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ABSTRACT

Early childhood education plays a fundamental role in human capital development.

This dissertation studies skills development during early childhood.

Chapter 1 focuses on early childhood intervention from birth to age 3. Most of

the existing literature on such programs is limited to the average treatment effect.

To analyze heterogeneity, this study estimates the distributional effect on children’s

cognitive skill from birth to age 3. Besides, it estimates the conditional quantile ef-

fects of two components in the treatment, family environment and child daycare, on

cognitive skills. It finds smaller effects of daycare across the bottom of distribution

than the top of distribution, whereas larger effects of family environment at the bot-

tom of distribution than at the top. Finally, it finds weak complementarity between

daycare and family environment in skill formation.

Chapter 2 analyzes the peer effects of English language learners (ELL) on students’

skill formation, intrigued by the fact that the rapid increase and dispersion of ELL in

recent years raises a concern about how this phenomenon exerts influence on students

performance at school. To my best knowledge, this paper is the first study to identify

the peer effects of ELL on cognitive skills and noncognitive skills in one consistent

framework thoroughly by using the most recent nationally representative data. It is

revealed that there are significantly modest adverse effects on cognitive skills. The

noncognitive skills are adversely affected, however insignificantly, when using student

fixed effect models. In addition, as for heterogeneity, girls or advantaged students are

harmed more. Moreover, the peer effects show nonlinear trend as the share of ELL

is increasing. Finally, the adverse effects are more sizable in the higher grades.

ix



Chapter 1

Distributional Effects of an Early
Childhood Intervention on
Cognitive Skill: Who Benefits from
Human Capital Investment and
How

1.1 Introduction

Early childhood education interests economists increasingly recently. The reason is

early childhood education plays an important role in human capital development and

social mobility. Especially, Knudsen et al. (2006) found that adverse early childhood

environment will persist to adulthood. Also the early childhood day care service may

free parents, especially single mothers to join the labor market. It may increase labor

supply and more importantly increase the household income. Last but not least,
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based on the dynamic complementary model, remedy intervention in the later life

is more costly than intervention happening in early childhood. Cunha et al. (2010)

empirically shows skill gain in the later life is less productive than in the earlier life

by the same amount of investment. Therefore, it is an important job to evaluate the

current early childhood intervention program.

This study will examine effects of Infant Health and Development Program (IHDP)

on cognitive skill (Gross et al., 1990). There are growing studies on early childhood

intervention programs. Most of the programs can be categorized into three types.

First is the demonstration programs. The most commonly used examples are Perry

Preschool Program (PPP), Abecedarian Project (ABC) and IHDP. Elango et al.

(2015) finds effects of all 3 programs on IQ are significant at the end of the program.

Second is the large scale mean-tested program. Mean-tested means there are some

requirements to enroll the program, such as low-income. Head Start and Early Head

Start fall in this category. The last one is universal programs, which don’t have

specific requirement to enroll, although with sliding fee based on household income.

Most of the programs have been studied from the view of average treatment ef-

fect or intention to treat. Although policymakers are mainly interested in average

impacts of the programs, now importance of heterogeneity has been recognized by

researchers. Much more details can be learned from heterogeneous treatment effects.

Theoretically, it helps us understand skill formation more deeply. We can learn the

different aspects of inputs in skill production. On the other hand, practically, it helps

policymakers to target the specific groups more efficiently.

One question can be answered by estimating heterogeneity of treatment effects

is, who benefits more from the treatment. There are three conflicting hypotheses on
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whether the disadvantage children can benefit more or less from intervention or some

other investments. The first one is called compensatory hypothesis which states the

more disadvantaged individuals can benefit more from intervention.(Sameroff et al.,

1975). The second one is dynamic complementarity hypothesis or skill-beget-skill

which states the individuals with higher ability or endowment can benefit more from

intervention.(Cunha and Heckman, 2007). The last one is Goldilocks hypothesis which

states the individuals in the middle ranges can benefit more from intervention.

All of the hypotheses are supported by different studies in different aspects. First,

for compensatory hypothesis, Magnuson et al. (2004) used ECLS-K data to exam-

ine effects of preschool attendance on school readiness. They found that the most

disadvantaged children can benefit more from preschool. It implies that preschool

program can reduce the gap for school readiness. Here disadvantage is defined in

terms of poverty, low maternal education and single mother family. Duncan and

Sojourner (2013) estimated the effect of IHDP, whose data is identical to interest

of this paper, and found the children from low income families can gain more than

the ones from high income family. Bitler et al. (2017) examine the unconditional

quantile treatment effect of Head Start program and found impact across bottom of

distribution is higher than top of distribution.

However, there are also studies supporting the complementarity hypothesis. Aizer

and Cunha (2012) found the enrollment in Head Start is a complement to initial

human capital in producing skill. Here, initial human capital is measured by IQ at 8

months. Lubotsky and Kaestner (2016) used state age limit for the school enrollment

as an IV to estimate the gap of skill and skill gain between the older children and

the younger children in kindergarden and grade 1. They found the older children
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has the higher scores and the more increment of the scores. So here, advantage is

defined as age or maturity. Still Duncan and Sojourner (2013) found low birth weight

children(less than 1.5kg) can benefit less than high birth weight children(between

1.5kg to 2.5kg) from IHDP.

Finally, there are some mid-way empirical studies, Miller et al. (2014) found the

children with moderate family preacademic stimulation can gain more than those

with low or high stimulation. So here advantage is measured as family environment.

However, this study faces with endogeneity problem, since parental stimulation can

be affected by the program as well. Duncan and Vandell (2012) introduced a con-

ceptual frame work to explain this. They argued that different programs target more

efficiently to specific subgroup which leads to different heterogeneity pattern.

Besides the various program design and different time to carry out, there are

still several other reasons for the mixed empirical results. One is that advantage is

defined in different ways. As mentioned previously, advantage can be in terms of

income, birth weight, initial human capital or even family stimulation. So in fact,

variables of interest are different in those studies and it implicitly reflects that skill

formation can be affected by various aspects. The other reason is that the intervention

content is quite divergent across programs. Some programs focus on improvement

of home environment, and others may offer daycare. Those inputs may result in

different heterogeneity patterns. If the effects of different inputs cannot be separated,

intervention may mix the results of different inputs, which leads to different patterns

across programs.

There are two main methods to exploit heterogeneity. First one is to compare the

effects of intervention on different subgroups, or almost equivalently, to introduce the
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interaction term between subgroup indicators and treatment indicator in ordinary

least square (OLS) setting, such as Aizer and Cunha (2012) or Garćıa and Gallegos

(2017). This one is easy to implement. However there are some drawbacks as well.

It still only compares the ”average” effects without giving a big picture of whole dis-

tribution. Moreover, when facing with endogeneity problem, introducing interactive

terms may require even larger numbers and higher quality of intrumental variables

(IV), which is probably infeasible or introduces significantly larger standard error.

The other method is quantile regression. This method can estimate the effect at each

quantile across the distribution. For example Bitler et al. (2017) estimate the uncon-

ditional treatment effect of Head Start on cognitive score. However, to interpret the

results reasonably, it requires stronger assumption.

The main purpose of this study is to test which hypotheses are supported by our

study. To clarify the problem argued in the previous content, this study defines ad-

vantage as cognitive skill or ability measured by test score. And not only the interven-

tion would be analyzed, but also two different inputs daycare and family environment

will be studied respectively. We introduce instrumental variable quantile regression

(IVQR) to explore the conditional distributional effects of IHDP, daycare and home

environment on cognitive skill at the age 3 conditional on some characteristics.

The main contribution of this paper is, as far as we know, the first study to esti-

mate conditional quantile treatment effects of early childhood intervention programs.

Additionally, it studies the complementarity between home environment and child-

care in skill formation. Moreover, this is the first paper to apply IVQR to seperate

the effects of daycare and home environment improvement. We find effect of inter-

vention itself shows heterogeneity across distribution however no pattern to support
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any hypotheses mentioned above. When we dig more, we find improvement in home

environment benefits the children with the lower skill more than the children with

the higher skill. As for daycare, the children with the lower skill can gain less than

the high skilled children, however, not significantly.

The remainder of our paper is structured as follows. Section 1.2 will introduce

quantile regression method. In section 1.3 data will be discussed. Section 1.4 will

discuss the efffects of intervention. Section 1.5 will disentangle effects of daycare and

home environment. In section 1.6 discussion and conclusion will be provided.

1.2 Methodology

In this paper we will examine the average and distributional effects of intention-to-

treat (in the later work, all effects of intervention mean intention-to-treat), the average

effect will be estimated by linear regression. The distributional effects will be esti-

mated by quantile regression (Koenker and Bassett Jr, 1978). When we disentangle

the effects of daycare and home environment, smoothed estimation of instrumental

variables quantile regression (IVQR) will be applied (Kaplan and Sun, 2017). Here

we focus on introduction to quantile regression (Koenker and Bassett Jr, 1978).

Distributional effects of treatment are also called quantile treatment effect (QTE).

It can be condtional quantile treatment effect (CQTE) or unconditional quantile

treatment effect (UQTE). Unlike mean effect, CQTE cannot be translated into UQTE

by law of iteration expectation. In this paper, we focus on CQTE. However, for policy

maker, UQTE can give better explaination, since it doesn’t need to be conditional on

any characteristics. (Firpo, 2007)
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We assume

Qτ (X) = F−1Y (τ |X),

where Qτ (X) is the conditional quantile function (CQF) on X, and F−1Y (τ |X) is

the inverse function of the cumulative distributional function for Y condition on X,

F (Y |X). Therefore CQF is just simply the inverse function of conditional distribu-

tional function. As in ordinary linear regression, we assume CQF follows the linear

form.

Qτ (Xi, Di) = γτDi + βτXi,

where Xi, Di are the covariates and treatment indicator, respectively. γ and β can

be estimated as,

γτ , βτ = argmin
rτ ,bτ∈Rd

E(ρτ (Yi − (rτDi + bτXi)),

Here ρτ (u) is called ”check function” which is defined as

ρτ (u) = (τ − 1(u ≤ 0))u,

Then condtional quantile treatment effect is

Qτ (Xi, Di = 1)−Qτ (Xi, Di = 0) = ατ .

Therefore γτ or conditional quantile treatment effect can be explained as impact

on specific quantile condition on X. Two points need to be emphasized. First, it can

only be explained over distribution rather than any specific individual, unless rank

invariance assumption holds. Rank invariance means, any individual’s rank won’t be

changed whether all the population are treated or not. In this study, we assume the

rank invariance holds1. Under this assumption, distributional effects can be identified

1A more general assumption is rank similarity, which requires the conditional rank share the
identical distribution. (Chernozhukov and Hansen, 2005)
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to the individuals. Even if the assumption may fail, we can still explain the conditional

treatment effect over distribution. Second thing is conditional quantile treatment

effect doesn’t explain the change in unconditional distribution directly. Therefore, we

cannot use γτ to explain the whole population without condition on X.

1.3 Data

IHDP is an intensive intervention extending from birth to 36 months age administered

between 1985 and 1988 at eight different sites. However, all infants recruited into the

IHDP study were born low birth weight( 2,500 grams) and premature (gestational

age at birth 37 weeks).

The sample is stratified across 8 different sites and between birth weight 2. 377

of 985 were randomly assigned to the treatment group and the others were assigned

to the control group. In the treatment group, during the first year, the program

provided weekly home visits. These visits became bi-monthly in the second and third

years of treatment. IHDP provided center-based daycare for up to 9 hours a day for

50 weeks a year in the second and third years of the program. IHDP included medical

components. There are follow-up collections at age of 5, 8, 18.

