Academic Progress.
12 The ASU has implemented the program in 17 schools in 2010-11 and 48 schools in 2011-12.

The other schools will be covered under the program in 2012-13 and afterwards.
13Avondale, Gadsden, Glendale, Murphy, Osborn, Chinle, Deer Valley, Ganado, Mesa Public

Schools, San Carlos, Sunnyside and ASU Preparatory Academy are supported with ASU.
14Teacher Advancement Program index is scaled from 1 to 5 in which 1 means unsatisfactory

performance and 5 represents excellent performance in a certain standard.
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their annual salaries or up to 11% if they teach in hard-to-staff areas.

Other than the funds provided by the government to run the TIF program in

each entity, the extra funds to support the program are provided by school districts

and tax-payers. For instance, partner districts with ASU have agreed to contribute

10%, 25%, 50%, 75% and 100% funds, respectively, in year 1, 2, 3, 4 and 5 of

the program to support Ready-for-Rigor. The compensation system differs from

one entity to another. For instance, the Maricopa agency accelerates the bonuses

every year; however, the bonuses are the same in each year of the program in the

Amphi district. In addition, the hard-to-staff teachers15 will gain more than others

in the Maricopa agency and there are sign-on bonuses for retaining and recruiting

highly effective teachers in the Safford district. Each entity defines different tiers of

eligibility for teachers and principals. Based on the level of effectiveness, teachers

and principals are awarded up to $10,000 per academic year. Participants have an

opportunity to get a partial award if they are not eligible for the total award. Table

1 provides further information about the TIF compensation systems in Arizona.

Consider that the reported funds in the table are just part of the total funding to

launch the program which is provided by the federal government.

2.4 Empirical Analysis

Two data sets have been used to answer the main question of the current study:

“how does the TIF affect the performance of students?” The first data set contains

grade-level data from most of the public schools located in Arizona provided by the

Arizona Department of Education. The analysis using this data set is explained in

the next section. The second data set contains student-level data from Amphitheater

school district and is used later. Consider that the Amphitheater district is the one

which received the fund earlier than other schools and we can study the effect of the

program more precisely by using this data set.

15 Hard-to-staff refer to teacher assignments where the number of professional teachers and
educators are low and the rate of turnover among them is high. There are some courses in schools
that do not have enough specialists to teach them, and schools usually pay more to these specialists.
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2.4.1 Data Analysis

The data for this part of the study is directly provided from the Arizona Department

of Education. The data are for the school years 2006-07 to 2010-2011. The data set

includes some school level data such as percentage of free or reduced price lunch;

percentage of English language learners (ELL); count of teachers for each school,

and their race and ethnic proportion. In addition, there are AIMS math, reading,

writing and science test scores, number of students enrolled in each school and per

grade, number of male and female students in each grade and number of students

in different categories of race and ethnicity are available. The data set contains

information on about 164 school districts and 1562 public schools in the state of

Arizona. Since charter schools (including alternative, virtual and learning distance

schools) have different curricula from public schools, they are eliminated from the

sample.16 Thus the data set contains different classifications of public schools such

as elementary, middle, k-3 and k-8 schools.17 Furthermore, there are 694 schools

in the category of high-need schools in the data set, while only 105 schools are in

the TIF program. The result from a t-test shows that the mean of free or reduced

price lunch percentage in the participant schools in the TIF program is significantly

larger than that of non-participants. Moreover, the result remains significant when

we run the same test between participants and non-participants whose FRL(free

or reduced price lunch) percentage are larger than 50%. Specifically, on average

83% of students in the participant schools are needy;however, this statistic is 73%

for high need schools which did not participate in this program. Thus, I use the

participant’s schools as a treatment group and I define two counterfactuals: first, I

assign all other schools who have not participated in the program as a control group

(control I). Second, I use the group of eligible18 schools whose FRL is equal or above

50% as a control group (control II).

16There are 443 charter schools that I exclude them from the sample.
17High schools and junior high schools are excluded from the sample.
18Being a high need school is a main factor, however, it is not the only factor of eligibility to

participate in the program. As it is already mentioned, application forms should satisfy some
conditions.



59

The outcome variable, which measures performance of students, is the AIMS

(Arizona’s Instrument to Measure Standards) test score. In 1996, the AIMS test

was designed by the State Board of Education to measure achievement of K-12

students in different areas such as reading, writing, math and science in Arizona.

All the students in grade 3 through 8 and 10 are required to take this test as well

as any students in grade 11 and 12 who have not passed the high school AIMS test.

The first high school test was administrated in 1999 and the AIMS for grade 3, 5

and 8 began in 2000.19 These tests are considered as a requirement for graduation

from public high schools. The average scale scores of each grade in the elementary

and middle school level are available in the data set. Depending on the grade level

and the content of test, scale scores can be in the range of 100 to 800. Moreover, the

proficiency level that should be met by the students differs depending on the grade

level and type of test. Since the writing test has changed enormously over the past

years, its data would not be comparable and I exclude it from my sample. Therefore,

I only look at reading, math and science test scores. The advantage of this outcome

variable is that it is a consistent measure of performance of students in the schools.

But the disadvantage of this measurement is that it does not capture the impact of

the incentive that goes to the teachers who are not teaching the AIMS subjects and

also other administrators in the schools who participate in this program. Since, there

is no consistent and measurable outcome available in the data set for measuring the

performance of teachers in other course subjects and administrators, AIMS scores

remain as acceptable outcomes.

The data set only includes the number of teachers in 2009-10 and 2010-11 school

years. The number of teachers prior to 2009-10 is not available in the data set as

a result of a collapse in the data file at Arizona Department of Education. To be

able to calculate a student-teacher ratio for the entire years in the sample, I need to

have the number of teachers for the rest of years in the sample. By looking at the

teachers data, the number of teachers in about 235 schools from 2009-10 to 2010-11

has been increased. On average about 4 teachers joined each school. On the other

19Arizona State Senate, Issue Brief, Sep,5, 2007
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hand, the number of teachers in 829 schools in this time span has decreased. On

average in 2010-11 there were 3.6 fewer teachers than in 2009-10. Since the negative

trend is dominated by the number of teachers over years which can be a result of

budget cuts in the school expenses, I assume that the number of teachers hired and

the number resigning stay the same before 2009 and then I use 2009-10 teachers

data for previous years.

In the available data set, there are some missing values for the number of ELL

students and those who use the free or reduced price lunch stamps. Some of these

missing values are for the schools in which the number of ELL students or eligible

students for FRL is less than 10. Since these missing values are not identifiable from

the missing values in general they are excluded from the sample. Note that another

approach is to assume that all of the missing values are as a result of low number of

students in the mentioned categories. In this case, the sample would be censored.

The censored data would not affect the regression results because the regressors are

censored, not the dependent variable. Therefore, I impute the data and replace the

missing values with a random integer number between 0 and 10 assuming all of the

missing data are a result of suppressing. The results of estimations using this data

set is available in the appendix.

AIMS Reading test

The AIMS Reading test has been implemented in Arizona for grades three through

eight and ten as a graduation requirement since 2005-06.20 Here the data set contains

the average of these scores for each grade since the 2006-07 school year. The Kernel

density and also the trend of these scores are shown respectively in the first and

second panel of Figure 1.21 Summary statistics of data for a sample of students who

took the reading test is shown in Table 2.22

20Consider that the first round of AIMS test administrated to grades 3,5 and 8 in 2000.
21I use the first control group to draw figure 1 through 3. The Kernel density of treatment and

control groups for all test scores and for each year of the sample are in the appendix. The figures
related to the second control group are also available upon request.

22Since the Amphitheater school district started the program earlier than other schools, it is
excluded from the summary statistics. In the summary statistics I divide the data set according
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AIMS Math test

AIMS Math test have administrated with Arizona department of education since

2005-06 as a requirement for graduation. All the students from third grade to eighth

grade and 10th grader are required to take this test. In 2009-10, both content

and performance scale of this test has been changed. According to the Arizona

Department of Education the test gets more rigorous and the new ranges for each

grade has been reduced. I cannot control for the content of test, but I should be

aware of downward bias regard to this fact. To control for the change in the range

of scores, I rescale the scores to make them comparable. Kernel density of average

of math scores is illustrated in the Figure 2. In the second panel of figure 2, scores

of students in the treated schools is compared with the control group. Furthermore,

descriptive statistics of sample for students who took the math test is presented in

Table 3.

AIMS Science Test

The Arizona department of education has required the AIMS Science test since

2007-08 school year. Students in fourth, eighth and tenth grade are required to take

this test as a part of their graduation requirement. Kernel density of average of

science test scores and also trend of these scores over the years are illustrated in

Figure 3. Descriptive statistics of sample of grade level data for students who took

the science test are shown in Table 4.

2.4.2 Data Description

The descriptive statistics offer several insights: the number of enrolled students

in the treated schools is higher than in the control schools. However, after the

treatment, the number of students in the treated schools decreases. By design of

the program, percentage of needy students in the treated schools are more than that

to the years before and after the program.
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of control groups.23 In addition, the percentages of ELL students and Hispanics in

the treated schools are higher than in control schools. This observation is reasonable

since most of the Hispanic families are in the low-income category and thus their

children receive Free or reduced price lunch stamps. The student-teacher ratio in

the treated schools is slightly higher. According to panel (b) of figures 1 through 3,

although the difference between the average scores of students in the AIMS reading

test scores after the treatment seems to remain the same, it is not the case for the

math and science scores. It seems that the gap between the math scores of students

in the treated and untreated schools gets closer and such a gap in the science test

scores increases after the program.

The second and fifth columns of Table 2 through 4 present the summary statistics

of the data for all non-participating schools (first control group) and columns three

and six refer to eligible non participants (second control group). The characteristics

of schools and also test scores are closer between the treatment group and the eligible

schools except for the number of enrolled students in the schools. In the sample with

the second counterfactual, the reading, math and science subsamples respectively

include 19,137, 15,109 and 3,666 observations. Similar to the first control group,

the performance of the students in the science test in the second control group is

higher than the treatment group; however, it is not the case for reading and math

test scores. The average reading and math test scores is higher in the treatment

group than the second control group. But in all of the content test scores, the gap

between the treatment and second control group is closer than such a gap between

the treatment and first control group.

The number of Hispanics, the percentage of ELL students, school size and the

student-teacher ratio in the treatment group are significantly higher than those of

both control groups. But, such difference is substantially smaller when we compare

the treatment with the second control group. This makes the second control group

more comparable than the first one. In general, the more similar the comparison

23In the Reading sample, the percentage of FRL in the treatment group is lower than that of
second control group prior to the program.
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group to the treatment the better.24 Similarity of treatment and control groups,

reduces the possibility of random reaction of both groups with regard to the change

over time or an incidence during the study. Therefore, the bias as a result of im-

balance pre-program characteristics by using the second counterfactual would be

lower.

2.4.3 Model and Estimation

The treatment variable is defined to be an indicator that is equal to one if a school

is in the TIF program and zero otherwise. I define an indicator variable that takes

on the value of one if a school is in the Career Ladder program and zero otherwise.

Because of the fact that some schools participate in both programs, I also include an

indicator that stands for such interaction in the model . To address the baseline dif-

ference between treatment and control schools, the regression model includes grade

and school characteristics. The set of grade level controls, Xg, contains percentage

of females, grade size, number of students, percentage of White, Black, Hispanic,

Asian and American-Indian students. The set of school level controls, Xs, includes

percentage of free or reduced price lunch, percentage of English language learners,

student-teacher ratio and number of enrolled students. I also control for the year

effect and grade effect.

The result from the F-statistics with the null hypothesis of consistency of pooled

OLS estimator versus fixed effect estimator results in the choice of fixed effect es-

timator25. Moreover, the result from the Hausman test between random and fixed

effect estimators shows that fixed effect estimator is consistent. The model is rep-

24Meyer (1995)
25Precisely, I calculate the following statistic to test to see if the fixed effects are equal to the

time invariants in the model:

RSSols −RSSfe/(n− k1 − 1)

RSSfe/(nT − n− k2)
∼ F(n−k1−1),(nT−n−k2) (2.1)

For more information please check “Fixed Effects Models with Time Invariant Variables: A The-
oretical Note” by Oaxaca, R. and Geisler, I.
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resented as follows:

ln(Ygst) = α0 + α1Xgt + α2Xst + β3(CLs×TIFs) + θTIFs + δt + δgs + εgst (2.2)

Where Ygst is an AIMS test score for grade g in school s in year t; Xgt and Xst

capture grade and school characteristics; CLs is an indicator for Career Ladder

performance pay in school s; TIFs is an indicator for schools which received the

TIF grant in the year of implementation; This variable is an indicator that takes

on the value 1 while the school is participating in the TIF program and it takes

zero when the school is not in the program. δt is a year fixed effects that capture

the changes in the tests that affect the average scores of students in each year. δgs

is a grade-school fixed effects that capture the unobserved characteristics of grades

at schools such as school quality, teacher quality, curriculum of grades within the

schools and whether the school is participating in the Career Ladder or the TIF

program. ε is a stochastic component. θ is a coefficient of interest that shows the

effect of the TIF program on the scores.

It would be improper to simply regress the AIMS scores on the characteristics

vector and TIF indicator and compare average of scores between TIF and non-TIF

schools. The TIF variable is endogenous since schools which are selected to be in

this program were needy and also the performance of students was worse than other

schools prior to the program. To deal with this issue, I use the difference-in-difference

method (implemented through establishment fixed effect). As a result, I compare

the students in the same grade in the treatment and control schools, prior and after

implementing the TIF program. The results of the model using the fixed effect

estimator with robust variance are shown in the first and second columns of Table

5.26 In the first column, I use control group I, which is all other schools that are not

in the TIF program (regardless of their economic status). In the second column,

treatment is compared with the second control group which contains only the needy

schools which are not in the TIF program. The parallel trend assumption will hold

better by using the second control group and it can be a check for a robustness of

26I also estimated value added models by using the dynamic panel data models, but the lagged
score variable is not significant in those models.
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the estimated results. The estimated results show that the TIF program slightly

(about 0.6%) increase the reading scores of students. But it virtually has no effect

on the other scores. Testing for serial correlation27 supports that there is a first

order autocorrelation in the idiosyncratic errors. Moreover, the results from a Wald

test shows that there is heteroskedastisity in the errors. Also, there is a possibility

of existence of cross sectional correlation between grade levels in the schools since

the same academic environment, the curricula and equipments are common among

the students and may affect the performance of students in the schools. Therefore,

I estimate the fixed effect regression by correcting the standard errors following the

Driscoll and Kraay (1998) procedure. These results are reported in the third and

fourth columns of Table 5. Using all non-participating schools as a control group, the

estimated coefficient of interest, θ̂, is about 0.6%. Thus, on average reading scores

of students in the schools in receipt of the TIF are about 0.6% higher than their

counterparts in non-treated schools. If we only compare the treated schools with

other needy schools (second control group), this coefficient would be about 0.5%.

The effect of the TIF program on the math and science test is tiny and statistically

insignificant. Thus, there is no evidence that this program had a positive/negative

effect on the math and science scores of students. Therefore, overall when we use the

pooled data from all of the tested grades, we can say that the effect of TIF on the

students’ AIMS score is negligible. By controlling for pre-existing differences, the

results support that the TIF program did not help to raise student achievement. The

other covariates have expected effects on the achievement of students. For example,

ELL and Hispanic students usually have lower scores compared to other students.