Table A.1 shows descriptive summary on the dependent variables and the inde-

pendent variables. We can find that all the baseline characteristics are well balanced,

which is consistent with the fact that it is experimental data. However to improve

the precise of estimation and to interpret distributional effect more reasonably, all

those characteristics are still controlled. We use Bayley Mental Developmental Index

21/3 from high birth weight (from 1500 grams to 2500grams), 2/3 from low birth weight (below
1500 grams)
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(MDI) to measure cognitive skill at age 1 and Stanford Binet IQ at age 33. They are

both national standardized tests with mean 100 and standard deviation 15. Home

environment is measured by Home Observation for Measurement of the Environment

Inventory (HOME) (Caldwell and Bradley, 1984). Child daycare is measured by two

ways. One is average number of hours per week in childcare center at age 3 and the

other one is dummy variable measuring attendance to childcare. The former one is

calculated by multiplying days in daycare per week and hours per day. Although

this provide more information on daycare treatment, it suffers jumpy data and mea-

surement error. Therefore the latter is used as complement. In the later work, we

will standardize Bayley MDI, Stanford Binet IQ and HOME score in units of control

group’s standard deviation.

From Table A.1, we can tell some facts. First, the program has no significant

effect on cognitive skill at age 1. Moreover, Kolmogorov–Smirnov test implies there is

no difference between distributions of both groups. And it gives us a good reason to

use cognitive skill at age 1 as an exogenous characteristics in our later work. Second,

the average IQ score at 3 is lower than national mean score 100 ,which is consistent

with the targeted children are in adverse environment because of low birth weight.

However the impact of the intervention is significant. Last, the program offers home

visit and daycare which should improve the home environment and let the children in

treatment group get more opportunity of studying in daycare center. From data, we

find the program can improve the HOME score, and increase the hours and attendance

3Garćıa and Gallegos (2017) pools the Binet IQ and PPVT score to increase the sample size.
However, those two measures different side of cognitive skill. Binet IQ score is more focused on
problem solving meanwhile PPVT is more weighted on language. Besides, by comparing those two
measures by distribution and effect estimation, we find they have different structure. So we prefer
to use Binet IQ as our interest. Pooled sample is only used as complement
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in daycare significantly as expected.

1.4 Effects of the Intervention

In this section we will show mean effect of intention-to-treat on IQ score at 3. And

to explore heterogeneity, we will estimate interaction between initial skill, measured

by Bayley MDI at 1, and treatment indicator, besides conditional quantile treatment

effect.

1.4.1 Mean Effect Analysis

As mentioned, since the study is a random assignment, offer of treatment Di is inde-

pendent from the error term. Therefore, even if we only regress dependent variables

on Di, it gives unbiased estimation. However, to be consistent with previous liter-

ature, we still control several baseline variables. There are two reasons to do this.

The first one is that adding more explanatory variables would reduce standard error

of estimation. The other one is even if it is random assignment, the realized sample

doesn’t have to be well balanced. If we add those imbalanced data into regression, it

will give better results. In this study, we choose those baseline categorical variables

which somewhat have some prediction power. And in regression, those variables are

expressed in dummy variables4. The specification model is as follows

Yt = αt + γDt D + [γ1t Y1] + βtX + εt (1.1)

4For example, in the original data, family income is categorized into 10 categories. Therefore in
this paper we create 9 dummy variables for each category
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where Yt is the test score at age t. D is the assignment variable. X is the vector

of control variables, including birth weight, race, gender, primary family language,

maternal education, maternal age, marital status, programs site and income. Sub i

is suppressed. The terms in square brackets are optional, as we will follow the same

notation in the rest of this paper. 5

Table A.2 reports the regression result. The estimates are siginificant at 5% level

except the first row. In detail, in model (1) without controlling initial skill, the effect

size on Bayley MDI at age of 2 is 0.514 units of Standard deviation. At the end of the

program, the impact decreases to 0.503. The decreasing effect overtime can be found

in other programs as well, such as Early Head Start. The reason for this is likely due

to more children in control groups access to other daycare or other benefits which

should be exclusive for the treatment. However the change is insignificant. When

initial skill is added, the treatment effects are almost same, which is consistent with

our assumption that initial ability is orthogonal with treatment. Correlation between

initial skill and following cognitive skill is positive and fades over time, as expected.

Although, the correlation is not very high, it is still consistent with the literature that

IQ test score become much more stable after age 10. Because of this key estimation

of correlation, initial skill is a proper proxy for children’s ability, and that’s the base

for equation 1.2 and equation 1.3 later. However, the correlation is not so strong and

fades over time, it cannot measure the current skill accurately, that is the reason why

distributional effect is introduced.

5Most of the literatures on this area adopt more affluent set of covariates. However, in this
paper we use a small but sufficient set of covariates. There are three reasons. First, as mentioned,
it is a experimental data, so covariates here mostly contribute to smaller standard error, not the
point estimation. Second, in the later distributional effect analysis, to make sure the results are
interpretable, we should not control too many variables. Last but not the least, we also estimate
the situation with more covariates, and the results are robust.

11



Then we analyze heterogeneous effect, by adding interaction term. As we argued

previously, since there is no correlation between score at age 1 and intervention, we

could use initial ability as benchmark characteristics. Besides we assume that initial

ability is uncorrelated with the error term. Here we choose the specification model

as follows.

Yt = αt + γDt D + γ1t Y1 + γD1
t DY1 + βtX + εt (1.2)

Table A.3 reports the key estimation. First, we find the positive correlation be-

tween skill at age 1 and skill at age 3, as in equation 1.1. More importantly, the

coefficient of interactive term is significant positive. It means, if child A scores higher

than child B by one unit of standard deviation at age 1, it can gain more from pro-

gram than child B by 0.110 unit of standard deviation. This effect size is economically

significant, since back to Table A.2, the average effect size is only 0.483. Compared

to Early Head Start program, which targets on children from birth to 3 as well, Love

et al. (2005) find effect size at the end of that program is around 0.12, which is almost

the same as the gap of heterogeneity between children with one standard deviation

difference of initial skill in IHDP. So heterogeneity is not only statistically significant,

but also economically significant. So from this method, the results support dynamic

complementarity hypothesis or skill-beget-skill hypothesis, since the children with

higher initial ability can benefit more from the intervention.
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1.4.2 Distributional Effect Analysis

We use quantile regression to estimate the conditional quantile effect of intention-to-

treat from quantile 0.05 to quantile 0.95. The reason for not estimating quantile at

extreme boundary is because given the limited sample size, the standard error would

be very large around boundary. The specification model is as follows

Qτ (Yt|D,X) = αt,τ + γDt,τD + βt,τX (1.3)

Since conditional quantile regression estimate the effect on marginal distribution,

the covariates set should be chosen carefully to make interpretation reasonable in

terms of ability gap. In fact, The difference between coefficient γDt,τ at different quan-

tiles τ reflects the change in effects within group defined by convariates. If we choose

too few covariates, the difference may be result of other factors besides ability. For

example, Bitler et al. (2017) estimate unconditional quantile treatment effect and

find a decreasing effect pattern in quantiles. However, it cannot be concluded that

the children with lower ability gain more from the intervention, since the difference

may reflect the parental education or family income. On the other hand, if we choose

too many covariates, the variation of ability may be decreased across distribution,

since ability can be somehow explained by other covariates. In this subsection, one

covariates set is identical to specification equation 1.1 and the the other covariates

set keeps only birth weight, gender, maternal education, programs site and income.

Figure A.1 illustrates the quantile effects on IQ test at age 2 and 3 based on two

different covariates sets. Figure (a) shows increasing pattern of impacts. However

13



the result is quite sensitive to the choice of covariates. In (b) the increasing pattern

disappears. An interesting fact, is if we add initial skill into first covariates set, this

increasing pattern still exists and doesn’t change too much comparing to (a). This

implicitly implies, the variation in (a) may not be result of ability. So from this

method, we don’t have strong evidence for dynamic complementarity hypothesis.

1.5 Effects of Daycare and Home Environment

We have analyzed the effect of the intervention. We find in the mean effect analysis,

it supports dynamic complementarity model. However, in the distributional analysis,

the results are noisy. Besides considering the mixed results from previous literature,

we speculate that different settings or different aspects of the programs works in the

different mechanisms. Therefore, to dig deep, we want to know through which channel

and by how much the intervention affects the cognitive skill. To answer this question,

we decompose intervention effect into two inputs, daycare and family environment.

Moreover, we would like to estimate complementary degree between those two inputs.

1.5.1 Mean Effect Analysis

Before moving to instrumental variable methods, let’s have a quick look at rela-

tion between cognitive skill and home environment or daycare. Figure A.2 shows

a straightforward start for our analysis. First, along both axis, the IQ score is in-

creasing, as expected, since the better home environment or more education time

in daycare should contribute to the higher skill. Second, gradient along Y-axis is

greater than X-axis. At almost every decile of hours in daycare, children in ad-
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vantaged home environment perform significantly better than disadvantaged family.

However, children spending more time in daycare performs better only in the case of

disadvantaged home environment, meanwhile children from advantaged family cannot

benefit too much from daycare. Last, the complementarity in skill formation between

different inputs should be reflected by gradient along diagonal. It is obvious that the

lower left area is extremely low and increasing along diagonal. However the trend is

insignificant in the upper right area.

Moreover we run regression of IQ score on HOME score and weekly hours in

daycare. Specification model is as follows

Yt = αt + γHt Ht + γCt Ct + [γ1t Y1] + [γHCt HtCt] + βtX + εt (1.4)

where H is HOME score and C is average hours in child daycare 6. In other words

we consider 4 cases, without either initial skill nor interaction term between home

environment and daycare, with only the former, with only the latter, and with both.

Interaction term γHCt HtCt, will be explained as complementarity degree of two

inputs. The higher γHCt , the more complementary there is. To measure whether

those two are complements, we introduce strong complementarity and weak one.

Strong complementarity is the case γHCt is positive. Or in other words, one input can

produce more skill as the other input increases. It can be simply expressed as ”1 +

1 > 2” . The weak complementarity is commonly used in human capital literature.

It is the case when skill formation wouldn’t be limited by one input, and can utilize

both inputs, although maybe not fully. Like previous, it can be expressed as ”1 + 1

6Besides, we replace hours in daycare by attendance in daycare to test robustness. We find similar
results.
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> 1”7.

The key challenge to identify the effects is endogeneity problem. Both inputs

are correlated with the error term in the real world. For example, there is a neg-

ative health shock on children which affects cognitive skill adversely, however the

parent may compensate the shock by improving family environment. In this case,

endogeneity causes negative estimation bias. To fix this problem, we need introduce

instrumental variables. In this problem, we have at least two endogenous variables of

interest. So at least two instrumental variables are required. The first instrumental

variable would be the treatment indicator. Relevance assumption holds, since treat-

ment would affect daycare and family environment from Table A.1. Even controlling

the other covariates it holds as well, which is not reported here. Exogeneity assump-

tion is likely to hold as well, given it is a random assignment. And there is no other

channel but home environment and daycare working on cognitive skill . We do con-

sider health is another channel. However, data shows there is no correlation between

health outcome and intervention 8. Besides there is no evidence that treatment will

change the productivity of skill formation . Therefore the treatment indicator is our

first choice. We still need at least one more instruments to identify casual effects. We

will use interaction terms between some benchmark characteristics and the treatment

indicator as instrumental variables. Given benchmark characteristics wouldn’t change

after treatment and treatment does not change structure of production function, those

instrumental varibles are valid (Garćıa and Gallegos, 2017). To balance overidentifi-

7A simple math expression is γHCt +min(γHt , γ
C
t ) > 0, if H and C are dummy variables. If they

are continuous, it should be min(γHCt H + γCt , γ
HC
t C + γHt ) > 0

8IHDP did provide health care service to treatment group. However, We regress Stein General
Health Score and Rand General Health Ratings at 36 months on treatment indicator and covariates
respectively, and we find both results are insignificant. More specifically, effects are .004 with P-value
0.53 and 0.44 with P-value 0.257 respectively.
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cation and weak instrumental variables, we finally choose initial skill, family income,

race and maternal education to interact with treatment indicator.