Moreover, the higher the student-teacher ratio, the lower time and effort would be

allocated to each student and it has a negative effect on the score of student. In most

of the cases, the socio-economic status of the family does not have a statistically

significant effect on the performance of students. The year dummies are significant

and positive in all of the estimations which means the scores of students have slightly

27I use the Lagrange-Multiplier test by Drukker(2003) and Wooldridge(2002) for serial correla-
tion in idiosyncratic errors.
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increased during the sample period. These variables control for all of the changes

over time in the content of tests. The interaction term between the TIF and the

Career Ladder program has a negative and statistically significant coefficient in

the estimated equations. It implies that students in the schools which receive both

kinds of merit pays on average are performing poorer than other students. Although

there is no significant difference between the performance of males and females in

the reading and science tests, it seems that male students are performing stronger

in the math test. The comparison among the performance of students in different

race and ethnicity groups shows that White and Asian students have higher scores

and Hispanic students have lower test scores. To see if there is any heterogeneity in

the effect of the TIF program on different grades, I disaggregate the sample to the

elementary and middle schools.

Table 6 presents the results from the elementary and middle school subsamples.

It seems that the effect of the TIF program on all of the test contents of students

in the elementary schools is statistically significant. There is a positive association

between the program and the reading test scores of students in the elementary

schools. The students in the treated elementary schools have on average about 0.6%

higher reading scores than students in the non-participating schools, as a result

of the program. The positive association between the reading scores of students

and the program in the middle schools is less than the elementary schools (about

0.2%). On the other hand, the AIMS math and science scores of elementary school

students, have a negative association with the TIF program. The program does

not have a significant effect on the math scores of middle school students and it

only has a negative effect on the science scores of middle school students by using

the first control group. In general, however the effect of the TIF program on the

achievement of both elementary and middle school students is small and close to

zero (from negative or positive direction), the elementary school students are more

affected by the program compared to the middle school students and it conveys that

there is a heterogeneity in the effect of the TIF program.
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2.4.4 Second Set of Data: Amphitheater School District

The data for this part of the study is provided by Amphitheater School District in

Tucson. The data set include some school level data and some student level data for

the school years of 2006-07 to 2010-11. The school data include number of teach-

ers, number of enrolled students, percentage of free or reduced price lunch(FRL),

whether or not all the students in a school make adequate yearly progress according

to the federal guidelines, average class size, percentage of mobile students, percent-

age of special education students and whether the school participated in the TIF

program. Consider that all of the schools in this district receive a Career Ladder

grant. In addition, there are some student level data such as reading, math and

science AIMS test scores for elementary, middle and high school students, gender,

race and ethnicity, age, whether the student is English Language Learner (ELL).

Twenty elementary, middle and high schools are located in this district. The schools

are divided to two groups of treatment and control. The schools which received the

TIF are called treated and others are in the control group.

The AIMS scores are outcome variables. I divide the data set according to the

three groups of reading, math and science data.28

AIMS Reading Data

There are 40,169 observations in the reading group. The summary statistics of

these data before the program (2006-07) and afterwards (2007-11) are shown in the

Table 7. The treated schools on average are smaller schools and the average size

of classes in them are smaller than the control group. The average yearly progress

of students in the treated schools is less than their rivals in the control group. As

is expected, the percentage of free or reduced price lunch students in the treated

schools is more than that of those in the control schools.29 There are also more

28For the same reason that I mentioned in the previous section, I do not study the writing scores
and I re-scale the math test scores.

29There are two schools in the category of TIF participants (Coronado School and Marion
Donaldson Elementary School) that the percentage of free or reduced price lunch in them is less
than 50% but above 30%. On the other hand, there is one school (Mesa Verde Elementary School)
which is not TIF participant but the percentage of free or reduced price lunch users in it is about
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Hispanic and therefore ELL students in the treated schools compare to the control

schools. The Reading scores of students in the treated schools before and after the

program is lower than the scores of students in the control schools. The trend of

Reading scores since 2006-07 to 2010-11 is illustrated in panel (b) of Figure 4. It

seems in 2009-10, the average scores of students in the treated schools increased

with the higher rate compared to the scores of students in the control schools. In

the next year, average scores of students in both schools increased with the same

rate. In the data set, information about some students is only available for some

years not in all five years. So, to create a balance panel, I keep the students whose

information repeated in all five years and the sample size shrinks to 5,805.

AIMS Math Data

There are 40,603 observations in this group from 2006-07 to 2010-11 school years.

Similar to the reading data, the summary statistics of the math data shows that

the treated schools are smaller with a smaller average class size and lower student-

teacher ratio. Furthermore, the percentage of needy students in the treated schools

is more than the control schools. Treated schools have more ELL and Hispanic

students than their counterparts. The mobility rate in the treated schools is more

than the control group. The percentage of special education students is higher in the

treated schools. Comparison between the treatment and control groups before the

TIF program indicates that the average test scores of students in the treated schools

is about 8% lower than the average test scores of students in control group. Such a

difference after the program falls to 6%. The difference between the average yearly

progress of students in the treatment and control group decreased after the program.

After cleaning the data, by dropping the missing data and making a balanced panel,

the number of observations fall to 5,800. The Kernel density estimate of AIMS

math scores over the years shows that on average math scores of both control and

treatment groups are normally distributed. Comparison between treatment and

30-32%. Consider that in this school district one of the factors of participation in the TIF project
is that a school must have at least 30% free or reduced price lunch
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control groups are illustrated in Figure 5.

AIMS Science Data

There are 6,908 observations for two academic years of 2009-10 and 2010-11 in this

data set. The first round of this test was administrated in the spring of 2008. But

the collected data by Amphitheater district is from 2009. Students in grade four,

eight and ten are required to take this test. Moreover, some of the ninth-graders

who took the biology class will take this test as well. The summary statistics of

data are shown in Table 9.30

2.4.5 Estimation Results

Reading Test Sample

The question that need to be answered is that whether the performance of students

improved relative to the absence of the TIF program. To address this question a

basic, effective model31 is a simple difference- in- difference (DID) which includes

a binary program indicator, TIFist, which takes on the value of one if schools par-

ticipate in the TIF program after 2006-07 school year, a year dummy, yrt, which is

equal to one after implementing the program and zero otherwise. The model is:

ln(Yist) = α0 + α1yr + βTIFst + δi + uist (2.3)

Where Yist stands for score of individual i, in school s at year t, δi is an individual

unobserved effect and uist are the idiosyncratic errors. The coefficient of interest is

β which is a DID estimator:

β̂ = ∆Ȳtreat −∆Ȳcontrol (2.4)

Upon comparing pooled versus fixed effects, using the Oaxaca test, the results show

that the fixed effect model fits the data better. Moreover, comparison between fixed

30Before dropping the missing variables and and cleaning the data set.
31The alternative method is regression discontinuity design. I attempted to use this method,

but one of the crucial assumptions of this method does not hold for the reading data set. For more
information please check the appendix.
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and random effect models according to the Hausman test, confirms that the fixed

effect model is more suitable (We cannot reject a hypothesis of the existence of

correlation between error term and covariates.). The results from FE estimation

is shown in the first column of Table 10. According to the results, the coefficient

of interest is 2% that shows the scores of students who are in the treated schools

increased by 2% as a result of this program.

By including covariates, a more general model can be defined as below:

ln(Yist) = γ1 + γ2Xit + γ3Xst + β1TIFst + δi + δs + δt + uist (2.5)

Where δi, δt and δs, respectively, stand for individual, time and school fixed effects.

Xit stands for time-variant student characteristics such as age, age squared and

indicator for ELL students; Xst indicates school characteristics such as percentage of

free or reduced price lunch status, indicator for schools who made adequate progress,

student-teacher ratio, average class size, the percentage of mobile students at the

school and the teacher-turnover rate at school. As is expected, by including the

covariates in the model, the effect of the TIF program on the scores of students in the

treated schools falls from 2% to 0.5% due to elimination of possible bias of coefficient

of interest. To capture the effect of the TIF over years, the model should include

the interaction of TIF dummy with the year-dummy. The third column of Table 10

shows the estimation results from replacing a TIF indicator with interaction terms

that indicate the effect of the TIF program on the reading score over years of the

sample. The effect of this program is more announced as time is passed. Although,

in the first year after implementation, the effect of the program is less than 1%,

its effect is increased to 3% in the fourth year of implementation. It implies that

although the short-run effect of the program is negligible and statistically significant,

in the long-run this program has a positive and higher effect on the reading scores

of students.

Post-estimation tests after running the fixed effect model indicate that error

term is heteroskedastic and serially correlated. The corrected standard errors by
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considering these problems are shown in column 4 and 5 of Table 10.32 According

to the results, coefficients of interests are still significant using corrected standard

errors. Therefore, we can conclude that the TIF program improved the performance

of students on the reading test. This effect was not the same over the years and it is

monotonic. Most of coefficients have expected magnitude and signs. For instance,

in all of the specifications of the model as expected, the coefficient of ELL is neg-

ative and significant. It indicates that scores of ELL students are less than other

students. The negative coefficient of student-teacher ratio shows that performance

of students is better when fewer students are allocated to a teacher. Students in

schools with higher level of poverty (higher needy students) performed worse than

students in other schools. The trend variable only appears in the second and fourth

specifications where there are no year dummies and is positive and significant. The

year dummies in other equations have positive effects that indicate that the read-

ing scores of students are improved over the years. The mobility rate is negatively

associated with the reading achievement of students. Consider that the estimated

effect of the TIF program on the scores of students underestimates the effect of

this program in the schools. Because of lack of data, un-bundling the effect of the

program is not possible. AIMS scores are not the unique outcomes for which we

can find the effect of the program. Moreover, in the current study I cannot identify

the treated teachers and their students. So, I am only able to calculate the average

treatment effect which may be lower than the actual treatment effect.

Math Test Sample

In this section, I follow the same methodology that is used for the reading data set

to estimate the effect of the TIF on the math scores.33 The estimated coefficients

are shown in Table 11. Comparing column 1 and 2 of Table 11, the coefficient

of interest is smaller while controlling for covariates. However, after correction of

32 I estimate the equation through different approaches (Newey-West, Driscoll-Kraay,...) to take
the mentioned problems into account. In all of them the coefficient of interest was almost the
same.

33 Math score that used as a dependent variable is the re-scaled score.
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standard errors, the average effect of the TIF on the math score becomes statistically

insignificant. On the other hand, tracking the effect of this program over the years

indicates that this program has an increasing effect on the math scores over the

years and its effect is more announced in the long-run. Considering that the content

of the math test in 2009-10 has been changed and new cut scores are in place, by

controlling for the time trend and by re-scaling the test scores, I expect that the

coefficient of interest does not include a bias from this source. Other covariates have

similar signs and values as those in the reading sample except that the coefficient of

percentage of FRL is surprisingly positive.

Science Test Sample

The science test sample includes two years of 2009-10 and 2010-11 data which are

after implementing the TIF program for students in grades 4, 8, 9 and 10. Therefore,

I am not able to run the Difference-in-Difference or regression discontinuity design

since I do not have access to the data prior to the program. Using the available

panel data set, on average I can find the association of this program on the scores

of students, but I am not able to difference out the effect of time (i.e. compare the

scores of students in the treated and control schools before and after the program.).

ln(Yist) = γ0 + γ1Xit + γ2Xst + β1TIFst + δi + δt + uist (2.6)

Where TIF in this equation is an indicator for schools which receive the teacher

incentive fund (treated schools) and its coefficient is a coefficient of interest. Com-

paring the pooled OLS model with the fixed effects shows that the fixed effects fits

better with the data. By accounting for unobserved effects such as ability and IQ

of students, the Hausman’s specification test allows one to test the appropriateness

of the random effects. The results from the Hausman test indicates that the fixed

effects estimators are consistent and efficient. According to the Wald test there is

a group-wise heteroskedasticity in the fixed effect model. To address this problem,

robust standard errors are estimated. The results from the estimations are presented

in Table 12. The results of pooled OLS, random and fixed effects with robust stan-
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dard errors are respectively shown in the first, second and third columns of Table

12. Although the coefficient of interest in the fixed effects model has a positive sign,

it has negative sign in two other specifications. Taking fixed effect model as our best

specification, the scores of students in the treated schools is positively associated

with the TIF program.

2.5 Bias in the Coefficient of Interest

In the estimated models, using both data sets, the estimator of coefficient of interest

(coefficient of interaction between the year dummy and indicator of TIF schools)

is not unbiased. Since the higher performance of teachers is positively associated

with the higher achievement of students, the upward bias occurs if high-performing

teachers, receive the incentives. On the other hand, the achievement of students in

the schools with higher percentage of poverty (free or reduced price lunch) is lower

than other schools. The downward bias occurs since the Teacher Incentive Fund goes

to the schools with low AIMS test scores. Because of the fact that the strength of

these two biases is not measurable, the direction of overall bias will remain unclear.

Notice that although the estimator is biased, since the sample size in both data sets

are large this estimator is consistent.

2.6 Regression Discontinuity Design

The alternative methodology for difference-in-difference is regression discontinuity

design (RDD). In the RDD, free or reduced price lunch variable is defined as an

assignment variable. The treatment has a cutoff when free or reduced price lunch is

equal to 30%, i.e. the school is in the TIF program if the assignment variable is equal

or above 30.%34 The score variable which is called an outcome has a discontinuity

at the cutoff point.35 Such discontinuity is a result of treatment effect if the sample

34In the Amphitheater school district, schools which have 30% or more eligible students for FRL
have received TIF grant. Although in other school districts the eligibility level is more than 50%,
there is only one school in the mentioned district that has FRLP less than 50% and received this
grant.

35The results from RDD are in the appendix
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meets four assumptions. The first assumption is that treatment is not randomly

selected. Participation in the TIF grant is not random; therefore this assumption

is met. The second assumption is also met since there is a discontinuity in the

treatment when FRL is at 30%. In this study, individuals cannot manipulate the

assignment variable, so the third assumption is also met. The last crucial assumption

is that conditional on treatment, other variables are smooth functions of assignment

variable. This assumption does not hold for some exogenous variables in our model.

That is, I cannot conclude that the jump in the scores (outcome variable) at the

cutoff is only due to the discontinuity in the level of treatment. Therefore, the

regression discontinuity is not a valid methodology for this study.

2.7 A Glance at the Career Ladder Program

The Career Ladder Program is a performance-based compensation plan that started

back in 1985-86 and will be phased out in 2015-16. Since, both sets of data in this

study are restricted to time span of 2006-07 to 2010-11 and also there is not a

unique test to measure the students’ achievement over the years of operation of this

program, it is not possible to compare the achievement of students pre and post

program. In this case, one possibility is to find the association of this program with

the achievement of students over time prior to the operation of the TIF program.

To this end, by restricting the first data set36 to years prior to the TIF program,

I estimate the association of the Career Ladder with the achievement of students,

using the random effects approach. According to Table 13, the coefficient of Career

Ladder Program (CL) is positive and significant in all of the estimated equations.

Students’ achievement in reading, math and science is positively associated with

the CL program and its magnitude is about 0.1%. Thus, students in the schools

in which teachers participated in the Career Ladder program, have higher scores.