Table A.4 reports the results. Top panel reports the results from linear regres-

sion without instrumental variables. First, daycare and home environment can both

improve the cognitive skill significantly. When adding initial skill in column (2) and

(4), effects of daycare remain almost the same, however effects of home environment

reduce significantly. Coefficients on interaction term in column (3) and (4) are both

negative and significant, however much smaller than main effect. So daycare and home

environment plays role of weak complement in skill formation which is consistent of

Figure A.2

The bottom panel reports the results from instrumental variables method. Cragg-

Donald Wald F statistic reports the likelihood bias caused by the weak instrumental

variables is greater than the bias caused by endogeneity in original regression model

without the instrumental variables. We find for every model the bias is partly fixed

by instrumental variables method with more than 80% likelihood.9 Comparing to top

panel, we find estimated effects of both inputs increase. This negative bias implies

compensate behavior of parents or caregiver. When negative shocks or unobserved

factors happen on children, family would invest more to fix the adverse effect. Specif-

ically, column (5) estimate the model without initial skill or interaction term. It can

be interpreted that one additional hour in daycare (weekly) would increase IQ at 3

by 0.013 standard deviation . From Table A.1, we know the intervention can increase

9When we reduce the sets of covariates or increase the sample size by pooling PPVT scores as
described in Section 3, the statistics perform even much better, leading to less than 5% likelihood
for comparative bias, meanwhile the point estimate remains almost the same. These robust results
lead to more confidence on these instrumental variables are valid. To be consistent with the previous
analysis, we still adopt the same sample and set of covariates as before.
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daycare hours by around 20, which means through daycare channel, it would increase

IQ test by more than 0.26 standard deviation. Similarly, increasing one standard

deviation of HOME score can result in 1.073 standard deviation improvement of IQ

at 3. And through this channel, intervention increases IQ by 0.15 standard devia-

tion. In column (6) we add initial skill. The effect of daycare doesn’t change much,

however the effect of home environment reduce to almost half size. It is intuitive to

explain the result as home environment is correlated with the initial IQ and initial

IQ will share partly explanation power. Meanwhile, daycare is provided since age 2,

therefore the correlation between it and initial IQ is much lower. In column (7) and

(8) interaction term is insignificant which shows those two inputs are weak comple-

ments. This implies home environment and daycare works orthogonally in production

of cognitive skill. In other words, on average, although they cannot enhance gain by

each other, they don’t crowd out each other either. Besides, considering Figure A.2,

we speculate, for the disadvantaged families complementarity between two inputs is

higher than advantaged ones 10

Still we want to explore heterogeneous effect of those inputs across ability. Similar

to equation 1.2, we add interaction term between inputs and initial skill

Yt = αt + γ1t Y1 + γHt Ht + γCt Ct + γH1
t HtY1 + γC1

t CtY1 + βtX + εt (1.5)

Suffering small sample size and weak instrumental variables for too many endogeneous

variables, all coeficients of interest except initial skill are insignificant and Cragg-

10We regress model equation 1.4 for subgroup with high HOME score and low HOME score
respectively, and find main effects of home environment in advantaged family is much higher than
the latter, meanwhile complementary term is insignificant positive for the latter. Because of reduced
sample size for subgroup regression, inference performs terribly. The results are not reported here.
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Donald Wald F statistics are terribly low. Garćıa and Gallegos (2017) append two

test scores, IQ test and PPVT, as one to increase the sample size and power. However,

those two score captures different aspect of cognitive skill. And when we estimate

them respectively, they show different structure as well. Even though we use this

pooled sample, the results are sensitive to the set of covariates and instrumental

variables selection. To explore heterogeneity, we switch to quantile regression.

1.5.2 Distributional Effect Analysis

In this subsection, we explore heterogeneity by comparison impacts at different quan-

tile. Similar to equation 1.3, we replace treatment by daycare and home environment,

Qτ (Yt|D,X) = αt,τ + γHt,τHt + γCt,τCt + βt,τX (1.6)

As discussed in equation 1.1, the control variables should be carefully chosen. Here,

only birth weight, gender, maternal education, programs sites and income are chosen

as benchmark. To test robustness, we will add race, maternal age, and marital status.

Figure A.3 (a) and (b) illustrate quantile effects from 1 to 99 percentile in step of 1.

For the daycare in A.3 (a), it shows increasing pattern, especially, from 25 percentile.

At lowest point 25 percentile, the effect is close to 0.01. From then it increases to

more than 0.018 by 70%. As noticed in all graphs, trends show discontinuity around

25 percentile and 75 percentile which may caused by data which is jumpy around

those points. Besides, as we discussed before, the boundary or the tail of distribution

suffering large standard error than midrange, we have more confidence on estimation

for midrange (from 25 percentile to 75 percentile). In this part, effects also range

19



from 0.010 to 0.016. The gap is economically significant. In Table A.1, average

weekly hours in daycare in treatment group is close to 30 hours. The gap between

those two can be as large as 0.18 standard deviation because of heterogeneity effect

by daycare.

In A.3 (b), the trend of home environment goes in opposite direction. Still, discon-

tinuity happens at 25 percentile and 75 percentile. Although the decline trend is not

consistent from the beginning to the end, in mid-range, it decreases from 1.1 to 0.8.

Besides across left tail and right tail the trend is decreasing respectively. Moreover

right tail as whole is lower than left tail.

These results imply, daycare plays a complementary role to children’s ability and

support dynamic complementarity hypothesis. Whereas, home environment supports

compensatory hypothesis, since the low end students can gain more from the im-

provement in home environment.

To test robustness, we expand the covariates set to the one used in linear regression

model 1.1. In A.3 (a) and (b), although the size of effects changed, the trends are

still same. within group, variation of effects over distribution is not be explained by

adding those variables. To verify that this variation is caused by ability, we add the

initial skill into control variables. As we discussed before, the initial skill is highly

correlated with the current skill. Therefore when we control initial skill, within group,

the children should have similar cognitive skill. In (c) and (d), the monotone trend

totally disappears. It implies that the trend in (a) and (b) can be mostly caused by

ability difference. And that’s why when we control initial skill, the pattern is gone.

Comparing Figure A.3 and Figure A.1 (b), we find trend of the former is much

more obvious and smooth. Besides nonparametric smoothing technique adopted here,
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the main reason is we disentangle two different inputs. Those two inputs works in

different direction respectively. If we just consider intervention itself, the results only

show the mixed effect of those inputs, and become much noisier. It goes up and down,

depending on which inputs play a dominant role across distribution.

There is no closed form inference to test ”monotone” trend. Intuitively, if the

increasing pattern exists, the estimated coefficient at lower quantile should be smaller

than that at higher quantile. Vice versa, if the trend is declining, the estimated

coefficient at lower quantile should be larger than that at higher quantile. Therefore,

we test the null hypothesis as follows:

H0 : γCt,τ2 − γ
C
t,τ1

< 0, for τ2 > τ1

or

H0 : γHt,τ2 − γ
H
t,τ1

> 0, for τ2 > τ1

It should be emphasized that it is impractical to derive a significant result from

joint hypothesis. So we test the hypothesis independently by different sets of τ . We

test the difference between coefficient at different percentile by bootstrapping11. We

calculate the probability of the positive or negative sign as bootstrap P-value12. The

results are reported in Table A.5 and Table A.6 for daycare and the home environment

respectively.

Given the small sample size, we tolerate a little larger P-value. So we colored

the cell with P-value smaller than 0.2. In Table A.5, right area is mostly colored,

11Bootstrap is stratified by sites and birth weight category to mimic the original sample method.
12Rigidly speaking, it is a good estimate of posterior probability of null hypothesis.

21



especially for the mid part. It implies that, effects of daycare across right tail of

distribution is higher than the rest, especially significantly higher than middle of

distribution. The light colored area in the middle of the matrix suggests that, within

the middle of distribution, there is an increasing trend. In Table A.6 the number

of cells colored is much larger than in Table A.5. So the decreasing trend in effects

of home environment is more significant. To be specific, the upper right area is red

colored, which implies effects of home across left tail is significantly larger than right

tail. The colored triangle areas in upper left corner, mid-area and lower right corner,

suggests that within the left tail, middle and right tail of the distribution, there is an

increasing trend.

We also test robustness of the estimation. First, we adjust nonparametric band-

width and also apply other estimation methods such as one step estimation and GMM

estimation. The results are reported in Figure A.4. It shows similar pattern to our

benchmark model. Besides, we pooled PPVT and IQ score and the trending is even

obvious, although not reported here.

From this analysis, it shows strong evidence for that home environment can benefit

the children with lower ability than those with higher ability. And there is weak

evidence for daycare can help the children with higher ability more. And this result

is consistent with Garćıa and Gallegos (2017).

1.6 Discussion and Conclusion

In this study, we employ not only linear regression, but also quantile regression to

explore more information of impacts on cognitive skill from IHDP beyond the average
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effect. We find on average, intervention is more productive for high skilled students.

Nevertheless, it is not consistently increasing across whole distribution. To disentan-

gle the noisy pattern of impacts across ability distribution, we apply instrumental

variables to analyze the heterogeneous effects of daycare and home environment.

We find daycare as human capital investment follows complementarity hypothesis,

whereas, home environment supports compensatory hypothesis.

There are two important implications of this study. First, it provides the reason

for the mixed empirical results in testing those conflicting hypotheses. The different

programs emphasize different aspects, which may result in different improvement

of daycare and home environment. If effect of a program on home environment is

dominant it is likely to support compensatory hypothesis. On the other hand, if it

weights daycare more, it may show complementarity pattern. Second, it provides a

clue to the policymakers to design program more efficiently. If the program targets

the high skilled children, it should provide more childcare service, while if it targets

the low skilled children, it should focus on home visit and parental education, given

the fixed budget. 13

However, we realize their some drawbacks in our study. First some of my interpre-

tation in fact is partly based on effects on individuals rather than distribution, which

requires a strong assumption. It is a reasonable assumption that rank of individuals

should not be changed dramatically by treatment. Therefore, although rank invari-

ant assumption may not strictly hold, the rank change is likely to fluctuate within a

small neighborhood. This cannot affect our conclusion significantly. In addition, even

13We only focus on the aspect of the children’s skill development. However, practically, there
should be more points considered. For example, daycare offer can encourage the parents into the
school or the labor market.
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though the assumption is violated strongly, it still provides insights. For example, the

improvement in home can compress the distribution which implies that it can reduce

the inequality in skill formation.

The other is because of the small sample size, we don’t have sharp inference to

support the conclusion, especially for effect of daycare. Nevertheless, as discussed in

section 1.5, we have obvious trend and multiple robust result, it may somewhat com-

pensate high standard error. The result can enrich the literature and be a reference

in the future’s studies.
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Chapter 2

Peer Effects of English Language
Learners on Cognitive Skills and
Noncognitive Skills: Evidence from
ELCS-K 2011

2.1 Introduction

In the US, the demographics in public schools are undergoing a significant change.

Notably, the number of immigrants or English Language Learners (ELL) enrolling

in public schools is increasing rapidly in recent years. In order to adapt to the new

environment in school and evaluate the impact of this trending phenomenon, this

study analyzes how the ELL peers affect the students’ cognitive and noncognitive

skills.

To make the picture clear, we briefly introduce the background. According to the

report by National Clearinghouse for English Language Acquisition (NCELA) and
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the one by National Center for Education Statistics (NCES)1, the number of ELL

increases from 3.8 million in 2000 to 4.9 million in 2015 by 30%. The proportion of

ELL in public schools was around 10% in 2015 , while it was only about 8% at the

beginning of this century. There are the ELL presence in 62% of the public school

districts in 2015. Besides the significant change in the number of ELL over time, ELL

are unevenly distributed geographically. ELL are more concentrated in the coastal

area. Also, 60 % of ELL were enrolled in K-12 in only five states (California, Texas,

Florida, New York and Illinois). The proportion of ELL is much higher in urban than

in non-urbanized areas.

Moreover, the share of ELL is not constant across K-12. In 2015, 67% of ELL

were in grades from kindergarten to grade 5 , while just 33% were in grades from 6

to 12. As for the share of ELL, 16% of students in kindergartner were ELL, whereas

only 6.6% and 4% of students in 8th and 12th grade were ELL respectively. Many

students classified as ELL in elementary schools improved their English proficiency

and were reclassified as non-ELL later in the higher grades. Another interesting fact

is that the majority of students in K-12 with limited proficiency English are born in

the US, which counts for 72%, although it declines in the higher grades.

Along with the increasing number of ELL, policies serving ELL are developing

as well. For example, the number of ELL served in Title III, supported language

instruction educational programs (LIEPs), increases from 3.6 to 4.7 million by more

than 30%. By 2014, 92.1% of students receiving services from LIEPs. LIEPs were

given either in two languages or English only. Even though there were 347,942 certified

or licensed teachers in Title III-supported LIEPs, more licensed teachers are still in

1Source: NCELA (2018b) and NCES (2018)
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huge demand. 2

Due to the facts of demographic and policy change, more literature emerges to

examine how those phenomena and policies affect the performance of ELL or non-

native students (Farver et al., 2009). However, the peer effects of ELL or the non-

native on students’ performance in class are rarely studied.

As a whole, ELL perform worse than the national average. Related to this, there

is large literature finding the negative peer effects of the disadvantaged students3. So

in this study, we try to answer these questions: 1) Are there any peer effects of ELL

on the cognitive and noncognitive skills of the students in the class ,and if so, are they

harmful? 2) Are these effects linear? Or in other words, do these effects change as the

proportion of ELL changes? 3) Is there any heterogeneity across different subgroups?

4) Are the effects consistent across grades of elementary school?

To address these questions, we analyze data from Early Childhood Longitudinal

Study, Kindergarten Class of 2010-11 (ECLS-K 2011). ECLS-K 2011 is a longitu-

dinal study with a national representative sample of 18,174 children starting from

kindergarten entry in 2010-2011 with follow-ups to the fifth grade every year. The

explanatory variable of interest is the measure for ELL in one classroom4. It can

be measured by the dummy variable to indicate whether or not there is at least one

ELL in class, the number of ELL in class, and the share of ELL in class, respectively.

The performance is measured by the cognitive skills - reading, math, science, oral

language and working memory, and noncognitive skills, like external behavior.

2Source: NCELA (2018a), 2012-2014 Biennial Report to Congress on the Title III State Formula
Grant Program.

3For example, Rangvid (2019) found the adverse peer effect of the returning special education
children on the students in the receiving schools.

4The measures for ELL at grade and school level are considered as by-products too.

27



The widely used value-added model is adopted in this paper. Besides, school fixed

effect, student fixed effect and the lagged dependent variables are added. This paper

compares various settings of the model and carefully examine the specification of the

model to guarantee the results approach causal inference. Moreover, this paper also

tests the non-linearity and the trend over grades of the peer effects. At last, it delves

into heterogeneous effects by several characteristics.

Our results show, the presence or increase in ELL in class would cause modest,

but significant negative cognitive skill effects. In addition, we find negative effects on

noncognitive skill, but they are not robust. Besides, the peer effect on reading skills

is not linear, as the marginal adverse effects are more substantial when the share

of ELL is low. As for heterogeneity, girls are more likely to be negatively affected

than boys. Also, consistent with the boutique or tracking hypothesis, the advantaged

students are dragged down even further. At last, The negative impact on the reading

skill grows in higher grades.

There are several contributions of this study. First, it enriches the literature on the

peer effect of immigrants and ELL. Second, employing the new ECLS-K 2011 dataset,

this paper tracks the current national trend and demographics in recent years. Third,

to my best knowledge, this paper is much more carefully designed and tested to ensure

causal inference than the previous studies on the peer effect of ELL. Fourth, to the

best of my own knowledge, it is the first one to estimate the peer effect of ELL on

both cognitive skills and noncognitive skills consistently in one study. Fifth, to my

best knowledge, this is the first one to explore the non-linearity and trend over grades

of the peer effects of ELL on skills.

The rest of this paper is structured as follows. Section 2.2 is a literature review.
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Section 2.3 describes the ECLS-K 2011 data. Section 2.4 introduces the specification

model. Section 2.5 provides the preliminary results, and the model specification and

robust tests. Section 2.6 explores the nonlinear peer effects, heterogeneous effects on

subgroups and the trend of the effects.

2.2 Literature Review

There is a large, and growing literature focused on peer effect (for example, Epple and

Romano (2011), Sacerdote (2011)). Since as the whole, ELL lag behind the national

average, in this study we focus on the literature on peer effects of the disadvantaged

students. Hanushek et al. (2009) reported that the higher proportion of black students

adversely affects the achievement of black students with higher ability. However, the

effect on all white students and black students with lower ability is insignificant.

Angrist and Lang (2004) used a Boston’s ”Metco” busing program as an exogenous

impact where the students were sent to more affluent suburban schools, and they

found no significant effect on the whole sample. However the modest, short-lived

negative effect on minority female students in receiving school was found. A similar

quasi-experimental study comes from Imberman et al. (2012). In their study, they

evaluated how the inflow of Hurricane Katrina evacuees impacts the non-evacuee

students in Houston and Louisiana. The results show no significant effect on the

whole. However, the black students or students with lower ability in the receiving

school are significantly negatively affected. In addition, they found that the inflow of

high achieving students benefits the incumbent students with high ability, while the

inflow of the low achieving students will harm those high achieving students. Gottfried
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and Harven (2015) exploited ECLS-K data and reported the adverse peer effects of the

students with emotional and behavioral disorders on reading and math scores. Lavy

et al. (2011) examined the spillover effect from repeaters on middle and high school

students’ achievement in Israel. They found the effect of the proportion of repeaters is

negative, especially on the students from low socioeconomic background and with low

ability. Rangvid (2019) studied the effect of returning special education on reading

skill of students in receiving school in Denmark, and they also found a significantly

negative effect. As for heterogeneity, consistent with the previous literature, Lavy

et al. (2012) points out that the student at the bottom of ability distribution are the

most vulnerable to the peer effect.

The more related literature is the peer effect of immigrants on native students’

outcomes. First, evidence from other countries will be illustrated. Jensen and Ras-

mussen (2011) found in Denmark, the lower scores in math and reading are associated

with the higher concentration of immigrants in schools. Ohinata and Van Ours (2013)

found the proportion of the immigrants in elementary schools is negatively associated

with the school learning environment (for example, behavioral problems) but not

significantly with reading or math scores. Geay et al. (2013) found a negative corre-

lation between the concentration of non-English speakers and students’ achievement

in elementary school in England. However, when they try to derive causal inference

by controlling more variables and school fixed effect, the negative effect diminishes.

Frattini and Meschi (2019) found the negative effect of immigrants’ concentration on

math test scores in vocational schools, driven mainly by linguistic distance between

natives and immigrants. Bossavie (2020) studied the data of primary school in Dutch,

and found the effects of immigrant concentration in the classroom on the academic
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achievement of natives depend on immigrants’ length of stay at the host country.

There is only a small negative effect of recent immigrants on language scores, while

there is no significant effect of long-stay immigrants.

For the US, There are few studies on peer effect of ELL. We only review four

major studies here. Diette and Uwaifo Oyelere (2014) used administrative data of

students from third grade to eighth grade in North Carolina to analyze the peer

effect of students with limited English (LE) on native students. They found the small

negative effects on reading and math scores. It further delved in gender and race

heterogeneity and found there is no effect on white girls, while there are negative

effects on white boys and black students.

Cho (2012) used ECLS-K to analyze the peer effect of ELL on other students’

reading and math scores. The target is students from kindergarten to 1st grade

student. They found the negative effect on reading only. As for heterogeneity, the

effect only exists for girls but not boys. The partial inconsistency of the results on

heterogeneity from these two studies is likely due to different samples (from 3rd to

8th grade in North Carolina vs kindergarten and first grade nationwide) and different

methods (school-by-year fixed effect model vs students fixed effect model).

Gottfried (2014) used ECLS-K to study the peer effect of ELL on students’

noncogntive skill in kindergarten and grade 1. It found significant positive effects.

However, there are some drawbacks in their study. First, the sample size is small, and

to guarantee the number of observations, imputation applies in many characters and

observations. Second, it only employed the lagged dependent variables and school

fixed effects without rigid robustness test.

Chin et al. (2013) used panel data of Texas public elementary schools to design a
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regression discontinuity study of the impact of bilingual education programs on both

limited English proficient students (LEP) and the natives. Although they found no

significant impact on the LEP, there are significant positive impacts on the natives’

achievement. They discussed that the bilingual programs reduce the concentration

of the LEP in classes, leading to a positive spillover effect to non-LEP students.

To sum up, there are few studies on the peer effects of ELL. Even in the limited

number of studies, data used by them cannot follow the current national trend. Sev-

eral novel points distinguish this study from others. First, this study uses nationally

representative data from grade 1 to grade 5. Unlike Cho (2012), where there are only

two periods and the student fixed effect model consumes too much degree of freedom,

five periods of data gives a much more accurate estimation. Compared to Diette and

Uwaifo Oyelere (2014), which focused on only North Carolina and the variables are

limited due to administrative data, ECLS-K 2011 used in this study is nationwide

sampled and provides much more detailed information from various questionnaire and

surveys. Second, this study carefully chooses and examines the model specification

to make sure the results approach causal inference. Third, it embodies the effects

on cognitive skills and noncognitive skills in one framework. Finally, it explores the

heterogeneity more widely and deeply than the previous studies and derives more

insight into non-linearity and trend of the effects across grades.

2.3 Data

This study uses data from Early Childhood Longitudinal Study, Kindergarten Class

of 2010-11 (ECLS-K 2011). ECLS-K 2011 is a longitudinal study with a nationally
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representative sample of 18,174 children starting from kindergarten entry in 2010-2011

from around 970 schools. The background of the children is diversified. Question-

naires are designed not only for children, but also for parents, teachers, schools and

even after school care providers, which provides various variables from multilevel.

This is a voluntary study, which means parents/children are not required to answer

every question or even questionnaire. Even though, we will show there is no sample

selection problem later. There are 10 rounds of data collection, including base round.

For the kindergarten, the first grade and the second grade, data is collected every

semester. After that, data is collected by the end of the spring semester every year

until the fifth grade. In this study, we use five rounds of data by the end of the spring

from first grade to the fifth grade, while collection in spring of kindergarten will be

used due to the presence of the lagged dependent variables in the model.