Consider that this is a long-run association between the scores and CL program

since this program has been in place for at least 13 years in the schools. Other

36Since the Amphi Theater school district started the TIF earlier than other schools (there is
only one year data prior to TIF program) in the data set, I exclude this district from this analysis.
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coefficients have expected signs.

2.8 Discussion

By using the administrative data from Arizona public schools, this paper demon-

strates that the TIF program affect the achievement of students in long-run. Fur-

thermore, there is a heterogenous effect of the program on the elementary and middle

schools’ achievements. The following discussion provides three possible explanations

for the findings of this paper. First, test scores are affected differently over the years

of implementation of this program. In the second part of the paper by disaggre-

gating the effect of the program over the four years, it is shown that the AIMS

reading and math scores raised significantly in the last two years of the program,

but they do not have a significant change in the first two years of implementation

of the program. Also, the rate of change is different for these scores. Math scores

increased more rapidly from the first to the second year and afterwards it increased

with a lower rate, however, the reading scores increased with a relatively constant

rate over the years. In the first part of the paper, since most of the treated schools

only received the fund in the last year of the sample, except for a small effect on

the reading score, I do not find a significant effect of the program on other test

scores. In addition, there is only finite resources for the schools that make them

to put more effort on one course (reading) and not much on the others and it can

result in the higher scores in one course but not in others. Second, however each

school district decided on the scheme of the program, almost all of them chose a

group-based scheme. Usually group-based incentive schemes have a potential for

free-riding and they might not be as effective as individual schemes. Opponents of

teacher incentive programs also believe that such programs lead to the “teaching to

the test” and divert teachers from another purpose of teaching which is motivating

“creative thinking” in students. Third, the main focus of the Teacher Incentive

Fund program is to improve the achievement of students by encouraging teachers

to perform better and more effective in classes. However, this program is achieved

this goal by marginal improvement in the scores of students, there is still a missing
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link that can help to reach this goal more effectively. Since, students are the main

factor to affect on their own performance, the more effort and the more time that

they allocate to study after school, the better performance they will have at school.

Therefore, in addition to encouraging teachers to perform better, after school pro-

grams and also studying at home are other concerns that lead to higher performance

of students.

One of the informative task to do would be cost-benefit analysis of the TIF

program. From the cost perspective, on average each school will receive about

$80,000-$150,00037 per year to run this program. From the benefit perspective, only

the percentage of the effect of the program on the achievement of students, which

is on average 1%, is available. Without considering other possible benefits of the

program, an assessment of the effectiveness of the program is warranted based on

the marginal increase in test scores.

The other interesting task to do would be to unbundle different parts of the

teacher incentive program and specifically determine the effect of each part on the

achievement of students. Knowing relative effectiveness of each part of the program

is of great importance for policy making purposes. Unbundling different parts of the

teacher incentive program is not performed in this study because of lack of available

data.

Recently new legislations deviated from teacher incentive for the high perform

teachers within the schools. Policy makers focus on the pilot program of bonuses

and incentive to encourage good teachers to go to the low-performing schools38.

For example, “The Highly Effective Teacher Incentive Act of 2011” is such an

experiment in D.C. to evaluate how does teacher incentive would have an impact

on the performance of students in the high need schools, when teachers move to

the high need schools.

37The author calculation from the cost data provided in the part 3 of the paper.
38 ”Brown introduces D.C. teacher incentive bill”, Washington post, accessed at:Nov 7th, 2011.

" http://www.washingtonpost.com/blogs/dc-schools-insider/post/brown-introduces-dc-teacher-incentive-bill/2011/11/03/gIQAzHr7iM_blog.html"#o.n
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Table 2.1: Compensation system of the TIF program

Amphitheater ASU Maricopa Safford

Federal Total Fund $26,328,699 $43,831,564 $51,539,507 $3,277,055
Average Annual Fund $5,265,740 $8,766,313 $10,307,901 $655,411
Average Number of Eligible Teachers 470 1,710 3,380 16
Teachers’ Compensation $625-$5,000 $1,500-$5,000 $3,000-$5,000 $1,400-$3,500
Principals’ Compensation $1,250-$5,000 $1,400-$7,000 $3,000-$5,000 $2,000-$4,500
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Table 2.2: Reading Test: Descriptive Statistics of Treatment and Control groups

2007-2010 2010-2011
Variables Treatment* Control I Control II Treatment Control I Control II
Average enrollment 726.18 628.14 570.02 658.79 605.20 552.80

(238.78)** (264.14) (254.25) (210.14) (248.50) (236.33)

% Free or reduced price lunch 0.67 0.49 0.73 0.74 0.52 0.73
(0.26) (0.27) (0.14) (0.23) (0.27) (0.14)

%English language learners 0.25 0.16 0.23 0.19 0.11 0.14
(0.18) (0.15) (0.15) (0.15) (0.11) (0.12)

%Student-teacher ratio 19.25 17.87 17.93 18.59 17.41 17.10
(3.35) (4.67) (4.89) (2.92) (3.44) (3.70)

%Female per grade 0.61 0.62 0.62 0.63 0.63 0.63
(0.17) (0.19) (0.19) (0.17) (0.18) (0.20)

%White students 0.29 0.45 0.28 0.27 0.44 0.30
(0.28) (0.29) (0.26) (0.27) (0.29) (0.26)

%Hispanic 0.58 0.41 0.57 0.58 0.42 0.55
(0.31) (0.29) (0.29) (0.31) (0.29) (0.28)

%American-Indian 0.08 0.06 0.09 0.09 0.06 0.08
(0.20) (0.17) (0.22) (0.23) (0.17) (0.20)

%Black 0.05 0.05 0.06 0.05 0.05 0.05
(0.05) (0.06) (0.07) (0.05) (0.05) (0.06)

%Asian 0.02 0.03 0.01 0.04 0.05 0.03
(0.02) (0.03) (0.02) (0.04) (0.07) (0.04)

Reading score 480.69 489.49 476.77 488.62 497.20 487.21
(29.29) (30.36) (26.87) (29.64) (30.42) (27.64)

Sample size 2,403 12,804 6,415 624 3,306 1,859

*Treatment refers to the students in the Treatment group, Control I refers to all schools which do not receive the TIF
and Control II refers to all of the eligible schools which do not receive the TIF.**Numbers in the parentheses are standard
deviations.
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Table 2.3: Math Test: Descriptive Statistics of Treatment and Control groups

2007-2010 2010-2011
Variables Treatment* Control I Control II Treatment Control I Control II
Average enrollment 796.85 707.29 642.08 741.52 672.59 626.33

(372.18)** (323.50) (270.93) (329.21) (297.93) (261.88)

% Free or reduced price lunch 0.78 0.52 0.74 0.85 0.56 0.74
(0.22) (0.27) (0.14) (0.16) (0.26) (0.14)

%English language learners 0.31 0.16 0.23 0.21 0.10 0.15
(0.17) (0.15) (0.15) (0.15) (0.11) (0.12)

%Student-teacher ratio 20.05 18.36 18.46 19.90 17.51 17.26
(3.57) (4.57) (4.67) (2.61) (3.16) (3.30)

%Female per grade 0.65 0.58 0.59 0.66 0.59 0.60
(0.19) (0.17) (0.18) (0.20) (0.17) (0.18)

%White students 0.11 0.47 0.24 0.10 0.37 0.26
(0.14) (0.29) (0.22) (0.14) (0.26) (0.22)

%Hispanic 0.75 0.40 0.62 0.75 0.48 0.59
(0.26) (0.27) (0.27) (0.25) (0.28) (0.25)

%American-Indian 0.08 0.06 0.08 0.07 0.05 0.07
(0.23) (0.16) (0.20) (0.22) (0.15) (0.17)

%Black 0.06 0.06 0.06 0.06 0.06 0.06
(0.06) (0.06) (0.07) (0.06) (0.05) (0.06)

%Asian 0.01 0.02 0.01 0.03 0.05 0.03
(0.02) (0.03) (0.01) (0.04) (0.06) (0.03)

Math score 385.37 394.64 380.88 389.14 396.54 388.72
(60.55) (61.30) (48.82) (31.75) (32.13) (28.91)

Sample size 1,328 10,719 5,923 334 2,728 1,705

*Treatment refers to the students in the Treatment group, Control I refers to all schools which do not receive the TIF
and Control II refers to all of the eligible schools which do not receive the TIF.**Numbers in the parentheses are standard
deviations.
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Table 2.4: Science Test: Descriptive Statistics of Treatment and Control groups

2008-2010 2010-2011
Variables Treatment* Control I Control II Treatment Control I Control II
Average enrollment 749.02 674.75 627.71 712.09 645.88 610.25

(241.83)** (240.04) (227.83) (209.41) (222.79) (210.86)

% Free or reduced price lunch 0.80 0.55 0.74 0.84 0.57 0.74
(0.18) (0.27) (0.14) (0.17) (0.26) (0.14)

%English language learners 0.29 0.16 0.21 0.20 0.11 0.14
(0.16) (0.14) (0.15) (0.15) (0.11) (0.12)

%Student-teacher ratio 19.84 18.22 18.33 20.02 17.50 17.29
(3.44) (4.38) (4.62) (2.45) (3.15) (3.31)

% Female per grade 0.24 0.19 0.20 0.25 0.19 0.20
(0.09) (0.08) (0.08) (0.09) (0.08) (0.09)

%White students 0.11 0.39 0.25 0.11 0.37 0.26
(0.15) (0.28) (0.22) (0.14) (0.26) (0.22)

%Hispanic 0.76 0.49 0.62 0.76 0.50 0.60
(0.27) (0.29) (0.27) (0.24) (0.28) (0.26)

%American-Indian 0.07 0.06 0.08 0.06 0.05 0.07
(0.23) (0.16) (0.20) (0.19) (0.15) (0.17)

%Black 0.06 0.07 0.06 0.06 0.06 0.06
(0.06) (0.05) (0.07) (0.06) (0.06) (0.06)

%Asian 0.02 0.03 0.01 0.03 0.05 0.03
(0.02) (0.03) (0.02) (0.05) (0.06) (0.04)

Science score 482.95 502.29 491.68 491.61 512.40 500.99
(14.34) (22.43) (16.08) (14.01) (25.86) (17.40)

Sample size 317 2424 1428 103 822 520

*Treatment refers to the students in the Treatment group, Control I refers to all schools which do not receive the TIF
and Control II refers to all of the eligible schools which do not receive the TIF.**Numbers in the parentheses are standard
deviations.
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Table 2.5: The Effect of Teacher Incentive Fund on Student Achievement

AIMS Reading Test
Control I Control II Control I Control II

TIFs 0.0060** 0.0045 0.0060*** 0.0045***
(0.0029) (0.0029) (0.0010) (0.0007)

%ELL - 0.0616*** -0.0447*** -0.0616*** -0.0447***
(0.0082) (0.0074) (0.0060) (0.0017)

%Student-teacher ratio -0.0005*** -0.0004*** -0.0005*** -0.0004***
(0.0001) (0.0001) (0.00006) (0.00005)

CLs×TIFs -0.0092*** -0.0100*** -0.0092*** -0.0100***
(0.0031) (0.0030) (0.0022) (0.0024)

%FRL -0.0011 -0.0070*** -0.0011 -0.0070***
(0.0016) (0.0023) (0.0007) (0.0006)

% Female Students 0.0006 -0.0007 0.0006 -0.0007
(0.0033) (0.0038) (0.0006) (0.0019)

number of observations 15,912 10,023 15,912 10,023
R-squared 0.30 0.35 0.30 0.35

AIMS Math Test
Control I Control II Control I Control II

TIFs -0.0006 -0.0036 -0.0006 -0.0036**
(0.0054) (0.0053) (0.0007) (0.0009)

%ELL - 0.0936*** -0.0594*** - 0.0936*** -0.0594***
(0.0119) (0.0130) (0.0075) (0.0036)

%Student-teacher ratio -0.0008*** -0.0006** -0.0008*** -0.0006***
(0.0002) (0.0002) (0.0001) (0.0001)

CLs×TIFs -0.0028 -0.0037 -0.0028 -0.0037**
(0.0068) (0.0068) (0.0017) (0.0011)

%FRL 0.0022 -0.0049 0.0022* -0.0049
(0.0026) (0.0044) (0.0010) (0.0032)

% Female Students -0.0046 -0.0053*** -0.0046** -0.0053
(0.0056) (0.0068) (0.0016) (0.0034)

number of observations 14,819 9,232 14,819 9,232
R-squared 0.20 0.24 0.20 0.25

AIMS Science Test
Control I Control II Control I Control II

TIFs -0.0008 0.0007 -0.0008 0.0007
(0.0035) (0.0036) (0.0007) (0.0006)

%ELL - 0.00003 -0.0183* - 0.00003 -0.0183
(0.0096) (0.0100) (0.0093) (0.0087)

%Student-teacher ratio -0.0005** -0.0002 -0.0005* -0.0002
(0.0002) (0.0002) (0.0001) (0.0002)

CLs×TIFs -0.0056 -0.0056 -0.0056 -0.0056
(0.0081) (0.0002) (0.0031) (0.0032)

%FRL 0.0008 0.0007 0.0008** 0.0007
(0.0026) (0.0049) (0.0002) (0.0041)

% Female Students 0.0030 -0.0027 0.0030** 0.0027
(0.0112) (0.0145) (0.0006) (0.0063)

number of observations 3,721 2,411 3,721 2,411
R-squared 0.38 0.34 0.38 0.34

***1% significant level. **5% significant level.*10% significant level. In the first two columns cluster standard errors
on the schools are reported in the parentheses. In the last two columns, Driscol-Kraay standard errors are reported
in the parentheses.
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Table 2.6: The Effect of Teacher Incentive Fund on the Student Achievement: Ele-
mentary/Middle Schools

AIMS Reading Test
Elementary Schools Middle Schools

Control I Control II Control I Control II
TIFs 0.0074*** 0.0058*** 0.0023*** 0.0007

(0.0012) (0.0008) (0.0002) (0.0004)

%ELL - 0.0571*** -0.0445*** -0.0686*** -0.0476***
(0.0062) (0.0025) (0.0037) (0.0018)

%Student-teacher ratio -0.0004* -0.0003*** -0.0006*** -0.0006***
(0.0001) (0.00007) (0.0001) (0.0001)

CLs×TIFs -0.0101** -0.0106** -0.0055** -0.0063**
(0.0023) (0.0025) (0.0013) (0.0016)

%FRL -0.0004 -0.0071*** -0.0024 -0.0058**
(0.0004) (0.0008) (0.0012) (0.0014)

% Female Students 0.0010 0.0007 0.0012 -0.0002
(0.0017) (0.0037) (0.0029) (0.0022)

R-square 0.24 0.28 0.45 0.50
number of observations 10,098 6,287 5,814 3,736

AIMS Math Test
Elementary Schools Middle Schools

Control I Control II Control I Control II
TIFs -0.0035* -0.0043* 0.0003 -0.0008

(0.0013) (0.0015) (0.0003) (0.0007)

%ELL -0.0331** -0.0338*** -0.0498*** -0.0454***
(0.0099) (0.0019) (0.0084) (0.0067)

%Student-teacher ratio -0.0002 -0.0001 -0.0009*** -0.0008***
(0.00017) (0.00007) (0.0001) (0.0001)

CLs×TIFs 0.0007 -0.0004 -0.0064** -0.0077**
(0.0014) (0.0015) (0.0017) (0.0018)

%FRL 0.0034*** -0.0085* 0.0018 -0.0002
(0.0006) (0.0033) (0.0030) (0.0015)

% Female Students -0.0036 -0.0066 -0.0072* -0.0099***
(0.0017) (0.0035) (0.0028) (0.0017)

R-square 0.96 0.96 0.98 0.98
number of observations 9,512 5,815 5,307 3,417

AIMS Science Test
Elementary Schools Middle Schools

Control I Control II Control I Control II
TIFs -0.0064*** -0.0029*** 0.0059* 0.0036

(0.0004) (0.0006) (0.0019) (0.0020)

%ELL 0.0054 0.0139 - 0.0083* -0.0173
(0.0141) (0.0119) (0.0027) (0.0149)

%Student-teacher ratio -0.0002 -0.00002 -0.0007** -0.0004
(0.0002) (0.0002) (0.0001) (0.0002)

CLs×TIFs -0.0028 -0.0032 0.0009 0.0024
(0.0030) (0.0032) (0.0043) (0.0044)

%FRL 0.0021 -0.0025 -0.0013 0.0067
(0.0009) (0.0032) (0.0012) (0.0051)

% Female Students -0.0052* -0.0167 0.0159** 0.0161**
(0.0007) (0.0100) (0.0028) (0.0032)

R-square 0.37 0.30 0.45 0.45
number of observations 2,541 1,597 1,180 814

***1% significant level. **5% significant level*10% significant level. Discroll-Kraay
standard errors are reported in the parentheses.
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Table 2.7: Amphitheater District Reading Test: Descriptive Statistics of Treatment
and Control groups

2006-2007 2007-2011
Variables Treatment Non-Participants Treatment Non-Participants
Average enrollment 845.82 1,147.28 783.45 1,117.52

(317.58) (477.91) (296.20) (482.77)

Average Class Size 12.88 14.86 12.40 15.48
(2.62) (4.07) (2.98) (4.47)

% Free or reduced lunch 0.69 0.12 0.72 0.17
(0.25) (0.20) (0.19) (0.06)

%English language learners 0.15 0.01 0.09 0.008
(0.11) (0.003) (0.09) (0.005)

Average student-teacher ratio 14.48 16.81 14.30 17.45
(1.25) (1.07) (1.54) (1.32)

Teacher turnover rate 0.11 0.08 0.23 0.20
(0.08) (0.04) (0.14) (0.13)

%Male students 0.51 0.51 0.52 0.51
(0.50) (0.50) (0.50) (0.50)

%White 0.34 0.76 0.33 0.72
(0.47) (0.42) (0.47) (0.45)

%Hispanic 0.54 0.17 0.54 0.19
(0.49) (0.37) (0.50) (0.39)

%American-Indian 0.03 0.01 0.03 0.007
(0.17) (0.08) (0.18) (0.09)

%Black 0.05 0.02 0.06 0.03
(0.23) (0.15) (0.24) (0.18)

%Asian 0.03 0.03 0.03 0.04
(0.16) (0.18) (0.17) (0.21)

Average Yearly Progress 0.68 0.87 0.71 0.80
(0.47) (0.33) (0.45) (0.40)

Reading score 507.77 570.90 511.75 574.99
(80.85) (102.71) (79.30) (104.49)

Sample size 4,605 4,147 15,888 15,529

Standard errors are shown in the parentheses.
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Table 2.8: Amphitheater District Math Test: Descriptive Statistics of Treatment
and Control groups

2006-2007 2007-2011
Variables Treatment Non-Participants Treatment Non-Participants
Average enrollment 848.19 1,152.29 789.11 1,127.12

(319.36) (478.58) (299.51) (485.90)

Average Class Size 12.88 14.87 12.42 15.52
(2.61) (4.05) (2.97) (4.57)

% Free or reduced lunch 0.69 0.12 0.71 0.16
(0.20) (0.04) (0.19) (0.05)

%English language learners 0.15 0.01 0.09 0.009
(0.35) (0.10) (0.29) (0.09)

Average student-teacher ratio 14.48 16.81 14.29 17.47
(1.25) (1.07) (1.53) (1.32)

Teacher turnover rate 0.11 0.08 0.23 0.20
(0.08) (0.04) (0.14) (0.13)

%Male students 0.51 0.51 0.52 0.51
(0.49) (0.50) (0.49) (0.49)

%White 0.34 0.75 0.33 0.72
(0.47) (0.42) (0.47) (0.44)

%Hispanic 0.54 0.17 0.53 0.19
(0.49) (0.37) (0.49) (0.39)

%American-Indian 0.03 0.006 0.03 0.008
(0.17) (0.08) (0.17) (0.08)

%Black 0.06 0.02 0.06 0.03
(0.23) (0.16) (0.24) (0.17)

%Asian 0.02 0.03 0.03 0.04
(0.16) (0.18) (0.17) (0.20)

Average Yearly Progress 0.67 0.87 0.70 0.79
(0.46) (0.33) (0.45) (0.40)

Math score 426.35 498.71 418.47 474.23
(106.81) (136.47) (90.43) (115.22)

Sample size 4,625 4,182 16,049 15,747

Standard errors are shown in the parentheses.
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Table 2.9: Amphitheater District Science Test: Descriptive Statistics of Treatment
and Control groups

2009-2011
Variables Treatment Non-participants
Average enrollment 812.76 1,306.13

(316.27) (517.38)

Average Class Size 12.66 16.78
(3.04) (4.24)

% Free or reduced lunch 0.74 0.18
(0.18) (0.06)

%English language learners 0.07 0.01
(0.25) (0.07)

Average student-teacher ratio 14.42 18.20
(1.25) (1.33)

Teacher turnover rate 0.32 0.30
(0.13) (0.14)

%Male students 0.52 0.50
(0.50) (0.50)

%White 0.30 0.68
(0.46) (0.46)

%Hispanic 0.46 0.18
(0.50) (0.38)

%American-Indian 0.03 0.01
(0.17) (0.08)

%Black 0.06 0.03
(0.23) (0.18)

%Asian 0.03 0.04
(0.18) (0.20)

Average Yearly Progress 0.61 0.60
(0.48) (0.33)

%Mobility 0.36 0.16
(0.08) (0.03)

Reading score 502.27 530.74
(64.84) (61.09)

Sample size 3,120 3,788

Standard errors are shown in the parentheses.
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Table 2.10: The Effect of Teacher Incentive Fund on the Student Achievement in
Amphitheater School District

AIMS Reading Test

Basic DID Extended DID
1 2 3 4 5

TIF 0.0164*** 0.0044** - 0.0044** -
(0.0016) (0.0019) (-) (0.0013) (-)

Y eardummy 0.0494*** - - - -
(0.0013) (-) (-) (-) (-)

English language learners - -0.0262*** -0.0238*** -0.0262*** -0.0238***
(-) (0.0026) (0.0026) (0.0033) (0.0035)

%Free or Reduced Price Lunch - -0.0500*** -0.0520*** -0.0500 -0.0520***
(-) (0.0139) (0.0154) (0.0369) (0.0072)

Student-Teacher ratio - -0.0050** -0.0110*** -0.0050 -0.0110***
(-) (0.0021) (0.0021) (0.0031) (0.0011)

Age - 0.0435*** 0.0428*** 0.0435*** 0.0428***
(-) (0.0028) (0.0028) (0.0028) (0.0026)

Age-Squared - -0.0021*** -0.0022*** -0.0021*** -0.0022***
(-) (0.0001) (0.0001) (0.0001) (0.0001)

Progress - 0.0015 0.0017 0.0015 0.0017
(-) (0.0011) (0.0011) (0.0014) (0.0016)

Time Trend - - 0.0372*** - 0.0372***
(-) (-) (0.0013) (-) (0.0010)

Average Class Size - 0.0048** 0.0117*** 0.0048 0.0117***
(-) (0.0022) (0.0022) (0.0028) (0.0013)

Mobility rate - -0.0372*** -0.0317*** -0.0372*** -0.0317***
(-) (0.0078) (0.0077) (0.0046) (0.0030)

Teacher-turnover rate - -0.0057 -0.0128*** -0.0057 -0.0128***
(-) (0.0055) (0.0039) (0.0069) (0.0020)

Interaction of TIF and Year-dummy
TIF×Y R08 - - 0.0030** - 0.0030**

(-) (-) (0.0015) (-) (0.0009)

TIF×Y R09 - - 0.0119*** - 0.0119***
(-) (-) (0.0020) (-) (0.0012)

TIF×Y R10 - - 0.0225*** - 0.0225***
(-) (-) (0.0027) (-) (0.0011)

TIF×Y R11 - - 0.0345*** - 0.0345***
(-) (-) (0.0031) (-) (0.0015)

R-Square 0.16 0.47 0.47 0.47 0.47
number of observations 32,991 32,991 32,991 32,991 32,991

***1% significant level, **5% significant level, *10% significant level. In columns
1,2 and 3 robust standard errors are reported in the parentheses. In column 4 and
5, the standard errors are corrected for autocorrelation and heteroskedasticity using
Discroll-Kraay method.
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Table 2.11: The Effect of Teacher Incentive Fund on the Student Achievement in
Amphitheater School District

AIMS Math Test

Basic DID Extended DID
1 2 3 4 5

TIF 0.0260*** 0.0057** - 0.0057 -
(0.0022) (0.0023) (-) (0.0032) (-)

Y eardummy 0.0619*** - - - -
(0.0017) (-) (-) (-) (-)

English language learners - -0.0290*** -0.0269*** -0.0290*** -0.0269***
(-) (0.0032) (0.0032) (0.0022) (0.0026)

%Free or Reduced Price Lunch - 0.0335* 0.0560*** 0.0335 0.0560**
(-) (0.0176) (0.0194) (0.0344) (0.0160)

Student-Teacher ratio - -0.0150** -0.0203*** -0.0150 -0.0203*
(-) (0.0028) (0.0028) (0.0078) (0.0083)

Age - 0.1254*** 0.1252*** 0.1254*** 0.1252***
(-) (0.0161) (0.0147) (0.0154) (0.0163)

Age-Squared - -0.0058*** -0.0058*** -0.0058*** -0.0058***
(-) (0.0001) (0.0001) (0.0009) (0.0009)

Progress - 0.0039*** 0.0047*** 0.0039* 0.0047**
(-) (0.0015) (0.0015) (0.0018) (0.0016)

Time Trend - - 0.0292** - 0.0292**
(-) (-) (0.0143) (-) (0.0078)

Average Class Size - 0.0169*** 0.0213*** 0.0169* 0.0213*
(-) (0.0028) (0.0029) (0.0077) (0.0085)

Mobility rate - -0.0841*** -0.0702*** -0.0841* -0.0702
(-) (0.0102) (0.0100) (0.0367) (0.0341)

Teacher-turnover rate - 0.0127* 0.0118** 0.0127 0.0118
(-) (0.0069) (0.0046) (0.0094) (0.0063)

Interaction of TIF and Year-dummy
TIF*YR08 - - 0.0076*** - 0.0076*

(-) (-) (0.0018) (-) (0.0032)

TIF*YR09 - - 0.0216*** - 0.0216**
(-) (-) (0.0025) (-) (0.0060)

TIF*YR10 - - 0.0281*** - 0.0281**
(-) (-) (0.0034) (-) (0.0086)

TIF*YR11 - - 0.0300*** - 0.0300*
(-) (-) (0.0038) (-) (0.0119)

R-Square 0.17 0.49 0.50 0.49 0.50
Number of observations 3,2968 3,2968 3,2968 3,2968 3,2968

***1% significant level, **5% significant level, *10% significant level. In columns
1,2 and 3 robust standard errors are reported in the parentheses. In column 4 and
5, the standard errors are corrected for autocorrelation and heteroskedasticity using
Discroll-Kraay method.
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Table 2.12: The Effect of Teacher Incentive Fund on the Science Scores in Am-
phitheater School District

AIMS Science Test

Pooled OLS Random Effects Fixed Effects
1 2 3

TIF - 0.0422*** -0.0316*** 0.0300*
(0.0040) (0.0181) (0.0174)

Teacher-turnover rate 0.0262 -0.0802*** -0.0260
(0.0192) (0.0182) (0.1240)

Student-Teacher ratio 0.0017* 0.0011 0.0034
(0.0010) (0.0009) (0.0055)

Progress 0.0373*** 0.0276*** 0.0072
(0.0029) (0.0025) (0.0076)

Average Class Size -0.0045*** -0.0040*** 0.0019**
(0.0004) (0.0003) (0.0008)

Female 0.0007 0.0001 -
(0.0025) (0.0027) (-)

Race and ethnicity
White 0.0132* 0.0131* -

(0.0070) (0.0075) (-)

Hispanic -0.0374*** -0.0427*** -
(0.0072) (0.0077) (-)

Black -0.0413*** -0.0461*** -
(0.0089) (0.0094) (-)

American-Indian -0.0413*** -0.0460*** -
(0.0113) (0.0119) (-)

R-Square 0.17 0.17 0.27
Number of observations 6,324 6,324 6,324

***1% significant level, **5% significant level, *10% significant level. Robust stan-
dard errors to group-wise heteroskedasticity are reported in the parenthesis.
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Table 2.13: The Effect of Career Ladder Program on the Student Achievement

Dependent Variables
AIMS Reading Score AIMS Math Score AIMS Science Score

CL 0.0087*** 0.0162*** 0.0108***
(0.0016) (0.0028) (0.0015)

%Free or Reduced Price Lunch -0.0060 -0.0029*** -0.0128***
(0.0013) (0.0023) (0.0027)

Student-Teacher ratio -0.0004*** -0.0005*** -0.0004***
(0.0001) (0.0001) (0.0001)

% ELL -0.0696*** -0.1021*** -0.0441***
(0.0049) (0.0079) (0.0060)

Trend 0.0039*** 0.0036*** 0.0094***
(0.0002) (0.0003) (0.0005)

% Female 0.0292*** 0.0431*** -0.0082
(0.0027) (0.0047) (0.0065)

R-Square 0.37 0.23 0.70
Number of observations 12,713 11,630 2,741

***1% significant level, **5% significant level, *10% significant level. Bootstrap
standard errors are reported in the parenthesis.



96

2.9 Kernel Density Estimates of AIMS Test Scores in Each Year

The Kernel density estimates of reading, math and science test scores for treatment

and control groups are illustrated in Figures 7 through 12. The first three figures

are for the first data set and the second three figures are used the data from the

second data set.
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Figure 2.8: AIMS Math Scores from the First data set



99

0
.0

1.
02

.0
3

D
en

si
ty

400 450 500 550 600
AIMS Science Scores

Treatment Group

Control Group

kernel = epanechnikov, bandwidth = 4.7811

2007−2008

0
.0

1.
02

.0
3

D
en

si
ty

400 450 500 550 600
AIMS Science Scores

Treatment Group

Control Group

kernel = epanechnikov, bandwidth = 5.4630

2008−2009
0.0

05.
01.