The explanatory variable of interest can be measured by five variables. They are

dummy variable of the presence of ELL in class and the number of ELL in class from

1st grade to 5th grade from teachers’ questionnaire5. Besides, class size is available

in the data as well. So the share of ELL in class can be derived by

Share of ELL in Class =
Number of ELL in Class

Number of Students In Class

Notice that this is not the percentage share. The range of the share of ELL is from

0 to 1.6 In order to compare the results to previous literature, those three measures

5Starting from fourth grade, these questions are reported by different teachers - reading, math,
and science, since at some schools subjects start being taught by different teachers. If all subjects
of classes are still instructed by the same teachers, teachers will be indicated as reading teachers.
Therefore, we only use reading teachers’ reports in this study, which accounts for more than 90%
sample in the fourth and fifth grades. Although not reported, we use all teacher’s reports as well,
and the results are robust.

6It applies to the share of ELL at grade and school levels too.
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will be used separately in the models. Besides, we also include the share of ELL at

school and the share of ELL at the corresponding grade to analyze the peer effect at

a broader level.

The outcome examined in this study, will be not only limited to cognitive skill

measures such as math, reading, science score, working memory and oral language

skill, but also extended to noncognitive skills such as self-control or external behavior.

As for reading, math and science skills, we adopt Item Response Theory (IRT)-

based overall scale score for each content domain.7 IRT-based score is adopted by

many large longitudinal studies. One of the reasons is that it can be vertically com-

pared over grades, which is especially important for early childhood study, since

usually there is no vertical scale before fourth grade in administrative data. Working

memory is measured by The Numbers Reversed W-score.8 The oral language skill is a

dummy variable indicating whether the children’s oral language skill is below/around

average or above average), reported directly by teachers. Noncognitive skill scales are

developed by teachers’ reports to corresponding items, including self-control, atten-

tion, inhibition, externalizing problem behaviors, and internalizing problem behav-

iors. Except for oral language skills, all scale scores are standardized to have mean 0

and standard deviation 1 using the entire ECLS-K 2011 sample for each test by each

year.

In order to reduce the confoundings, a set of covariates are added to the model.

Students’ characteristics include gender, race, age, whether English as the native lan-

guage, and disability. Families’ characteristics include household income, number of

7See Najarian et al. (2020) for details
8It shows the kids a sequence of numbers and then ask the kids to memorize and repeat the

numbers in reversed order. See Najarian et al. (2020) for details
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siblings, whether non-English is spoken at home, and parents type. Classes’ charac-

teristics include in class the number of disabled students, the number of repeaters and

class size. Schools’ characteristics include the share of non-white students, school size,

location, and school district poverty level. Unlike Cho (2012), we drop all missing

observations rather than imputation. Besides, we don’t apply any weights provided

in ECLS-K 2011. Moreover, since the fixed effect model is introduced and the un-

balanced panel data is used, singleton observations are not utilized. We drop all

singleton observations.

Table B.1 shows descriptive statistics9, where column 1-5 correspond grade 1 to

grade 5 and the last column is the statistics from whole sample used in this study.

Consistent with the national facts introduced in section 1, all 3 measures for ELL

are decreasing as the grade increases. Since this study focuses on early childhood, in

our sample the share of ELL is 12.1%, which is higher than 10% in public schools

nationally. Although as the whole students’ performance is above 0, a little higher

than ECLS-K 2011 sample, it is insignificant.

Since the response is voluntary, this panel data model is likely to suffer from

sample selection bias. Missing responses may be due to the specific factors, which is

possible to be correlated with the outcomes. Although the original data of ECLS-K

2011 has been examined and shows no selection bias issue10, it does not guarantee

in our sample there is no sample selection issue. Therefore we introduce a simple,

however effective method to test sample selection. We divide the whole sample into

two groups, categorizing grade 1 and 2 as one, grade 3 to 5 as the other. We compare

9In our model, factor variables, including income, family type, race, school size, are categorized
into more dummy variables than shown in Table B.1, which compresses the summary in Table 1 and
make it clear to read.

10See details in Najarian et al. (2020)
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a rich set of observed benchmark characteristics in grade 1 between those two groups

unconditionally, in other words, not accounting or conditioning on any other factors.

If there is no sample selection issue, which is our null hypothesis, it is very likely

there are few significant differences across the chosen characteristics, implying that

the sample is missing completely at random (MCAR). On the contrary, if there are

several differences, we have to reject the null hypothesis and conclude there is a sample

selection problem. The idea behind this test is that although we cannot compare every

observerble and latent aspect between those groups, if missing is due to some factors,

those factors are likely to be the observable or correlated with the observable, which

leads to the differences shown up in the test.

The comparison result is shown in Table B.2. We find an only difference at 5%

significance level in 1 out of 29 characteristics.11 Even for the statistically significant

difference in income, the size is only less than 10%, which is modest. Notably, there is

no significant change in ability variables - reading and math, and measures for ELL.

From this test, the assumption of missing completely at random, even stronger than

missing at random, should hold. Besides, we control an even richer set of factors,

including fixed effects. Therefore this study does not suffer from sample selection

bias.

11Although in Table B.2, there are two factors labeled significance, keep in mind, those four dummy
variables cover all options in income, which means, only 3 out of 4 are statistically meaningful.
Another point is from the multi-hypothese testing. After correction, like Bonferroni correction or
false discovery rate correction, only one characteristic is significant. Besides, in our model, we
categorize income into 19 dummy variables instead of 4 here. If we compare those 19 variables, all
significant differences disappear.
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2.4 Model Specification

2.4.1 Definition of the Peer Effects

Before delving into the model, we define the peer effects in this study. We analyze

how every student in the sample, whether they are ELL or not, is affected by the

presence, number, or share of ELL in class12.

Three things need to clarify that distinguish this study from other studies on the

commonly-defined peer effects. First, in this study, the target sample is not limited

to non-ELL, but all students including ELL. The reason for this is a lack of variables

indicating an individual’s status of ELL. So we cannot observe whether an individual

is an ELL or not. Second, the key exploratory variables include the students being

estimated. In notation, we use Ecst rather than E(−i)cst as the measure for ELL in

our specification later, for example specification 2.1.

Considering those two points, we do not have reflection bias, since measures for

ELL and achievement will not be two-way causally affected. Also, for most of the

students, even ELL students, it is appropriate to estimate the causal effect from the

class’s characteristics related to ELL. However, there is one particular case that may

cause a downward bias. If a student is brilliant and works hard, leading to high score

gain and change from an ELL to non-ELL, it raises downward bias. However, this

bias should be trivial, since the proportion of those students is small.

The third difference is that we do not include average achievement in class in the

model. Because IRT test is only taken by the students in the sample rather than the

whole class, we do not have variables to indicate the average performance in class.

12We also consider the share of ELL at grade level and school level in the main results
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Therefore, in this study, the peer effect includes not only the direct effects, but also

the indirect effects working through the unobserved average performance in class.13

2.4.2 Identification of the Peer Effects

Value-added model is employed to identify the peer effects of ELL. First, we will

demonstrate the basic model. Then, more features will be added to the model to

improve causal inference.

Our basic model is as follows,

Yicst = θEcst + βXicst + γCcst + δSst + Tt + εicst (2.1)

Where Yicst is the standardized score or skill of student i in class c at school s at

tth year, Ecst is a measure of ELL students in class c at school s at tth year14,

Xicst includes both time-varying and time invariant child and family characteristics.

Ccst is a vector of class characteristics, Sst includes both time-varying and time-

invariant school characteristics, Tt is a vector of year dummy variables, and εicst is

an individual/year specific error term. The key parameter of interest is θ, which

indicates the peer effect of ELL students on classmates’ test scores.

One advantage of ECLS-K 2011 is that it includes much richer multilevel variables

than administrative data, especially for individual and family background, such as

family income or family type (relation to parents). So as more observed variables

controlled in our model, more confoundings will be crowded out.

13For example, averagely, ELL perform worse than non-ELL in tests. The higher share of ELL
with lower average score may affect the individual adversely.

14When the measure of ELL is at grade or shool level, Ecst will be replaced by Est
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Although the observed factors have been controlled, there are still some endogene-

ity issues potentially staying. In order to control more unobserved factors, one period

lagged dependent variable is added into the model. The lagged dependent variable

can reflect historical omitted variables, which should be correlated with the current

dependent variable as well. When the lagged dependent variable is controlled, bias

should be reduced due to the historical information involved in it. The improved

model is

Yicst = θEcst + αYics(t−1) + βXicst + γCcst + δSst + Tt + εicst (2.2)

where Yics(t−1) is the lagged score. A similar method is to use gain-score as the

dependent variable, which simplifies the model and interpretation. More important,

the gain-score model can somehow relieve the endogeneity problem when using the

fixed effects model, which we will cover later. However, available evidence shows

the lagged dependent variable model outperforms gain-score model (Koedel et al.,

2015). It is not hard to tell the gain-score model is a restricted version of the lagged

dependent variable model, which limits α being 1. Therefore, the latter can give a

more accurate estimate due to the flexible setting. That is why the lagged dependent

variable model is much more prevalent in research and policy studies. So, in this

paper, the lagged dependent variable specification will be adopted.

Another important and most widely discussed source of bias is the sorting problem.

There are two levels of sorting, school sorting, and class sorting. The first one is

families choosing schools. For example, a native student with high ability may prefer

to be sent to school with little ELL students where non-English will only be used

without ”distraction”. Then there is a negative bias. Or on the contrary, some
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brilliant students may prefer to be exposed to a culture of diversity, leading to a

positive bias. To solve this, we add school fixed effects. In this case, the results

should be interpreted as variation within schools. To see how this works, error term

can be decomposed to school-specific term and other, εicst = ζs + µicst. The model

with school fixed effect follows

Yicst = θEcst + αYics(t−1) + βXicst + γCcst + δSst + Tt + ζs + µicst (2.3)

There are other studies (Diette and Uwaifo Oyelere, 2014) introducing school-by-year

fixed effects to account for dynamic characteristics of schools. However, in our study,

we doubt it is a concern. There is no strong motivation for parents to change (different

from ”choose” in school fixed effect only model) school because of variation in some

unobserved characteristics related to ELL, especially in elementary school. And we

do test school-by-year fixed effect specification, which turns out very sensitive to the

choice of other covariates. So we give up this school-by-year fixed effect feature.

The second level of sorting is class. Students or teachers are likely to be assigned

based on ELL related factors. If tracking is only based on time-invariant student

characteristics, it can be solved by student fixed effect model. Then variation is

within an individual across years. More specifically, µicst = σi + νicst , where σi is a

time-invariant individual-specific term, which covers all static characteristics of that

student. The new model is

Yicst = θEcst + αYics(t−1) + βXicst + γCcst + δSst + Tt + ζs + σi + νicst (2.4)

When student fixed effect is included, there is no more time-invariant characteristics
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in Xicst , like gender.

To estimate this model, usually, two methods can be used, first difference or

demean methods. Since data is an unbalanced panel data model, the first difference

method would drop much more nonconsecutive observations than demean model.

To maximize the data usage, we adopt a demean method, which needs to impose a

stronger strict exogeneity (conditional on the observable) assumption.

2.4.3 Specification Test

Many studies on education, such as Cho (2012), use this model as well. However, few

of them examine the validity of this specification. There are two main challenges.

One is that including both student fixed effects and lagged dependent variable leads

to an unavoidable violation against strict exogeneity assumption. The other is that

although static students’ factors have been controlled, there is no guarantee that

unobserved dynamic factors contribute to the sorting problem.

The first one is called Nickell bias (Nickell, 1981), which is particularly important

in ”small T, big N” sample. The bias is due to demeaned or first differenced lagged

dependent variables is definitely correlated demeaned or first differenced error term.