01
5.0

2

D
en

si
ty

400 450 500 550 600
AIMS Science Scores

Treatment Group

Control Group

kernel = epanechnikov, bandwidth = 6.1645

2009−2010

0
.0

1
.0

2

D
en

si
ty

400 450 500 550 600
AIMS Science Scores

Treatment Group

Control Group

kernel = epanechnikov, bandwidth = 5.7195

2010−2011

Comparison between Kernel Density Estimates of AIMS Science Scores

Figure 2.9: AIMS Science Scores from the First data set
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Figure 2.10: AIMS Science Scores from the Second data set
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Figure 2.11: AIMS Science Scores from the Second data set
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2.10 The Effect of Teacher Incentive Fund Using the first data set

In the first set of data there are some missing values for FRL and ELL students. By

imputing the data set and estimating the model the results will be similar to the

one with dropping these data from the sample which is illustrated in the Table 5.

These results are illustrated in Table 14.
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2.11 Regression Discontinuity

Results from estimation of the reading equation using the RDD are presented in

Table 15.
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Table 2.14: The Effect of Teacher Incentive Fund on Student Achievement

AIMS Reading Test
Control I Control II Control I Control II

TIF×Y eardummy 0.0068*** 0.0048*** 0.0068*** 0.0048***
(0.0019) (0.0001) (0.0005) (0.0006)

%English language learners - 0.0446*** -0.0276*** -0.0446*** -0.0276***
(0.0038) (0.0038) (0.0071) (0.0045)

%Student-teacher ratio -0.0004*** -0.0004*** -0.0004*** -0.0004***
(0.00007) (0.00009) (0.00002) (0.00003)

%FRL 0.0005 -0.0037** 0.0005 -0.0037***
(0.0008) (0.0015) (0.0004) (0.0004)

Time Trend 0.0046*** 0.0060*** 0.0046*** 0.0060***
(0.0001) (0.0001) (0.0001) (0.0002)

number of observations 21,826 12,114 21,862 12,114
R-squared 0.25 0.29 0.25 0.29

AIMS Math Test
Control group I Control group II Control group I Control group II

TIF×Y eardummy 0.0002 -0.0040 0.0002 -0.0040
(0.0037) (0.0038) (0.0007) (0.0020)

%English language learners - 0.0703*** -0.0409*** -0.0703*** -0.0409***
(0.0064) (0.0067) (0.0106) (0.0085)

%Student-teacher ratio -0.0004*** -0.0002 -0.0004 -0.0002
(0.0001) (0.0002) (0.00004) (0.0001)

%FRL 0.0039** -0.0025 0.0039* -0.0025
(0.0016) (0.0033) (0.0010) (0.0018)

Time Trend 0.0055*** 0.0083*** 0.0055*** 0.0083***
(0.0002) (0.0004) (0.0003) (0.0004)

number of observations 20,644 11,606 20,644 11,606
R-squared 0.15 0.20 0.20 0.20

AIMS Science Test
Control group I Control group II Control group I Control group II

TIF×Y eardummy -0.0023 0.0003 -0.0023* 0.0003
(0.0034) (0.0035) (0.0009) (0.0010)

%English language learners - 0.0005 -0.0087 - 0.0005 -0.0087
(0.0072) (0.0082) (0.0131) (0.0122)

%Student-teacher ratio 0.00002 -0.00004 0.00002 -0.00004
(0.0001) (0.0002) (0.0001) (0.0001)

%FRL -0.0006 -0.0032 -0.0006 -0.0032
(0.0018) (0.0035) (0.0009) (0.0042)

Time Trend 0.0095*** 0.0086*** 0.0095*** 0.0086***
(0.0003) (0.0004) (0.0002) (0.0003)

number of observations 6,557 3,537 6,557 3,537
R-squared 0.33 0.28 0.33 0.28

***1% significant level, **5% significant level, *1% significant level. In the first two
columns robust standard errors are reported in the parenthesis.
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Table 2.15: The Effect of Teacher Incentive Fund on the Student Achievement in
Amphitheater School District Using Regression Discontinuity

AIMS Reading Test

1 2 3 4 5
Treatment effect (Wald estimator) -0.2132*** -0.0785*** -0.1324*** -0.1324*** -0.0927*

(0.0303) (0.0360) (0.0174) (0.0221) (0.0539)

Polynomial order 0 1 0 1 1
Covariates no no no no yes
Bandwidth 0.05 0.05 0.1 0.1 0.1

***1% significant level, **5% significant level, *10% significant level. Bootstrapped
standard errors are reported in the parentheses.

2.12 Heterogeneity in the Effect of TIF on Elementary/Middle school students in
Amphitheater

The results from breaking the Amphitheater sample to the elementary and middle

school students shows in Table 16. The coefficient of interest in the reading test

is larger in elementary schools than in middle schools. On the other hand, there

is no statistically significant association between the TIF program and math scores

in elementary schools, but there is a positive association between this program and

math scores of students in middle schools. For the science test, the coefficient of

interest is only significant for middle school students. It shows that there is a

heterogeneity in the effect of the TIF program in different test topics within the

elementary and middle school students.
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Table 2.16: Heterogeneity in the Effect of TIF on Elemenrary/Middle school stu-
dents in Amphitheater

AIMS Reading Test
Elementary Schools Middle Schools

1 2 3 4
TIF 0.0127*** - 0.0022* -

(0.0013) - (0.008) -
Interaction of TIF and Year-dummy
TIF×Y R08 - 0.0055*** - 0.0034***

- (0.0008) - (0.0011)

TIF×Y R09 - 0.0197*** - 0.0046**
- (0.0008) - (0.0017)

TIF×Y R10 - 0.0283*** - 0.0149***
- (0.0008) - (0.0011)

TIF×Y R11 - 0.0497*** - 0.0147***
- (0.0007) - (0.0049)

R-Square 0.42 0.43 0.90 0.90
number of observations 16,862 16,862 23,155 23,155

AIMS Math Test
Elementary Schools Middle Schools

TIF 0.0023 - 0.0075*** -
(0.0013) - (0.0025) -

Interaction of TIF and Year-dummy
TIF×Y R08 - -0.0010 - 0.0068***

- (0.0031) - (0.0021)

TIF×Y R09 - 0.0072 - 0.0323***
- (0.0049) - (0.0046)

TIF×Y R10 - 0.0157*** - 0.0411***
- (0.0037) - (0.0074)

TIF×Y R11 - 0.0162 - 0.0520***
- (0.0094) - (0.0085)

R-Square 0.50 0.50 0.15 0.15
number of observations 16,844 16,844 16,061 16,061

***1% significant level, **5% significant level, *10% significant level. For read-
ing test, AR(1) disturbance and for math test, Driscoll-Kraay standard errors are
reported in the parentheses.
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CHAPTER 3

IS THERE AN ACHIEVEMENT GAP BETWEEN FIRST AND SECOND
GENERATION IMMIGRANT STUDENTS VERSUS NATIVES? EVIDENCE

FROM ARIZONA

3.1 Introduction

The rapidly growing population of a new generation of immigrant students in the US

has been the focus of researchers in recent years. Not only the number of immigrants

with legal status is growing, but also the number of immigrant students with illegal

status is increasing. Implementation of the No Child Left Behind legislation high-

lights the importance of monitoring the achievement gap among different groups of

students, including immigrant students, to ensure equal opportunity for all students

to access high quality education. In 2009, 23% of K-12 students are categorized

as immigrants, from which approximately 70% are from legal immigrant families.

Among students from illegal immigrant families, 79% were born in the US and the

rest were born abroad.1 This paper studies the academic achievement gap between

immigrant and native students in the US.

Immigrant students will play an important role in the formation of human cap-

ital in the US labor market in coming years. Immigrant students can invest in

human capital through schooling and learning destination specific skills. A higher

quality of schooling and higher academic performance of these students may lead

to higher educational attainment. Today’s better educated students will create a

more productive workforce for the future labor market, which directly affects the

economy. Differences between immigrant and native students in the level of profi-

ciency in English language, educational background, attitude towards education and

cross-cultural challenges are reflected in differences in the performance of these two

1Jeffrey S. Passel and Paul Taylor, Undocumented Immigrants and Their US-Born Children
(Washington: Pew Hispanic Center, 2010)
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groups of students. Previous studies show the existence of an achievement gap and

an educational attainment gap among different nativity and racial groups. Most of

the studies that focus on the achievement gap among immigrant students and na-

tives use cross-sectional data from metropolitan areas in the country and they fail

to distinguish between first and second generation children of immigrants. Different

generations of immigrant students differ in various dimensions such as family socioe-

conomic status, country of origins, ethnicity, linguistic and cultural characteristics

and parental education in the host country. Unlike first-generation students, second-

generation students are born and earn all their education in the US. Similar to the

first-generation students, parents of second-generation students play an important

role in the formation of their human capital. As a result of existence of these differ-

ences, there is no guarantee that the achievement gap between first-generation and

native students is equal to that of second-generation and native students. Failing to

distinguish between different generations of immigrant students and putting them

together as one group may result in over- or under- estimation of the achievement

gap. This can be misleading in terms of making policy decisions with respect to im-

migrant students. The current study utilizes a rich set of panel data from 2006-2007

to 2010-2011 school years from elementary and middle school level students in the

state of Arizona. This data set allows for distinguishing first and second-generation

students and comparing their academic achievement with that of native students2.

Compared to other states in the US, the demographic profile for Arizona includes

a large proportion of illegal immigrants. The population of illegal immigrants in

Arizona increased from 330,000 in 2000 to 560,000 in 2008. In 2010-2011, 17% of

total illegal immigrants and their US-born school-age children in the US were in

the state of Arizona which is the second largest population of the school-age illegal

immigrants after Nevada3. Besides the large population of illegal immigrants in this

state, the population of legal immigrants has grown rapidly and constitutes 13.4% of

2Unfortunately, it is not identifiable from the data set, whether native students are third gen-
eration immigrant or native-parentage

3Center for Immigration Studies analysis of March 2010-11 Current Population Survey.
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Arizona population. Previous studies4 show that immigrant students outperform the

native-born students in schools. One explanation for out-performance of immigrant

students is a selectivity bias in the group of immigrants, who are more likely to be

highly motivated and more concerned about destination-specific skills. On the other

hand, although students are given the right to attend K-12 schools regardless of their

legal status in the US, the differences in the legal status of immigrant students may

have an indirect impact on their academic achievement through economic status of

their family and access to supplementary services in society. The illegal immigrants

tend to be less educated. These factors in Arizona makes it more interesting to

study the achievement gap between immigrants and native-born students in this

state. This study is the first empirical study that analyzes the achievement gap

among immigrant and native students in Arizona.

This essay analyzes differences among performance of native, first and second-

generation students in schools. Specifically, in this study raw and value-added

achievement gaps of elementary and middle schools’ first-generation (born abroad

from immigrant parents) and second-generation (born in the US from at least one im-

migrant parent) students with native-born students are estimated by using pooled-

OLS, random effects and Hausman-Taylor estimators. The results show that the

existing gap between performance of immigrant and native students can be ex-

plained, in part, by some of the characteristics of students and schools available

in this study. The remaining portion of the gap remains unexplained. Moreover,

to check the robustness of my results, the academic achievement gap of immigrant

students are compared based on the region of origin, age-at-immigration and level

of schooling. The nature of the data used in this study allows tracking the changes

in the achievement gap of immigrants and natives over the years. Finally, to cap-

ture differences among low and high performing students, the achievement gap of

students are measured in the tails of achievement distributions. According to the

results, although the raw achievement gap between first-generation and native stu-

dents is wider than that of second-generation and native students in reading and

4e.g. Stiefel, Shwartz & Conger, 2010; Shwartz & Stiefel, 2006



111

math tests, compared to second-generation students, first-generation students catch

up faster with their native counterparts.

3.2 Literature Review

Several studies in economics, sociology and education evaluate the achievement gap

among different groups of students. Some of these studies focus on the gap between

different racial and ethnic groups of students and some focus on the gap between

immigrant and non-immigrant students in K-12 grades. A majority of studies in the

area of racial achievement gaps, analyze the gap between white students and other

racial groups (Clotfelter, Ladd & Vigdor, 2006; Hanushek & Rivkin, 2006; Todd

& Wolpin, 2006; Kao & Thompson, 2003; Lee, 2002). These studies indicate that

different factors such as school’s characteristics, home inputs and family background

play a role in explaining the achievement gap between students. Although analy-

ses presented in these papers differed in the magnitude of the gap in regard to the

students’ age, they mostly agreed on the out-performance of whites over Hispanic

and Black students. Another category of studies examine the educational attain-

ment gap and achievement gap between immigrant and non-immigrants. Chiswick

and DebBurman (2004) have a leading study about differences in educational at-

tainment of adults of different generations concerning the age at immigration and

country of origin. Their finding from estimation of attainment gaps using a 1995

dataset shows that second generation adults have higher educational attainment

than native-parentage and first-generation adults. Other studies focus on the nativ-

ity gap among academic achievement of students in K-12 schooling. The results of

these studies are mixed; some find that immigrant students, specially second gener-

ation immigrants, surpass non-immigrants; other studies find no difference between

immigrants and non-immigrant students and some find that immigrant students fall

behind their native-born counterparts ( Kao & Tienda, 1995; Stiefel, Shwartz &

Conger, 2010; Shwartz & Stiefel, 2006; Clotfeltre, Ladd & Vigdor, 2011; Tienda

& Haskins, 2011). These studies mostly analyze the nativity gap at a single point

in time, for students in grades 4, 5, 8 and high school by conducting the ordinary
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least squares (OLS) estimation or the difference-in-difference method. Using cross

sectional data and estimating single equations with OLS may lead to biased and in-

consistent estimators as a result of ignoring the effect of omitting relevant variables.

Furthermore, three recent studies by Schwartz, et al. (2006), Conger, et al. and

Stiefel, et al. (2010) study the nativity achievement gap in New York city school

system and only separate students into two groups: native-born and foreign-born.

As second generation immigrants differ from native-parentage students in terms of

language and cultural assimilation and other social characteristics, failing to distin-

guish these two groups from each other and simply grouping them together may

bias the results. The current study takes advantage of a rich panel data set that

includes information on students over a period of five years to estimate the nativity

achievement gap of first and second generation students from natives in grades 3 to

8 using a more sophisticated methodology.

3.3 Empirical Analysis

3.3.1 Summary Statistics

The empirical analysis in this paper is based on administrative unbalanced panel

data from 2006-07 to 2010-11 provided by a school district in Arizona. The total

reading and math sample sizes are 41,954 and 42,091, respectively. In this study,

students with missing state level test scores, AIMS test scores, and 10th, 11th and

12th graders are excluded from the sample. At the elementary level, the AIMS test

is administered in the third grade. Therefore, first and second graders are excluded

from the sample. Moreover, students with missing or conflicting gender, race or

ethnicity are excluded from the sample, reducing the reading sample size to 32,992

and the math sample size to 32,970. Several checks are performed to ensure the

consistency of data over time. The study of the achievement gap between native

and immigrant students is conducted for elementary and middle school students.

The data set includes each student’s demographic and academic records, such as

birth date, race and ethnicity, gender, whether the student is an English language

learner (ELL), school name, state English proficiency test (AZELLA) score, AIMS
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reading and math scores. In addition, some school level data, such as percentage

of free or reduced price lunch, number of teachers and number of enrolled students,

are available in this data set. The data set also includes the country of birth for

each student. Using the country of birth, I divide the sample into two groups of

native born and immigrant. Based on the information in the sample,5 immigrant

students can be divided into first-generation and second-generation groups. In this

study, native students are those students whose parents were born in the US, second-

generation students are those students for whom at least one of their parents is an

immigrant, and first-generation students are those who were born in a country other

than US. This data set does not distinguish native-parentage students from third-

generation immigrants. In other words, children of second-generation parents are

not identifiable from native-parentage students and they are all grouped as native

students.

Performance of students in reading and math is measured using the statewide

AIMS test. To make scores of students in different grades comparable, I use grade-

by-year-specific averages and standard deviations to convert state scores to standard

scores with mean zero and standard deviation of one. On this standardized scale,

positive scores indicate performances above the average performance of students per

grade in each year and negative scores show below-average performances of students

per grade in each year.

In general, first-generation, second-generation and native students display dif-

ferent academic performances. Differences in academic performances of these three

groups arise from differences in their backgrounds, cultures, language skills, chal-

lenges in adapting with the society, and the quality of the schools attended. Im-

migrant students may out-perform native students in the schools due to schooling

quality in their home country and also their individual characteristics. On the

other hand, they may do worse because of the lack of English language skills and

unique challenges they face in society and the school environment. For instance, new

5There is a state level English test (AZELLA) for students who do not speak English at home.
Based on the score of this test and also an indicator for ELL students given in the data, if the
country of birth for a student is the USA, the student is identified as a second-generation student
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immigrant students may encounter difficulties in finding friends at school and con-

sequently they may become isolated, which may have a negative effect on their be-

havior and their learning process. As another example, although second-generation

students are almost similar to native students in terms of education and language

skills, they have differences in their social interactions and cultural backgrounds.

In addition, immigrant students come from families with different socioeconomic

status, different levels of education and language abilities.

Comparative statistics of natives, first and second-generation students in both

samples of math and reading tests are presented in Table 1. On average, math and

reading scores of native students are higher than immigrant students. Comparing

the first and second-generation students shows that the first-generation students

outperform the second-generation students in math and reading tests. Obviously,

on average there are more ELL students in the first-generation group than in the

second-generation group. On average, 57% of native students are White, 32% are

Hispanic and 4% are Black. The numbers of White and Black students in the

first-generation group are less than in the second-generation and native groups.

The second-generation group has the highest number of Hispanic students (88%)

compared to the other two groups. Only 3% of overall sample are Asian and 2% are

Indian-American. Within the first generation students, share of Mexican students

decreased from 83% in 2007 to 78% in 2009 and 58% in 2011. In all three nativity

groups the percentage of male students is higher than female students. The average

age of students in reading and math samples is 11 and 10 years old, respectively.

Compared to native students, first and second-generation students are more likely

to attend schools with a large percentage of poverty indicator. Respectively, 78%

and 75% of students in schools that first and second-generation students attend are

using free or reduced price lunch. However, only 44% of students in schools that

native students attend are using free or reduced price lunch. Students in different

nativity groups usually attend schools with an average class size of 13 students.

The average student-teacher ratio in schools with higher number of native students

is greater than other schools.
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3.3.2 Model and Estimation

The purpose of this paper is to estimate the raw and value-added gaps between

the achievement of first and second-generation immigrant students with native stu-

dents. Table 2 displays unadjusted standardized score gap between first and second-

generation with native students. Basically, displayed gaps in the first column of this

table are estimated from an OLS regression of standardized reading and math scores

on first and second-generation indicators. Without controlling for any differences

among students, native students outperform both first and second-generation stu-

dents in reading and math. The unadjusted gap is about -1 standard deviation in

reading and -0.8 standard deviations in math. In the second column of this ta-

ble, in addition to immigrant indicators, the model includes previous test scores of

students. The estimated gap in gains (value-added gap) between first-generation

and native students in reading is about -0.07 standard deviations, while there is no

statistically significant gap in math between these two groups of students. Com-

paring to the value-added gap between first-generation and native students, the

estimated value-added gap between second-generation and native students is larger

and is about -0.1 standard deviations. Previous literature indicates that differences

between immigrant and native students maybe driven by differences in their family

backgrounds, educational backgrounds, abilities to learn the language of the host

country, incentives for education, schools and classrooms environments, countries of

origin and residency status. Controlling for available schools and students charac-

teristics, makes it possible to estimate the nativity gap which is not explained by

these factors. Equation (1) is used to estimate the raw achievement gap between

immigrants of different generations and native students:

Sist = α0 + α1Xit + α2Xst + θ1First+ θ2Second+ δt + δi + εist (3.1)

The dependent variable, Sist, is standardized score of student i, at school s in

year t, Xit is students’ socio-demographic characteristics such as race and ethnicity,

gender, age, age-squared and ELL status. Xst stands for time-variant school charac-



116

teristics such as percentage of free or reduced price lunch students (which is a proxy

for poverty), student-teacher ratio and average class size. First and Second are in-

dicators for first-generation and second-generation students and native indicator is

taken as a benchmark group. Coefficients of interest are θ1, which indicates the

achievement gap between first-generation students and natives, and θ2, which shows

the achievement gap of second-generation students and natives. δt is time-specific

effect that controls for all unobserved differences over time, such as differences in

immigration policies, school-level policies or changes in school test over time. δi is

student random effects and εist is an idiosyncratic stochastic error. As stated in

the summary statistics, native and immigrant students attend schools with different

quality and characteristics. As a result, to control for the selection of immigrants

into schools of different qualities, the model includes school characteristics. The

panel nature of the data for this study helps to control for a systematic learning

process of students in the previous year. To estimate the value-added gap between

students, the standardized score of student in previous year, Sist−1, will be added

to the model (1):

Sist = α0 + α1Xit + α2Xst + α3Sist−1 + θ1First+ θ2Second+ δt + δi + εist (3.2)

Where Sist−1 controls for prior educational background of students. The esti-

mation results for reading and math test scores are respectively displayed in Tables

3 and 4. Columns (1), (3) and (5) of Tables 3 and 4 show the estimation results

from model (1) and other columns in both tables display the estimation results of

model (2). The first two columns of the tables show the estimation results using

a pooled OLS model. On average, reading scores of first-generation and second-

generation students are about 0.19 and 0.36 standard deviations below the scores

of their native counterparts. By controlling for lagged scores, the value-added gap

between first-generation and native students disappears and the value-added gap

between second-generation and native students decreases to -0.1 standard devia-

tions. Similarly, by using the same specification, the raw achievement gap between
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first-generation students and natives in math is about -0.19 standard deviations and

it disappears by controlling for lagged scores. Also, the math score achievement

gap between second-generation students and native students decreases from -0.36

to -0.07 while controlling for the lagged scores.

In equations (1) and (2), the observed set of student characteristics are not the

only factors that can explain changes in the scores of students. There are some

unobserved or simply not measurable student characteristics in the data set, such as

ability and effort of students, and family background (e.g parental education, family

socio-economic condition). The pooled OLS model ignores the unobserved hetero-

geneity and causes estimators to be inconsistent. To account for the unobserved

heterogeneity, the estimated equations using random effects model are reported in

columns (3) and (4) of Tables 3 and 4. Native students outperform first and second-

generation students in reading, respectively by 0.58 and 0.51 standard deviations.

These gaps reduces to about 0.06 and 0.17 standard deviations, when lagged scores

are added to the model. Likewise, the gap in math scores between second-generation

and native students is larger than the gap between first-generation and native stu-

dents; but these gaps are smaller than the gaps in reading scores.

If the individual effects are uncorrelated with the regressors, the random effects is

an appropriate model, which is not the case here. It is possible to find a correlation

among regressors and individual effects. For instance, providing less instructional

facilities as a result of low-level of income in the family (higher level of poverty) may

lead to the lower scores of students and causes estimators to be inconsistent. More-

over, ELL status of students can be correlated with the language abilities of their

parents. Therefore, correlation of these regressors with individual effects can cause

endogeneity in the model. To account for this endogeneity, the models are estimated

using Hausman-Taylor instrumental variables estimators.6 In this specification, the

individual means and mean-deviations of the strictly exogenous time-varying vari-

ables and exogenous time-invariant variables are used as instruments for endogenous

regressors. The results from Hausman-Taylor estimation of models (1) and (2) are

6For more information please see the appendix.
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reported in columns (5) and (6) of Tables 3 and 4. Interestingly, the raw achievement

gap between the reading achievement of first-generation and native students is about

0.1 standard deviations larger than that of second-generation and native students,

but in math test the raw achievement gap of first-generation and native students

is about .1 standard deviations smaller than that of second-generation and native

students. By controlling for the lagged scores, the value-added achievement gap in

reading and math scores between first-generation and native students is about 0.1

standard deviations smaller than the value-added gap between second-generation

and native students.

It should be noted that because only first and second-generation students in the

sample are considered as ELL, the coefficient of ELL is not separately identifiable

from the effect of being an immigrant on the scores. Therefore, one possibility

is to not control for the ELL status in the models and find the achievement gap

among immigrant and native students considering the fact that non-proficiency in

English is an inseparable characteristics of immigrant students. By dropping ELL

status from the models and re-estimating all specifications, results indicate that the

raw achievement gap in both reading and math between first-generation and native

students is about 0.1 standard deviations larger than that of second-generation and

native students. In contrast, the value-added achievement gap in reading and math

is larger for second-generation and native students than that of first-generation and

native students. These results are consistent with the results of the Hausman-Taylor

estimation of the original models.

In summary, both raw and value-added achievement gaps between immigrant

and native students in reading are larger than the gaps in math, for which I do not

have a compelling explanation. In addition, native students outperform both immi-

grant groups in the reading and math tests. Within immigrant groups, in the pre-

ferred specification of the model, using Hausman-Taylor estimation, the raw gap be-

tween performance of second-generation and native students is smaller than the raw

gap between performance of first-generation and native students in reading courses,

pointing to the advantage of second-generation students over first-generation stu-
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dents; but this relationship is inverse in math test. The value-added gap between

first-generation and native students is closer than that of second-generation and

native students, implying that the academic growth of first-generation students is

faster than that of second-generation students. Compared to second-generation

students, first-generation students have lower proficiency in English-language and

should make more efforts to assimilate culturally and linguistically, which may re-

sult in poorer academic performance of this group compared to their counterparts

in reading test. On the other hand, Hausman-Taylor estimation of the value-added

gap shows that by accounting for the prior educational background of students,

first-generation students outperform the second-generation students. This implies

that a part of differences among different nativity groups can be explained by their

academic performance in the previous year. First-generation students can catch

up faster than second-generation students with their native counterparts. A possi-

ble explanation for this finding can be the restriction of the sample to elementary

and middle school students, where the pace of assimilation is much faster for these

age categories. Generally, pace of assimilation to the host society is different for

immigrants of different countries and for different orders of generation (e.g. first,

second or higher order generation). Research in sociology (e.g. Zhou, 1997; Portes

& Rumbaut, 2001) shows that immigrants from historically disadvantaged ethnic

subgroups, which are not supported by the host society, and those who encounter

less-favorable structural conditions in the host society have a slower pace of assimi-

lation.

The results of the current study are consistent with the existing literature. Other

studies in this area7 divide students into two groups of foreign-born (first-generation)

and native-born students. In these studies, the second-generation students are mixed

with native students. These studies show that foreign-born students usually surpass

or do as well as native-born students. In the model used in this paper, second-

generation students are identifiable in the sample and are taken as a separate group

from other native students. Because being in the second-generation group is nega-

7Schwartz et al. (2006), Conger et al. (2007), Stiefel et al. (2010)
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tively correlated with the achievement of students, the performance of native-born

students will be underestimated when second-generation students are considered in

the same group as native-born students. Therefore, an existing gap between first-

generation and native students can be equivalent to the same level of performance or

even surpass that of first-generation students from a mixed group of native students.

Accounting for differences in performance of different immigrant generations can be

a guideline for relevant educational policies and programs.

Turning to the coefficients of other regressors, most of the coefficients are signif-

icant and have expected signs. For example, there is a negative correlation between

proficiency in English, average class size and poverty with the performance of stu-

dents in the schools. Female students outperform male students in the reading test,

but they perform the same as male students in math tests. Although Asian students

outperform white students, other ethnicity groups have lower achievement compared

to white students.

3.3.3 Heterogeneity in the nativity gap by region of birth

The first-generation students may differ from other groups of students along vari-

ous dimensions, such as the educational background that they received in the home

country, quality of education in their home country, the speed of assimilation to

the host country, and their involvement in communities related to their country of

origin. According to Hirschman (2001), country of birth can be a proxy for cultural

influences on young immigrant assimilation patterns. Table 5 presents the means

and standard deviations of reading and math test scores of first-generation students

by region of origin. According to country of birth of students, I define four ma-

jor regions which are shown in the first column of Table 5. As the second column

indicates, 16% of immigrant students are from Asian countries which includes Mid-

dle Eastern, south, central, east and pacific countries in Asia, 9% are from African

countries, approximately 2% are from Europe and English-speaking countries. The

dominant immigrant students, 78%, are from Latin America and Caribbean coun-

tries in which 98% of students are from Mexico. Column 2 in the table indicates that
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immigrant students from European and English-speaking countries have the high-

est average score in the reading test, followed by those from Asia, Latin America

and Caribbean countries. Immigrant students from Africa have the lowest achieve-

ment in reading compared to other first-generation students. The third column of

the table shows that similar to the reading test, the average math score of immi-

grant students from European and English-speaking countries is higher than other

groups and the average math score of African students is the lowest. However, math

achievement of immigrant students from Latin America and Caribbean countries is

ranked higher than students from Asia.

To capture the effect of the home country, indicators are defined for each region

of birth. Then, by replacing the first-generation indicator with the region indicators,

different specifications of the models (excluding ELL status) are estimated. Table 6

reports the estimated coefficients of interest in models (1) and (2) by using pooled

OLS, random effects and Hausman-Taylor estimations. After I control for student

and school characteristics, both raw and value-added achievement gaps in the read-

ing and math tests between second-generation and native students are about 0.15

standard deviations larger than those in Tables 3 and 4, prior to the replacement of

first-generation status by country region origin. Scores of students from European

and English-speaking countries are on a par with the scores of native students in

both reading and math. The achievement gap between Latin American students

and natives is about -0.71 standard deviations in reading and -0.52 in math. The

raw and value-added achievement gaps among students from Asian countries and

native students is larger in reading than math in favor of native students. Finally,

among all immigrant categories, on average the raw achievement gap in reading and

math between students from African countries and native students is the largest (-1

s.d. in reading and -1.1 s.d in math). The value-added achievement gaps among

African and native students in both reading and math tests are almost the same

and it is the largest among the value-added gaps of students from other regions of

the world. Notice that on average the estimated achievement gap by using dummies
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for different regions yield almost8 the same results as using a single indicator for a

first-generation group, suggesting robustness of results to the unobserved differences

in students characteristics from different regions.

3.3.4 Heterogeneity in the nativity gap by grade level and age at immigration

To see if the nativity achievement gap changes at different levels of schooling, the

reading and math samples are divided to two subsets of elementary and middle

school levels. Table 7 presents the estimated nativity achievement gaps for elemen-

tary and middle school students using all six specifications mentioned in the pre-

vious section. According to the results, although the value-added achievement gap

between first and second-generation and native students almost remains the same

in elementary and middle school levels in both reading and math scores, the raw

achievement gap between these groups changes within different levels of schooling

and across reading and math courses. Similar to the findings of the previous sec-

tion, the value-added gap between second-generation and native students is wider

than that of first-generation and native students in both elementary and middle

school levels. Although, the raw reading achievement gap between first and second-

generation students with native students is the same in the middle school level,

the results show that the raw reading achievement gap between first-generation

and native students is larger than that of second-generation and native students

in the elementary schools. According to the second panel of Table 7, although the

raw gap between math scores of first-generation and native students in elementary

schools is wider than that in the middle schools, the raw achievement gap between

second-generation and native students in elementary schools is closer than that in

the middle schools.