Theoretically, only α, the coefficient of the lagged dependent variable, should be

a biased estimate. However, if lagged dependent variables are correlated with our

variable of interest, measures of ELL, θ estimate would be infected as well. To

correct this problem, Anderson and Hsiao (1981) (AH for short) and Arellano and

Bond (1991) (AB for short) propose two first-difference-based instrumental variables

method. However, as mentioned previously, this sample does not fit the first difference

method well. So we test indirectly whether there is bias on θ estimate due to Nickell
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Bias. First, in order to apply first difference method and AH/AB tests, we use

the subset of the original data by dropping the individuals without at least two

consecutive observations. Next, we use the first difference method to estimate the

model. Then, we compare AH/AB estimates with the first difference method. If θ̂

is significantly different across methods, it can be concluded that bias exists. On

the contrary, if the difference is modest and insignificant, the bias can be reasonably

ignored.

The second challenge is whether student fixed effect specification totally solves

the class sorting problem. More specifically, does the class sorting problem depend

on only static characteristics or other unobserved dynamic ones as well? To test this,

Rothstein (2010) proposes a falsification test to examine whether the sorting problem

exists in value-added model. It can be simply rephrased that, in this study, if there

is still a correlation between measure of ELL in the future and students’ current

performance, counting for all other factors in the value-added model, the original

value-added model only produces biased estimates. It can be expressed as

Yicst = θEcst + θ1Ecs(t+1) + αYics(t−1) + βXicst + γCcst + δSst + Tt + ζs + σi + νicst

(2.5)

If θ1 is non-zero, θ̂ in specification 2.4 is biased. The reasoning is that if specification

2.4 is correctly specified, it is impossible future measures for ELL affect the current

students’ achievement. On the contrary, if θ and θ1 are jointly insignificant, sorting

bias is likely to be solved by specification 2.4. Actually, it is quite closely related to the

first challenge, as mentioned that whether bias on the lagged dependent variable, from

the dynamic panel data model, will infect peer effects estimate due to the relationship
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between ELL and the lagged dependent variable. Therefore, we will carefully test

those two challenges later.

At last, some studies show that student and school fixed effects are redundant or

even harmful in the value-added model. Chetty et al. (2014) shows that the value-

added model without school and student fixed effects can produce an estimate with

little bias. Koedel et al. (2015) argues that the practical importance of school and

student fixed effects is limited, considering the cost of reduced stability in the value-

added model.

To address this concern, we will show the importance of school fixed effects, es-

pecially student fixed effects in the robustness test in the next section. As for the

cost, in this study, unlike the teacher evaluation value-added model, stability is not

our primary concern. Besides, in the teacher evaluation study, a consistently broadly

comparable metrics is essential. Adding school and student fixed effects will limit the

interpretation within school or student, which leads to a terrible measure from the

view of policy. However, in this study, only causal inference of ELL is our interest

without considering practical assessment policy implementation. Therefore, different

from those studies, the major cost of adding school and student fixed effects is only a

significant reduction in degree of freedom, rather than interpretability and stability.

2.5 Results

In this section, we show the results from various specification models. First, we

illustrate the estimated peer effects of five measures of ELL on multiple aspects of

cognitive and noncognitive skills. Moreover, we test the challenges of the model
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mentioned in the previous section.

2.5.1 Results of the Peer Effects on Cognitive Skills

In this subsection, the results of the peer effects on cognitive skills from various model

settings are shown. Table B.3 - B.6 report the peer effects on cognitive achievements

in detail, which shows modest however significantly negative impacts.

First, the reading score is focused in Table B.3. The top panel reports the results

by using the ELL dummy variable, while the second and third panels by using the

number of ELL and the share of ELL, respectively. And the rest report the results

by using the share of ELL at school and grade level. The first column is an OLS

model with full sets of characteristics however without any fixed effects. Year fixed

effects is added in the second column. The results from the first two specifications

are similar. Furthermore, coefficients on all five measures of ELL are significantly

negative in separate models.

In column 3, school fixed effects are added. The effect of ELL at school and grade

level decreases sharply to insignificance. It is because, although the share of ELL

is time variant factor, it can still largely be explained by school fixed effects. The

estimated effects go in different directions for those different measures at class level,

where the negative one of dummy ELL is amplified, while the other twos decrease to

0 a bit. It is likely due to different school sorting preferences. Some high achievement

students prefer somewhat diversity, or high-quality schools are more attractive to the

ELL. Through this channel, there is a positive bias in (1) and (2). On the other side,

if the number and concentration of ELL keep increasing, it may be a sign that schools

are in a disadvantaged area with poor quality. Besides, high achievement students
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tend to avoid those schools due to school quality or teaching content distractions to

ELL. In this case, there is a negative bias in column 1 and 2. The ELL presence is

more likely to be related to the first channel, whereas the number and share of ELL

are more weighted on the second one.

With the student fixed effect in column 4, all three estimates at class level are

reduced to 0. It implies that there is still a negative sorting problem within school

in (3). Besides, the effect of ELL presence turns insignificant. Although the adverse

effects of number or share of ELL mitigate, they are still statistically significant.

Column 5 to 8 are similar with 1 to 4 except including the lagged dependent

variable. Compared (5) - (7) with (1) - (3) respectively, the effect size diminishes,

which implies there are unobserved historical factors correlated with the achievement

and ELL in class negatively. From another more straightforward view, the students

with high ability measured on previous scores, tend to be present in the class with

fewer ELL. However, there is little difference between (4) and (8). It infers that

student fixed effect specification has solved most of endogeneity, including unobserved

information reflected in the previous achievement. On the other side, the difference

between (7) and (8) is insignificant either. It infers that the lagged dependent variable

is sufficient for identification. However, since the cost of student fixed effect is modest,

with only around 25% increase in standard error, full specification with both lagged

term and student fixed effect in column 8 preferred. Just for robustness, those two

models are chosen to be reported as the peer effects estimate for most of this study.

The other finding is the estimated effects of the share of ELL at school level are

stable in column(3), (4), (7) and (8), for it is a school level peer effect which is not

affected by class sorting bias. Let alone insignificance, the peer effect of ELL at
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school level is only half size of the one at class level. Carrell et al. (2009) showed the

peer effects vary across the sets of relevant peers at different levels. For classes are

the basic unit of elementary education where most of the interaction and learning

take place, the estimated peer effects should be more substantial and precise at class

level than school level. Moreover, although the share of ELL at school level is highly

correlated with the one at class level. the peer effects at school level are likely to

work orthogonal to class level, condition on school fixed effects.15.

Table B.4 and Table B.5 report the effects on math and science. The differences

across models are similar to the reading case. The Share of ELL has a more significant

prediction power than the other two measures. Besides, column 8, corresponding to

specification 2.4 shows the best estimate. Therefore from now on, unless mentioned

specially, we mainly focus on the share of ELL in class in specification 2.4 in column

8.

The estimated results show a one percent increase in share of ELL in class will

decrease reading, math and science score of each student by 0.00096, 0.00094 and

0.00149 standard deviation, respectively. There are three things we want to discuss.

The first is, the effect size is small however statistically significant. Although we do

not report here, comparing coefficients on other time-variant factors between OLS

in column 1 and full specification in column 8, most of them change from statisti-

cal significance to insignificance, including individual-level variables like household

income, class-level variables like the number of disabilities, and school-level variables

like school size. Therefore, as a significant test survivor, the effect of ELL should be

15In fact, when both of the share of ELL in class and at school are added to the model, the peer
effect of ELL at school is -0.054 and the one at class level is -1.08, very close to the estimates when
they are in separate models, respectively. The estimated stand errors are similar as well.
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considered16. The other view is that for each student, the effect is modest. Neverthe-

less, to sum it over the whole class, the effect is non-negligible. For example, for a

class of 20 students (in my sample, mean is 22.32), one additional ELL will cause 0.096

standard deviation score loss for the whole class, which should not be ignored. The

last point is that usually it may be a by-product benefit when policies are targeted on

ELL. For example, in Texas, when they carry out bilingual education programs, there

is no significant benefit on ELL, while there are significant positive impacts on the

Non-Ell’s achievement, due to the reduction in share of ELL in main-stream classes

(Chin et al., 2013).

Another conclusion is that the negative peer effect on math and reading are sim-

ilar, while science is more adversely impacted. This conflicts against the previous

study and common sense. The intuition is that math itself is more isolated from

human language. Therefore more ELL in class do not distract or slow down the

teaching process. On the other hand, reading and science are much more language-

based, ELL need more attention and time to absorb the knowledge, which drags down

the achievement of the whole class. Therefore, although we don’t find significant dif-

ference between effects on reading and math, we cannot reject the hypotheses they

are the same either. We will discuss this more later in section 2.6.3.

Now, the results are compared to previous literature. In Cho (2012), the effects

of the ELL presence (dummy variable) on reading and math are -0.031 and -0.003,

respectively. In this study, when measured by dummy variable, both effects on reading

16An related concern is false discovery rate given multiple regressors in the model. There are
three points to be against this potential issue. Firstly, the research question about the peer effects
of ELL is raised prior to the model and result, which avoids over-exploited data mining problem.
Secondly, the significance is robust across specification models and subsamples in this study. Last,
the previous studies across different data has found the significant effects of ELL.
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and math are close to 0. The different results from Cho (2012) is likely due to the

possible time variant effects across two decades and the different samples. Besides,

in their study, two periods short panel may lead to an inaccurate estimate.

Diette and Uwaifo Oyelere (2012) estimates the peer effect of ELL share at grade

level on the students’ achievement in North Carolina from grade 3 to grade 8, which

turns out to be -0.0579 and -0.0516 for reading and math, respectively. Both effects are

smaller than those in this study at class level, which is consistent with our implication

that peer effects within classes are more influential than grades. Besides, the effect

size are larger in their study than ours at grade level. One of the reasons for their

comparably larger effect size is their sample is in higher grades. The trend of the

effects over grade will be shown later. Nevertheless, the difference is not statistically

significant.17

Both two studies above use the data around 2000. As emphasized in the introduc-

tion, there is an enormous change in both demographics and policy of ELL. In Cho

(2012), Only less than 20% of students are exposed to ELL in the same class, and

the average number of ELL in one class is 0.84. In Diette and Uwaifo Oyelere (2012),

percent ELL increases from 2.38% in 1999 to 6.12% in 2006, and average percent ELL

is 4.6% of the whole sample. In this study, summarized in Table B.1, around 47% of

students have ELL classmates, and the average percent of ELL is approximately 12%

which both are higher than the previous studies, following the current demographics

closely. Later in section 2.6.1 of this study, we will show the nonlinearity of ELL’s

peer effect, which implies that when the share of ELL is low, the marginal effect size

can be larger as the share of ELL increases. This is one possible reason for why the

17One drawback in Diette and Uwaifo Oyelere (2012) is their results are quite sensitive to speci-
fications.
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effect size is larger in this study.

Table B.5 reveals that the share of ELL at school level has a positive impact

on students’ science achievement. As far as we know, there is no literature on this

topic. Although they cannot be verified by the data, we raise two speculations. The

first one is that at class level, the students’ science achievements are delayed due to

the slow-down lecture, while at school level, the school may invest more in science

education as ELL increases. The second one is more specific. As the share of ELL

increases at school, schools may set up bilingual classes which separate ELL from

non-ELL classes. This may have a spillover effect on students.(Chin et al., 2013)18

Besides, Table B.6 reports the results on oral language skills and working memory

as well. In panel (A), there is a positive peer effect of ELL on oral language skills,

which is counter-intuitive. There are three points to analyze. First, the independent

variable oral language skill is rated by teachers instead of the standardized test. It

may lead to the inference bias. For example, in a class with high concentration of

ELL, the teacher may lower its standard and conception of ”average” to rate the oral

language skill, in which case more children in its class receive ”higher than average”

ratings. This may cause an upward bias. Second, the results are not robust across

specifications. Last but not least, although we doubt the positive effect, it can still

conclude there is no significant negative effect on oral language skills. Linking it

to the negative effects on reading, the negative effect of ELL mainly works through

vocabulary and comprehension.