Prior research indicate the importance of accounting for the age of entry as a

factor in analyzing different aspects of immigrants (e.g. Gonzalez, 2003; Glick et

al., 2003; Chiswick et al., 2004; Cortes, 2006). Within these studies, some find a

negative association between age of entry and performance of immigrants in schools

8Except for European students who perform as well as native students.
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and some find no correlation between the age of entry and performance of immi-

grants. It is worth mentioning that for 35% of the first-generation immigrants in the

sample, years since they immigrated to the US is available. Using age of students,

it is possible to derive the age at immigration from this part of the sample. Ac-

cording to the sample, 21% of first-generation students immigrated to the US prior

to 5 years old, 75% immigrated to the US between 5 and 12 years old and 4% are

teenager immigrants. By replacing the first-generation indicator with age of entry in

different specifications of the models, the results indicate that the age of entry and

performance of students are negatively associated. First-generation students who

immigrated at older ages perform poorer than those who enter the US in earlier

ages. Most of these older students entered the US more recently. However, the age

of entry has a significant and negative effect on the performance, and its magnitude

is very small (at most -0.1 standard deviations, Table 8).

3.4 Changes in the nativity gap over the years

One of the main purposes of the No Child Left Behind (NCLB) legislation is to close

the academic achievement gap of minority and non-minority students. Following

this legislation, it is expected that the efforts of teachers, schools and department of

education will lead to some changes in the nativity gap as well as the gap between

other minority and non-minority groups. To see how the nativity gap changes over

the years, the nativity gap is separately estimated for each year of the sample using

ordinary least square with robust standard errors corrected for school clustering.

Results for the reading and math tests are respectively reported in Tables 9 and

10. After conditioning on covariates, the existing gaps between first-generation and

native students in reading and math decrease over time. For instance, in the 2007-

2008 school year, average performance of first-generation students in math is about

0.34 standard deviations lower than native students. This gap decreases to about

0.18 standard deviations in the 2011-2012 school year. This trend can be a result

of attempts at attempts at improvement by teachers and principals and also of

implementation of policies in schools that help to close the gap between minority
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and non-minority students. In addition, the change in the gap of first-generation and

native students in math is more than that of reading. There are three possibilities

for this finding. First, because English language is one of the main factors of learning

in the English speaking environment, compared to reading courses math courses do

not require strong knowledge of English language which results in accelerating the

closing of the gap. Second, schools may allocate more resources to learning math

than reading which helps first-generation students catch up faster in math but not in

reading. Finally, first-generation students may have a better background in math in

their home country than reading in English. Consider that only a negligible portion

of first-generation students in the sample are from English speaking countries that

may have a good background in reading, but students from other countries may not

have a good background in reading and it may result in a larger gap in reading and

slow change in this gap over years.The gap between second-generation and native

students in math has a decreasing trend over time, however, the change in the gap

exhibits a different pattern for reading. More precisely, the gap between second-

generation and native students in reading increases until the 2009-2010 school year

and then it has a decreasing trend. One possible reason can be an allocation of more

resources in schools to math rather than to reading courses.

It is noteworthy to mention that the lower number of students in the sample

in the 2011-2012 school year can be a consequence of Arizona SB 1070 that passed

in 2010. However, there are no data in the sample to identify the legal status

of immigrant students to confirm this hypothesis. The number of first-generation

students in the 2011-2012 school year decreased by 41% compared to that in the

2010-2011 school year. Lopez (2011) also reports some job cuts in Arizona schools

as a result of the lower student enrollment in 2011-2012. Therefore, one reason for

a smaller gap between first-generation and native students from 2010 to 2011 might

be a result of a lower number of illegal immigrants among the former group in 2011.
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3.5 Nativity Gap in the Achievement Distribution

To better understand the achievement gap among the distribution of different na-

tivity groups, Panel (a) and (b) in Figure 1 present the Epanechnikov kernel density

of reading and math test score distributions for different nativity groups during five

years of the sample. The reading achievement distributions of first and second-

generation students are very close to each other. By contrast, the reading achieve-

ment distribution of native students is further to the right compared to the distribu-

tion of first and second-generation students. Similar to the distribution of reading

test scores, the distribution of math scores of native students is to the right of the

distribution of first and second-generation students. However, the math distribution

of first-generation is on the right side of the math distribution of second-generation

students, indicating the superiority of performance of first-generation students in

math over the second-generation. However, both groups still fall behind the native

group.

Table 11 shows the regression-adjusted achievement gaps in terms of standard

deviation at the 25th and 75th quartiles of reading and math distributions in each

year of the sample. After I control for student and school characteristics, the raw

reading score gap of first and second-generation students with native students at

the upper tail is larger than at the lower tail. Such evidence indicates that high-

performing students in the native group have better reading test scores compared to

their high-performing counterparts in the first and second-generation groups. The

second panel of Table 11 shows the comparison of math score distributions of first

and second-generation students with native students. The pattern in the math score

gap is similar to the pattern in the reading test score gap. The difference comes

from the magnitude of the gap in the distributions of reading and math scores.

Although in both reading and math the gap between second-generation students

and native students is larger in both tails than that of first-generation and natives,

the gap between first-generation students and natives in math scores is slightly

smaller compared to that of the reading score. Following the reading and math gaps
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of both groups over the years illustrates that in most cases the gap between natives

and two other groups shrinks over the years of sample.

3.6 Conclusions

Public schools educate an increasing number of immigrant students with diverse cul-

tures and languages from all around the world. Although schools and policy makers

have attempted to close the achievement gap between minority and non-minority

groups in the schools by implementing various features and programs, this gap still

persists. Given the importance of immigrant students as peers of native students in

schools and part of the future labor market, this essay studies the raw and value-

added achievement gap between first and second-generation immigrants with native

students in elementary and middle schools in Arizona. Based on a panel data set

spanning the 2007 to 2011 fiscal years, this paper estimates the nativity achievement

gap using pooled OLS, random effects, and Hausman-Taylor estimators. The results

indicate that the native students outperform first and second-generation students

in reading and math tests. Although, the raw achievement gap between second-

generation and native students in reading is smaller than the gap between first-

generation and native students, the raw achievement gap between second-generation

and native students is wider than that of first-generation and native students in math

test.The value-added achievement gap between between first-generation and native

students is smaller than that of second-generation and native students. Therefore,

compared to second-generation students, first-generation students catch up more

rapidly with their native counterparts.

The high proportion of Hispanic immigrants in Arizona makes the demographics

of this state quite different from other states. In the data set used in this paper,

88% of second-generation students are Hispanic, 76% of first-generation students

are Hispanic and 77% of first-generation students are from Mexico. However, the

community of Mexican immigrants in Arizona may be regarded as close-knit by some

observers. It is not clear the extent to which this community differs in motivation

and selectivity from immigrants from other countries or from those who live in other
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metropolitan areas. Although the legal status of immigrants is not clear in the data

set, there is a possibility of the presence of students in the data set who are not legal

residents. The gap between immigrants and natives in Arizona can be a consequence

of fewer economic incentives and lack of long-term perspective of illegal immigrants.

To check for the robustness of my results, the nativity gap is estimated by re-

placing the first-generation indicator with region of birth and age of entry in the

regression models. In addition, there is evidence of heterogeneity between the per-

formance of immigrant students in elementary and middle schools. Another major

finding is that the nativity gap between both groups of immigrant and native stu-

dents is decreasing over years, suggesting the effectiveness of programs and policies

in schools with regard to elimination of the nativity gap. Finally, comparisons among

score distributions of students indicate that the score gap between high-performing

students of different nativity groups is larger than the gap between low-performing

students.

It should be acknowledged that since data on family backgrounds of students

such as parents’ education and income were not available and the composition of

the immigrants from different countries is changing over time, most of the results of

this study are driven by selection into groups.

Disaggregation of immigrant students into first and second-generation for

purposes of the study of the nativity gap provides some suggestions for policy

enhancements. According to findings presented in this paper, although second-

generation students generally perform better than first-generation students, at least

in Arizona, the academic growth of second-generation students over time is slower

than that of first-generation students. Therefore, compared to first-generation

students, second-generation students require more attention from policy makers.

Further research is needed to disaggregate the second-generation group into

different categories and examine their challenges in schools.
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Figure 3.1: The native, first and second-generation achievement distribution
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Table 3.1: Descriptive statistics of variables based on nativity status.

AIMS Reading Test
First-generation Second-generation Native born

Reading Score 454.649 452.862 510.593
(48.722) (45.618) (53.061)

English Language Learner 0.615 0.416 0
(0.487) (0.493) (-)

Male 0.526 0.538 0.512
(0.499) (0.499) (0.500)

Age 11.428 10.817 11.455
(1.836) (1.790) (1.796)

Race and Ethnicity
White 0.059 0.032 0.575

(0.236) (0.175) (0.494)

Hispanic 0.765 0.884 0.322
(0.424) (0.320) (0.467)

Black 0.091 0.007 0.047
(0.288) (0.081) (0.212)

%Free or Reduced Price Lunch 0.787 0.747 0.439
(0.221) (0.266) (0.307)

Student-Teacher ratio 13.804 14.039 15.633
(1.446) (1.715) (1.866)

Average Class Size 13.395 13.222 13.113
(1.898) (2.467) (4.063)

Number of observations 1,825 1,635 29,532

AIMS Math Test
First-generation Second-generation Native born

Math Score 443.552 417.810 485.390
(70.359) (69.297) (82.297)

English Language Learner 0.615 0.427 0
(0.487) (0.493) (-)

Male 0.527 0.539 0.512
(0.499) (0.499) (0.500)

Age 10.457 9.857 10.503
(1.805) (1.749) (1.920)

Race and Ethnicity
White 0.059 0.032 0.575

(0.236) (0.177) (0.494)

Hispanic 0.766 0.884 0.322
(0.424) (0.321) (0.467)

Black 0.092 0.007 0.047
(0.288) (0.082) (0.212)

%Free or Reduced Price Lunch 0.787 0.746 0.439
(0.222) (0.266) (0.307)

Student-Teacher ratio 13.806 14.060 15.633
(1.447) (1.720) (1.866)

Average Class Size 13.392 13.228 13.113
(1.903) (2.473) (4.064)

Number of observations 1,823 1,634 29,513

Standard deviations are in parentheses.
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Table 3.2: Unadjusted nativity gap

AIMS Reading Test
Variable Level model Value-added model

First-generation -1.082*** -0.068***
(0.020) (0.018)

Second-generation -1.001*** -0.159***
(0.020) (0.019)

Number of observations 32,992 17,922
AIMS Math Test

First-generation -0.837*** -0.019
(0.020) (0.017)

Second-generation -0.855*** -0.107***
(0.021) (0.017)

Number of observations 32,968 17,901
Robust standard errors are in parentheses.
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Table 3.3: Estimation of reading achievement nativity gap

AIMS Reading Test
Variable Pooled OLS Random Effects Hausman-Taylor

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

First-generation -0.355*** -0.004 -0.583*** -0.065*** -0.659*** -0.445***
(0.026) (0.022) (0.032) (0.023) (0.038) (0.054)

Second-generation -0.428*** -0.105*** -0.513*** -0.170*** -0.595*** -0.539***
(0.024) (0.020) (0.030) (0.022) (0.039) (0.055)

ELL -0.565*** -0.036 -0.291*** -0.080*** -0.188*** -0.209***
(0.026) (0.025) (0.022) (0.026) (0.023) (0.034)

Age 0.122*** 0.103*** 0.038 0.111*** 0.066*** 0.147***
(0.035) (0.038) (0.025) (0.040) (0.024) (0.042)

Age-Squared -0.007*** -0.005*** -0.002** -0.005*** -0.004*** -0.007***
(0.001) (0.002) (0.001) (0.002) (0.001) (0.002)

Race and Ethnicity
Hispanic -0.282*** -0.076*** -0.323*** -0.110*** -0.362*** -0.302***

(0.013) (0.011) (0.018) (0.012) (0.20) (0.029)

Asian 0.126*** 0.052** 0.132*** 0.066*** 0.126*** 0.110*
(0.025) (0.023) (0.036) (0.023) (0.043) (0.061)

Black -0.421*** -0.108*** -0.465*** -0.161*** -0.497*** -0.433***
(0.024) (0.021) (0.033) (0.023) (0.038) (0.058)

American Indian -0.461*** -0.135*** -0.495*** -0.189*** -0.555*** -0.492***
(0.035) (0.033) (0.048) (0.038) (0.056) (0.086)

Male -0.195*** -0.067*** -0.209*** -0.088*** -0.203*** -0.192***
(0.010) (0.009) (0.014) (0.009) (0.016) (0.023)

Lagged Score — 0.762*** — 0.647*** — 0.101***
(0.006) (0.007) (0.007)

%Free or Reduced Price Lunch -0.622*** -0.049 -0.461*** -0.147*** -0.353*** -0.500***
(0.030) (0.030) (0.030) (0.030) (0.033) (0.054)

Average Class Size -0.015*** -0.005*** -0.020*** -0.006*** -0.019*** -0.015***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002)

Student-Teacher ratio 0.015*** 0.011** -0.011** -0.007 0.012*** -0.016***
(0.005) (0.004) (0.004) (0.005) (0.004) (0.005)

Year Effect Yes Yes Yes Yes Yes Yes
Number of observations 32,992 17,922 32,992 17,922 32,992 17,922

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors are reported in parentheses.