Panel (B) of Table B.6 reports there is a negative effect on working memory, whose

18Their study focus on reading and math achievements at school level. Another thing to note, for
the school fixed effect have been included, this only applies to those schools who change the bilingual
class setting during the window.
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size is 0.10, similar to the estimated effect on other scaled test. Working memory

is essential in childhood development. It is critical for cognitive skills, problem-

solving and reasoning. Unlike reading, math or science, working memory does not

require much knowledge stock or language skills, and there is no specific course on

working memory either. Nevertheless, working memory is still trainable by playing

cards or specifically designed activities (Sala and Gobet, 2017). The negative peer

effects of ELL on working memory is likely due to lack of those activities in class

when teachers put more weights on language development and progress coordination.

Another insight is that the negative peer effect on other scaled tests may work through

working memory, considering the similar size and connection between them. Therefore

one possible effective practice is to add more activities to foster working memory

without the language barrier to boost reading, math and science skills.

All results from full specifications in this section have been visualized in Figure

B.1. All of the peer effects at class level are significantly negative, except for the one

on oral language skill. Most of the peer effects at school level are around zero without

statistical significance, except for the one on science which is significantly positive.

2.5.2 Results of the Peer Effects on Noncognitive Skills

In this subsection, the results of the peer effects on noncognitive skills from various

model settings are illustrated. Table B.7 briefly reports the effects on broad measures

for noncognitive skill, where the results are mixed across measures and models.

Gottfried (2014) states there are positive relationships between the number of

ELL in class and noncognitive skills in kindergarten and grade 1 using ECLS-K. They

argue that unlike the IRT scaled achievement scores, noncognitive scores cannot be
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compared vertically due to its nature. Therefore they believe the school fixed effects

model is more appropriate than the student fixed effects model. To test the robustness

and be consistent, we still apply those eight specifications as the previous subsection.

The results turn out that our study only partly agrees with Gottfried (2014). Table

B.7 reports the estimated effects on noncognitive skills in a more compact format

with only the share of ELL in class and at school level as measures, respectively.

First, we focus on class level. In column 1, counting for the observables, there are

negative relationships between ELL and noncognitive skills. 19 In column 7 with the

lagged dependent variable but without student fixed effect, there are negative effects

of ELL at class level on self control, attention or focus, and inhibition. When full

specification applied, all results are insignificant. However, there are several points for

extra consideration. First, noncognitive skill is much more stable than cognitive skill,

which results in inaccuracy in an estimate due to less time-invariant feature in the

fixed effects model. Second, measurement errors are much more severe in noncognitive

skill measures, leading to less precise estimates. Therefore, the conclusion is there are

the negative peer effects of ELL at class level on noncognitive skills, however, they

are not robust across different specifications.

Then, we switch to the school level. The results turn back in the opposite direction

to the class level. After controlling school fixed effects, the peer effects turn to be

positive across all specifications and noncognitive skills, significantly or not. It has

been visualized in Figure B.1. Similar to cognitive skills, even if we control both

shares of ELL at class and school level, the two size of two effects still remains almost

same, which implies that those two effects at different levels work through orthogonal

19For internal and external behavior, the higher the score is, the worse the behavior is observed.
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channels.

There are several reasons for the sign difference between the impacts of school

level and class level. When the students are directly connected to the ELL, they

may be affected adversely in class due to the language barrier and possible cultural

conflict. However, at broader school level, the increasing share of ELL increases

the opportunity for students to learn about the value of diversity. It will help the

students to be open, persistent and adaptable. Besides, as we discussed in the science

achievement session, as the share of ELL increases across school, more resources

may be allocated to support and promote the mental health and noncognitive skill

(Hanushek et al., 2002). In addition, as the share of ELL increases, the bilingual class

is more likely to hold, which may reduce the direct adverse impact in mainstream

class.

2.5.3 Specification Tests

In this section, we will test 3 potential concerns raised in the previous section. First, is

the specification complete to identify the peer effects of ELL? Second, is the estimate

of the peer effect infected by Nickell bias? Last, is the sorting problem only up to

time-invariant characteristics conditional on the observable? If all of the questions

can be answered, the causal inference lies on a solid base. Since the results across the

three subjects are similar, only effects on reading are used for analysis.

First, Table B.8 reports the estimates across several specifications. Comparing the

full model in column 1 with others without the lagged dependent variable or school

fixed effect, the difference is trivial. This shows student fixed effects itself is sufficient

to exclude the endogeneity and identify the peer effect of ELL. The difference between
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the full model and the one without student fixed effects in column 5 is insignificant

as well. It is consistent with previous literature (Chetty et al., 2014; Koedel et al.,

2015). This strongly robust results support the causal inference.

As we mentioned previously, although results are robust, the full model with both

lagged dependent variable and student fixed effect is preferred in this study. The

reason is it can conceptually control more factors and fit the sample better at an

acceptable cost of only a 30% increase in standard error.

When we compare the coefficient on the lagged dependent variable in column (5)

and (1) in Table B.8, it dramatically decreases from 0.712 to 0.0645, which is too small

to be true. This raises the second question that, including both student fixed effect

and the lagged dependent variable can raise Nickell Bias on the coefficient estimate

of lagged dependent variable, which is possible to pollute the estimate of the peer

effect. To analyze this problem, we introduce two methods by Anderson and Hsiao

(1981) (AH) and Arellano and Bond (1991) (AB), respectively, to examine whether

Nickell Bias exists and it causes bias on peer effect estimates. Both methods apply

first difference (FD) to cancel student fixed effect and use two (AH) or more (AB)

periods lagged dependent variables as instrumental variables. In this study, we do not

discuss which method is more efficient. To make results comparable, we will adopt

full model specification, however using FD rather than demean to eliminate student

fixed effect. As mentioned before, due to the unbalanced data, many non-consecutive

observations are dropped compared to demean method. However, it is still a good

practice to test whether Nickell Bias affects the causal inference on the peer effect.

Table B.9 shows the results of three methods. Column 1 reports the result from

FD. First, we find a tremendous reduction in sample size. Second, the peer effect
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size is insignificantly smaller than demean method. Last, lagged depend variable

negatively affects the current achievement, which does not follow intuition. When AH

and AB are applied in column 2 and 3, Nickell Bias are at least partially corrected,

and the estimate makes more sense at around 0.27 instead of -0.28. It implies that

there is Nickell Bias and can be consistently corrected by those two IV methods. But

there is little change in coefficient estimate on the peer effect. It supports that the

existing Nickell Bias does not raise estimate bias on the peer effect in our demean

specification model.

So far, the full specification has solved the static sorting problem and Nickell

Bias. The last question is whether students or teachers are dynamically sorted by

the unobserved time varying characteristics. To test this, we modify the practice in

Rothstein (2010) as follows,

Yicst = θEcst + θ+1Ecs(t+1) + αYics(t−1) + βXicst + γCcst + δSst + εicst (2.6)

Yicst = θEcst + θ+1Ecs(t+1) + αYics(t−1) + βXicst + γCcst + δSst + Tt + ζs + σi + νicst

(2.7)

Yicst = θEcst + θ−1Ecs(t−1) + αYics(t−1) + βXicst + γCcst + δSst + Tt + ζs + σi + νicst

(2.8)

Where Ecs(t+1) is share of ELL at t+1 in the future and Ecs(t−1) is the one at t-1 in

the past. Other notations are the same as before.

First, we use basic OLS specification 2.6 with only the control variables and the

lagged dependent variable, excluding fixed effects. Table B.10 reports the estimate

results in column 1. There is a significant impact of ELL in the future on current

achievement, which, as mentioned previously, cannot be causal effect logically. It
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refers that in the OLS specification, there is an estimate bias due to the sorting

problem.

Then in the specification 2.7, we add the future’s ELL share into the full model

to examine whether it causes a change in the current score. We find that the impact

of the future is extraordinarily mitigated and statistically insignificant. However, it

should be noticed that there is a double-sized standard error compared to OLS results.

So there are three possible reasons for insignificance. First, the best situation is that

there is no dynamic bias. Or, the full model consumes too much degree of freedom

leading to an increase in standard error. Last, variables of ELL share at two periods

are highly correlated, which reduces the prediction power for either of them.

To exclude the last two possible arguments, we replace the share of ELL at t+1

by that at t-1 in specification 2.8. It can be found that similar to column 2, it has

almost the same degree of freedom, close standard error and two periods of ELL

share. However, the impact of the current ELL share is larger than the future’s ELL

share in (2) and significant. Therefore, it indicates only the first reason, no dynamic

bias, survives in this test.

The three practices in this subsection strongly support that our specification and

results are almost unbiased and robust. Then we will continue to use the full specifi-

cation model to explore heterogeneity.

2.6 Heterogeneous Effects

In this section, we go deeper to explore the heterogeneity of the peer effects. First,

we delve into non-linearity of the peer effects. Then we investigate the heterogeneous
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effects on subgroups by several characteristics. Last, the trend of peer effects over

grade is analyzed. Due to the vertical scale and common usage, we only focus on

reading, math and science achievements. In this section, all the estimated effects are

negative. Therefore, to avoid misunderstanding, we compare the absolute value of

the effects.

2.6.1 Non-linearity of the Peer Effects

In this subsection, we discuss the non-linearity of the marginal peer effect. First, we

consider reading only.

In panel (A), the estimated effect of the share of ELL can be treated as the average

peer effects across the whole sample. And the dummy ELL can be approximated as

the upper bound of the marginal effect between 0 and 12%. The reason is the effect

of dummy ELL measures the effect from none to existence. The average share of ELL

across the whole sample is 0.12, while among the subsample where there is at least one

ELL in class, the average share of ELL is 0.26. As we have discussed before, there are

adverse effects as the share of ELL increases. So the negative effect of dummy ELL

should be more substantial than the marginal effect between 0 and 12%. Therefore,

in terms of the share of ELL, the estimated marginal effect for the students without

ELL classmate is no higher than 0.047.20

In panel (B), we consider the sample only with ELL in class. We find the size of

the effect is 0.173 as double as the effect across the whole sample 0.0935. It implies

the marginal peer effects on students with ELL are much higher than those without

20The estimated effect of dummy ELL 0.00568 is divided by the average share of ELL across whole
sample 0.12.

56



ELL. When the grid is refined, it can be revealed that the marginal effect is even

more substantial in class with lower share of ELL (less than 20%) than the higher

share of ELL (more than 20%).

To support the hypothesis that marginal effect is diminishing in a class with

ELL, we introduce the quadratic term of the share of ELL and use the following

specification:

Yicst = θEcst + θ2E
2
cst + αYics(t−1) + βXicst + γCcst + δSst + Tt + ζs + σi + νicst (2.9)

Where E2
cst is square of share of ELL at t. Other notations are the same as before.

We limit the sample only with ELL in class. There are two reasons for using this

subsample rather than the whole sample. First, in panel (A), we have derived that the

marginal effect size is much smaller at zero, which doesn’t fit the quadratic regression.

Second, there are more than half of the observations in the sample without ELL in

class. This will leave too many zeros on both first order and quadratic terms, leading

the multicollinearity issue.

In panel (C), we report the result. Despite the statistical insignificance, it is still

insightful. The statistical insignificance is possibly due to low power, while the size of

the quadratic term is substantial and meaningful. Besides, it is consistent with panel

(B), the effect starts from 0.33 at a lower share of ELL then the effect size decreases

to 0.15 at a moderate share of ELL 0.4.21.