132

Table 3.4: Estimation of math achievement nativity gap

AIMS Math Test
Variable Pooled OLS Random Effects Hausman-Taylor

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

First-generation -0.191*** 0.025 -0.410*** -0.019 -0.468*** -0.322***
(0.027) (0.020) (0.032) (0.021) (0.041) (0.055)

Second-generation -0.361*** -0.076*** -0.442*** -0.137*** -0.507*** -0.477***
(0.025) (0.019) (0.031) (0.021) (0.042) (0.056)

ELL -0.502*** -0.030 -0.252*** -0.068*** -0.178*** -0.192***
(0.027) (0.024) (0.020) (0.024) (0.021) (0.032)

Age -0.051*** -0.034 -0.034*** -0.018 -0.027*** 0.060
(0.004) (0.043) (0.004) (0.043) (0.005) (0.040)

Age-Squared 0.0004*** 0.001 0.0003*** 0.0002 0.0002 -0.004**
(0.0001) (0.002) (0.0001) (0.002) (0.0001) (0.002)

Race and Ethnicity
Hispanic -0.286*** -0.063*** -0.336*** -0.097*** -0.367*** -0.316***

(0.013) (0.010) (0.018) (0.011) (0.022) (0.029)

Asian 0.291*** 0.102*** 0.290*** 0.133*** 0.289*** 0.270***
(0.028) (0.023) (0.041) (0.025) (0.047) (0.063)

Black -0.522*** -0.111*** -0.584*** -0.175*** -0.609*** -0.534***
(0.023) (0.020) (0.032) (0.021) (0.041) (0.059)

American Indian -0.473*** -0.106*** -0.521*** -0.164*** -0.580*** -0.530***
(0.034) (0.029) (0.047) (0.031) (0.060) (0.088)

Male -0.004 0.0004 -0.018 -0.0001 -0.009 -0.006
(0.010) (0.008) (0.014) (0.009) (0.017) (0.024)

Lagged Score — 0.805*** — 0.687*** — 0.117***
(0.006) (0.006) (0.007)

%Free or Reduced Price Lunch -0.495*** 0.022 -0.288*** -0.027 -0.149*** -0.148**
(0.031) (0.028) (0.029) (0.029) (0.034) (0.045)

Average Class Size -0.028*** -0.006*** 0.032*** -0.010*** -0.030*** -0.025***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002)

Student-Teacher ratio 0.018*** 0.011** 0.022*** 0.012*** 0.026*** 0.007
(0.005) (0.004) (0.004) (0.004) (0.004) (0.005)

Year Effect Yes Yes Yes Yes Yes Yes
Number of observations 32,968 17,901 32,268 17,901 32,968 17,901

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors are reported in parentheses.
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Table 3.5: Descriptive statistics of selected variables of first-generation students, by
region of origin

Region of birth Share in the sample (%) Reading test score Math test score

African countries 8.9% 437.792 (50.480) 406.268 (66.759)
Asian countries 16.4% 463.470 (60.939) 433.786 (94.382)
Europe and English-speaking countries 1.8% 506.823 (41.026) 482.558 (76.674)
Latin America and Caribbean countries 78.1% 454.094 (45.571) 448.293 (64.862)
Total 100% 454.649 (48.722) 443.552 (70.359)

Standard deviations are in parentheses.
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Table 3.6: Estimated nativity achievement gap by region

AIMS Reading Test
Variable Pooled OLS Random Effects Hausman-Taylor

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

Second-generation -0.498*** -0.119*** -0.616*** -0.193*** -0.716*** -0.649***
(0.024) (0.020) (0.030) (0.021) (0.039) (0.056)

Countries’ Region
African countries -0.627*** -0.039 -0.937*** -0.156* -1.034*** -0.757***

(0.063) (0.076) (0.077) (0.082) (0.104) (0.179)

Asian countries -0.528*** -0.001 -0.727*** -0.076 -0.805*** -0.542***
(0.069) (0.072) (0.090) (0.075) (0.095) (0.146)

European and English-speaking countries 0.180* 0.198 0.174 0.251** 0.141 0.368
(0.107) (0.134) (0.145) (0.121) (0.234) (0.401)

Latin American and Caribbean countries -0.381*** -0.019 -0.629*** -0.085*** -0.716*** -0.533***
(0.026) (0.022) (0.030) (0.023) (0.039) (0.061)

Student and school characteristics Yes Yes Yes Yes Yes Yes
Year Effect Yes Yes Yes Yes Yes Yes
Number of observations 32,992 17,922 32,992 17,922 32,992 17,922

AIMS Math Test

Second-generation -0.421*** -0.083*** -0.536*** -0.152*** -0.627*** -0.583***
(0.025) (0.019) (0.030) (0.020) (0.042) (0.057)

Countries’ Region
African countries -0.718*** -0.009 -1.041*** -0.098 -1.117*** -0.770***

(0.060) (0.061) (0.073) (0.066) (0.111) (0.183)

Asian countries -0.283*** 0.098* -0.460*** -0.054 -0.533*** -0.324**
(0.071) (0.058) (0.089) (0.066) (0.101) (0.151)

European and English-speaking countries 0.349** 0.143 0.497** 0.189* 0.404 0.379
(0.159) (0.106) (0.203) (0.112) (0.250) (0.413)

Latin American and Caribbean countries -0.189*** 0.007 -0.428*** -0.041* -0.522*** -0.400***
(0.027) (0.021) (0.033) (0.022) (0.047) (0.062)

Student and school characteristics Yes Yes Yes Yes Yes Yes
Year Effect Yes Yes Yes Yes Yes Yes
Number of observations 32,968 17,901 32,268 17,901 32,968 17,901

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors are reported in parentheses.
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Table 3.7: Heterogeneity in the nativity achievement gap in elementary and middle
school levels

AIMS Reading Test
Elementary school (grades 3 to 5)

Variable Pooled OLS Random Effects Hausman-Taylor

First-generation -0.321*** 0.001 -0.558*** -0.074** -0.689*** -0.376***
(0.037) (0.035) (0.043) (0.037) (0.048) (0.076)

Second-generation -0.376*** -0.090*** -0.510*** -0.167*** -0.623*** -0.472***
(0.032) (0.030) (0.037) (0.032) (0.044) (0.068)

Number of observations 16,862 7,771 16,862 7,771 16,862 7,771
Middle school (grades 5 to 8)

First-generation -0.332*** 0.001 -0.519*** -0.050* -0.622*** -0.388***
(0.037) (0.028) (0.042) (0.027) (0.052) (0.070)

Second-generation -0.521*** -0.122*** -0.554*** -0.190*** -0.624*** -0.580***
(0.036) (0.028) (0.045) (0.030) (0.056) (0.080)

Number of observations 16,130 10,151 16,130 10,151 16,130 10,151
AIMS Math Test

Elementary school (grades 3 to 5)
Variable Pooled OLS Random Effects Hausman-Taylor

First-generation -0.185*** 0.050 -0.396*** 0.014 -0.491*** -0.259***
(0.038) (0.033) (0.042) (0.035) (0.054) (0.078)

Second-generation -0.302*** -0.040 -0.419*** -0.098*** -0.493 -0.401***
(0.035) (0.030) (0.039) (0.032) (0.051) (0.070)

Number of observations 16,851 7,761 16,851 7,761 16,851 7,761
Middle school (grades 5 to 8)

First-generation -0.165*** 0.016 -0.359*** -0.020 -0.425*** -0.266***
(0.038) (0.025) (0.043) (0.026) (0.055) (0.070)

Second-generation -0.468*** -0.106*** -0.494*** -0.171*** -0.542*** -0.517***
(0.035) (0.025) (0.043) (0.025) (0.062) (0.081)

Number of observations 16,117 10,140 16,117 10,140 16,117 10,140

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors are reported in parentheses.
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Table 3.8: Nativity achievement gap and age of entry

AIMS Reading Test
Variable Pooled OLS Random Effects Hausman-Taylor

Age of entry -0.069*** -0.007 -0.085*** -0.019*** -0.103*** -0.087***
(0.006) (0.006) (0.006) (0.006) (0.007) (0.011)

Second-generation -0.471*** -0.121*** -0.525*** -0.190*** -0.621*** -0.575***
(0.025) (0.021) (0.032) (0.023) (0.040) (0.057)

Number of observations 32,814 17,045 32,814 17,045 32,814 17,045
AIMS Math Test

Age of entry -0.045*** -0.006 -0.061*** -0.021** -0.078*** -0.110***
(0.007) (0.008) (0.007) (0.009) (0.008) (0.020)

Second-generation -0.389*** -0.077*** -0.439*** -0.139*** -0.523*** -0.488***
(0.026) (0.021) (0.032) (0.022) (0.045) (0.058)

Number of observations 31,791 17,027 31,791 17,027 31,791 17,027

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors are reported in parentheses.
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Table 3.9: Nativity achievement gap of students in reading test over years

Fiscal Year
Variable 2007 2008 2009 2010 2011

First-generation -0.395*** -0.374*** -0.388*** -0.332*** -0.298***
(0.106) (0.060) (0.065) (0.053) (0.060)

Second-generation -0.351** -0.474*** -0.490*** -0.450*** -0.401***
(0.124) (0.044) (0.061) (0.055) (0.058)

ELL -0.564*** -0.507*** -0.384*** -0.690*** -0.698***
(0.105) (0.073) (0.059) (0.103) (0.070)

Age 0.095 0.069 0.060 -0.013 0.237**
(0.112) (0.079) (0.088) (0.157) (0.106)

Age-Squared -0.006 -0.004 -0.004 -0.003 -0.012**
(0.105) (0.003) (0.004) (0.006) (0.106)

Race and Ethnicity
Hispanic -0.301*** -0.300*** -0.291*** -0.262*** -0.244***

(0.043) (0.027) (0.041) (0.065) (0.055)

Asian 0.114*** 0.172*** 0.187*** 0.073 0.108
(0.059) (0.056) (0.061) (0.070) (0.100)

Black -0.419*** -0.425*** -0.485*** -0.380*** -0.398***
(0.070) (0.050) (0.055) (0.044) (0.092)

American Indian -0.414*** -0.397*** -0.492*** -0.518*** -0.490***
(0.068) (0.077) (0.054) (0.091) (0.087)

Male -0.184*** -0.174*** -0.160*** 0.229*** 0.229***
(0.020) (0.021) (0.002) (0.023) (0.029)

%Free or Reduced Price Lunch -0.614*** -0.715*** -0.677*** -0.539*** -0.478**
(0.078) (0.049) (0.118) (0.072) (0.005)

Average Class Size -0.006 -0.010*** -0.019*** -0.022*** -0.019***
(0.004) (0.002) (0.002) (0.003) (0.004)

Student-Teacher ratio 0.014 0.003 0.020 -0.030** 0.028**
(0.018) (0.008) (0.023) (0.013) (0.011)

R-Square 0.24 0.26 0.23 0.22 0.18
Number of observations 7,105 6,320 7,029 6,869 5,669

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors corrected for school clustering are reported in the parentheses.
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Table 3.10: Nativity achievement gap of students in math test over years

Fiscal Year
Variable 2007 2008 2009 2010 2011

First-generation -0.349** -0.222*** -0.214*** -0.167** -0.188**
(0.128) (0.071) (0.060) (0.069) (0.081)

Second-generation -0.454*** -0.442*** -0.397*** -0.349*** -0.341***
(0.142) (0.068) (0.051) (0.050) (0.062)

ELL -0.335** -0.412*** -0.352*** -0.614*** -0.695***
(0.132) (0.078) (0.052) (0.093) (0.079)

Age 0.134* 0.116 0.103 -0.062*** 0.036
(0.074) (0.098) (0.092) (0.018) (0.167)

Age-Squared -0.008** -0.007 -0.007 -0.001*** -0.003
(0.003) (0.005) (0.004) (0.0001) (0.008)

Race and Ethnicity
Hispanic -0.316*** -0.283*** -0.303*** -0.250*** -0.266***

(0.038) (0.040) (0.052) (0.062) (0.060)

Asian 0.297*** 0.374*** 0.312*** 0.259** 0.249**
(0.066) (0.054) (0.063) (0.093) (0.112)

Black -0.529*** -0.518*** -0.553*** -0.465*** -0.548***
(0.075) (0.060) (0.066) (0.069) (0.080)

American Indian -0.434*** -0.449*** -0.518*** -0.463*** -0.504***
(0.076) (0.087) (0.067) (0.082) (0.069)

Male -0.029 0.001 0.001 0.008 0.007
(0.028) (0.031) (0.022) (0.017) (0.018)

%Free or Reduced Price Lunch -0.468*** -0.529*** -0.571*** -0.630*** -0.250**
(0.076) (0.066) (0.096) (0.168) (0.110)

Average Class Size -0.022*** -0.026*** -0.036*** -0.028*** -0.026***
(0.022) (0.004) (0.004) (0.008) (0.006)

Student-Teacher ratio 0.033 0.018 0.020 -0.003 0.030*
(0.020) (0.015) (0.020) (0.030) (0.016)

R-Square 0.20 0.20 0.20 0.16 0.13
Number of observations 7,105 6,311 7,022 6,862 5,668

***1% significant level. **5% significant level*10% significant level. Robust stan-
dard errors corrected for school clustering are reported in the parentheses.
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Table 3.11: Regression-adjusted achievement gap in the tails of test score distribu-
tions

AIMS Reading Score

Fiscal year Gap between group and natives in 25th quartile Gap between group and natives in 75th quartile
First-generation Second-generation first-generation second-generation

2007 -0.427*** -0.351** -0.476*** -0.461***
2008 -0.371*** -0.393*** -0.407*** -0.549***
2009 -0.350*** -0.455*** -0.445*** -0.554***
2010 -0.319*** -0.410*** -0.341*** -0.497***
2011 -0.201** -0.287*** -0.291*** -0.502***

AIMS Math Score

Fiscal year Gap between group and natives in 25th quartile Gap between group and natives in 75th quartile
First-generation Second-generation First-generation Second-generation

2007 -0.307* -0.382* -0.315 -0.403**
2008 -0.168*** -0.325*** -0.256*** -0.600***
2009 -0.186** -0.389*** -0.296*** -0.525***
2010 -0.085 -0.250*** -0.225*** -0.460**
2011 -0.176** -0.329*** -0.278*** -0.465***

***1% significant level. Score gaps are measured in terms of standard deviations
and derived from the estimation of quantile-regression models controlling for student
and school characteristics.
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3.7 Countries’ Regions

Country of origin is categorized according to the regions defined by World Bank and

English speaking countries as follows: Africa:

Sub-Saharan Africa: Africa, Burundi, Cameroon, Congo, Eritrea, Ethiopia, Ivory

Coast, Liberia, Kenya, Mali, Niger, South Africa, Sudan, Tanzania

Asia:

East Asia and Pacific: Marshall Islands,Mongolia, Myanmar, China, Japan, Kwa-

jalein, Pohnpei, Philippines, South Korea, Thailand, Singapore, South Korea, Van-

uatu, Vietnam

Central Asia: Russia, Serbia, Uzbekistan, Ukraine

South Asia Afghanistan, India, Pakistan, Bhutan, Myanmar, Nepal

Middle East and North Africa:Algeria, Egypt, Iran, Iraq, Jordan, Libya, Morocco,

Saudi Arabia, Tunisia

Europe and English Speaking Countries:

Europe: Albania, Bosnia, France, Germany, Netherlands, Norway

English Speaking Countries:Australia, Canada

Latin America and Caribbean:

Latin America and Caribbean: Argentina, Brazil, Chile, Colombia, Costa Rica,

Cuba, Dominican Republic, El Salvador, Guatemala, Honduras, Nicaragua, Mex-

ico, Peru, Venezuela.

Students born in outlaying areas of the United States such as Puerto Rico are ex-

cluded from the sample.
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3.8 Hausman-Taylor Estimator

In a Hausman-Taylor estimation, regressors are divided to four subsets of:

x1it= K1 variables that are time varying and uncorrelated with δi

x2it= K2 variables that are time varying and correlated with δi

z1i= L1 variables that are time-invariant and uncorrelated with δi

z2i= L2 variables that are time-invariant and correlated with δi

The identification in this model requires that K1 be at least as large as L2. In the

case of my paper, x1it={age, age2, average class size}, x2it={percentage of free or

reduced price lunch, ELL status}, z1i={first-generation, second-generation, gender,

race and ethnicity}. Because there are four variables in the x1it, the model is over

identified. Group mean deviations and group means of x1it and x2it along with

z1i are used as instruments. Since in general within estimators are consistent, the

Hausman test of the difference between the within and Hausman-Taylor estimators

suggests the validity of instruments set that I used in the latter.9

9Different sets of instruments are also used, but the one that I mentioned here was the best
that I can choose.
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