Besides, We visually illustrate the nonlinearity pattern of effects on all three sub-

jects in Figure B.2. There are similar patterns across all three subjects. The mech-

anism behind this non-linearity is possibly how teachers react to the additional ELL

21The marginal effect is 0.331 - 2×0.202×Ecst, remembering this is the absolute value
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student. When a new ELL student joins a class without ELL before, the teacher may

keep its pace and content for the whole class but distract a little time to one-on-one

instruction, which has little effect on other students. However, when a few ELL stu-

dents have already been in class, the teacher may have to adjust the progress and

content to fit the group of ELL, which should dramatically affect the incumbents. As

ELL keeps increasing, the adapted teaching content which has already fit the new-

coming ELL doesn’t need to be changed more or simplified, which leads to the smaller

marginal effect. An extreme case is that in a bilingual class, the marginal effect can

even be 0 or positive.

2.6.2 Heterogeneous Effects on the Subgroups

In previous literature (Cho, 2012; Diette and Uwaifo Oyelere, 2014), it is found that

the heterogeneous peer effects of ELL, by gender, race, income, and ability measured

by previous test scores. In this study, those will be examined as well. Besides, since we

cannot distinguish ELL from non-ELL in this study, two variables indicating whether

non-English language is spoken at home, and whether English is native language,

respectively, will be used as proxies.

In Table B.12, we report the results from both the full model equation 2.4 and

equation 2.3 without student fixed effect will be applied in this subsection. Since

the sample size of the subgroups is much smaller than the whole sample, the full

model’s advantage is offset by the lower degree of freedom. To balance the bias and

variance trade-off, we should consider the estimated effects from both models, to

reach a more convincing and robust conclusion. By statistic standard, there are only

few significant heterogeneities detected, due to the large standard error compared to
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the effects difference. However, there are still some exciting findings to mention for

reference in the future’s study. So, when heterogeneity and difference are indicated

in the rest of this section, they are not measured in statistical significance, but meet

economic significance and robustness. Besides, we illustrate the results from full

specification models in Figure B.3.

By gender, girls are more vulnerable to ELL peers in both reading and math.

This is consistent with Cho (2012), and against Diette and Uwaifo Oyelere (2014).

The explanation for this is girls perform more interpersonal sensitivity and likely to

be affected by the peers than boys (Rose and Rudolph, 2006). Therefore, when the

share of ELL increases, if there is a negative peer effect, girls tend to be impacted

more adversely than boys.

Considering race, household income and ability heterogeneity as a whole, there

is a clear pattern that advantaged students bear more negative impact from ELL,

especially in the reading and science tests. The reading score loss is robustly more

considerable for white students or students with high reading or math ability than

the counter side. This is consistent with a Hoxby and Weingarth (2005). In their

study, they categorize several heterogeneous peer effect models based on different

theories. One of them is called boutique or tracking model. It can be described

that students can perform better with similar peers. Since most of ELL are with

an adverse endorsement in family environment or ability, the students with better

resources are negatively impacted more than those with similar characteristics to

ELL. One possibility is that, to take care of the ELL students, the teachers have

to adjust the class material to a more accessible level, especially in the language

intensive class, like reading and science. Consequentially, the students at the same
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level as ELL aren’t harmed as hard as the advantaged students. However, the impact

on math achievement is more extensive for low socio-economics students, like Non-

white students or low-income families. The different pattern among those three skills

is mainly because of the language requirement.

Another concern is whether ELL are affected at the same level as Non-ELL. As

the proxies for Non-ELL, English as native language and only English spoken at

home are adopted. Consistent with the tracking hypothesis previously, there are

more substantial negative effects on Non-ELL in reading. Therefore it implies our

estimation in Table B.3 is the lower bound for peer effect on Non-ELL’s reading

achievements. However, the results turn out mixed between those two proxies in

math and science.

2.6.3 Trend of the Peer Effects

In the bottom panel of Table B.12, we estimate the peer effects for three windows,

grade 1-3, grade 2-4 and grade 3-5.22

First, we find there is an increasing trend of the adverse impact on reading skills

over grades. In column (1), it increases from 0.09 to 0.12 monotonically, while in

column (2), with student fixed effects, it even increases from 0.04 to 0.10. Although

the trend are statistically insignificant, it is still a meaningful finding. First, the

trend is monotonic and robust across two specifications, which implies an underlying

increasing pattern. Second, there are overlapping among subgroups. This will reduce

the gap of estimated effects. So the slope of the estimated trend should be considered

22We have to use at least two waves to implement the specification with student fixed effects. To
guarantee sufficient degree of freedom, we use three waves as time windows.
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as lower bound of the real trend. Last, the reduced sample size of the subgroups

contributes to the larger standard error. Therefore, despite statistical insignificance,

it can still infer that the effects on reading are growing over grades.

It follows the intuition that it is a golden age for language learning and adaptability

at the very beginning of early childhood. As aging, students cannot learn a language

as fast as before. Besides, the studying material becomes even more literacy intensive.

As a result, ELL are lagged even worse, which attracts more attention from the

teachers. Moreover, a decrease in students’ interaction because of the language barrier

is more severe, resulting in a defective study environment. Last but not least, in higher

grades, the share of ELL is lower. Linked to the previous non-linearity analysis, the

class in higher grades with ELL will be affected even harsher.

As for science and math, there is no significant and robust trend. In section

2.5.1, we can hardly find any difference between the peer effect on reading and math.

However, when we compare those two skills grade by grade, we find reading skills are

more negatively impacted than the math in higher grades. This is consistent with

the Diette and Uwaifo Oyelere (2012) whose sample is from 3rd grade to 8th grade.

The interpretation is the math is more neutral to the language. As grades vary, there

is little impact on the adverse effect from the language barrier. However, reading

is highly linked to language development. As the reading difficulty increases in the

higher grade, the effects of ELL should reflect this trend.
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2.7 Discussion and Conclusion

2.7.1 Summary

In this study, the peer effects of ELL on students’ cognitive and noncognitive skills

are strictly investigated. We find that increasing concentration of ELL in class causes

a modest decrease in skills except for oral language skill. More specifically, reading,

math and working memory are affected similarly, while science is more adversely

impacted. As for noncognitive skills, the effect of the ELL in class is negative for each

measure, while the statistical significance is not robust across different specifications.

However, the peer effects on various noncognitive skills at school levels are positive.

There are shreds of evidence to support non-linear marginal peer effects of ELL.

The marginal effects size are increasing when there are few ELL in class, and then

decreasing as more ELL are enrolled in class. Although there is little statistically

significant heterogeneity in the peer effects across subgroups by characteristics, a low

power issue should still be emphasized due to the smaller sample size after the split.

Therefore, we summarize the pattern of difference in effect size for future studies.

We find there is a more harmful impact on girls than boys. Advantaged students are

hurt more than disadvantaged ones by ELL peers, especially for reading and science

achievements, consistent with boutique or tracking theory. Besides, there is a robust

difference between the peer effects on ELL and non-ELL students, where non-ELL

students are more likely to be negatively affected. Moreover, the adverse peer effects

on reading grow more substantial in higher grades due to the decreasing adaptability

and language learning ability, while there is no clear trend of effects on math and

science.
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The adverse peer effect can be realized by several potential channels. The first

is, because of language difficulty, ELL students cannot follow the class content, so

teachers have to slow down the progress or downgrade the teaching content. Alterna-

tively, ELL need extra attention or instruction for clarification and education. This

distraction may result in low-quality teaching and low achievement gain for students

in class. Second, interaction among students becomes inefficient due to the language

barrier. Lack of learning or encouragement from each other may lead to a low score.

As for ELL students, with an increase in ELL speaking the same language, they tend

to lose some incentive to move out of their comfort zone. They may not actively

be exposed to the English environment, instead, stay in the non-English spoken cir-

cle. It definitely does harm to language learning and absorption of knowledge taught

in English. Last but not least, there are still some indirect factors responsible for

the adverse effects. Since more ELL live in a disadvantaged environment, they are

more likely to be with lower achievement endorsement or problematic behavior. From

extensive literature on peer effect on achievement (see Sacerdote (2011), Epple and

Romano (2011)), the performance or behavior of students will be influenced by those

of their peers.

2.7.2 Educational Policy and School Practice Implication

Education policy on ELL is essential. A higher percentage of the ELL are from

more disadvantage environment. To give the equal opportunity of education, ELL

should be provided extra resources to develop the English language, cognitive and

noncognitive skills. Those policies could improve education fairness. Furthermore, it

can enhance other students’ achievements as well, due to the peer effects. Therefore,
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ELL policy-making and evaluations should involve not only the impact on targeted

ELL, but also the spillover effect on their peers.

This study leads to an optimal policy that, following the tracking theory and

bilingual class practice, separating the classroom for ELL and non-ELL students can

maximize the total score gains. From this study, we have shown some advantages

for this setting. First, ELL students tend to be less affected by the ELL peer from

heterogeneity study. Second, when the share of ELL goes beyond some cut point, the

peer effect can possibly be zero or even positive from non-linearity results. Third,

the share of ELL at school level does not only necessarily adversely affect the skills,

but also increases some skills, especially noncognitive skills, from school level study.

However, there are some obstacles on the other side. First, there is an ethical issue

when implementing segregation. Besides, given the disadvantage of ELL, tracking

students into the classroom by ELL status leads to a more massive achievement

gap and inequality. A decrease in exposure to an English-speaking environment may

reduce the opportunity to learn English and lengthen ELL status, which will reinforce

ELL’s adversity. Last, there may be challenges to schools’ resource allocation.

To minimize the downsides, the sub-optimized solution could be that mainstream

classes remain at lower grades, when the peer effects are relatively minor, while setting

up the bilingual classes at higher grades. The mainstream class at lower grades can

involve more ELL, for the share of ELL is larger. Additionally, the adverse peer effects

is mitigated at the early stage based on the trend of the ELL effects. Furthermore,

during early childhood, the students can absorb language skills around the non-ELL

peer more efficiently than the aged, which helps foster the ELL skills and lower the

chance of peer effects in the future. The fewer bilingual classes can be managed and
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educated more expertly. It will relax the schools’ budget as well.

There should still be more feasible and fair policies and practice to be studied

in the future. For example, the policy that can be implemented is to strengthen

English education on ELL, like extra English instruction after class. ELL status

can be changed efficiently, especially at the early stage of elementary schools. This

practice can reduce the negative peer effects on students and improve the ability of

ELL.

2.7.3 Limitation and Future Direction

We admit there are some limitations in this study. Due to the longitudinal study, its

sample size is tremendously smaller than administration data. This problem becomes

severe when applied to heterogeneity study. Besides, there is no ELL status indicator,

leading to a small possible bias. Also, we cannot explicitly distinguish effects on ELL

and non-ELL. Last, a lack of consistent information on special language instruction

through panels, like extra English instruction or bilingual teaching, policy evaluation

cannot be rigidly investigated, and so on. These topics may be studied in the future.
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Appendix A

Chapter 1

A.1 Tables
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Table A.1: Descriptive Data

Control Treatment Difference SE
Infant
Birth Weight (gm) 1790.176 1790.973 -0.797 34.290
Gender 0.498 0.502 -0.004 0.037
Site Code
ARK 0.143 0.127 0.016 0.026
EIN 0.141 0.134 0.007 0.026
HAR 0.163 0.127 0.036 0.027
MIA 0.087 0.117 -0.030 0.022
PEN 0.096 0.137 -0.041 0.024
TEX 0.129 0.120 0.009 0.025
WAS 0.127 0.127 0.000 0.025
YAL 0.109 0.110 -0.001 0.023
Household
Maternal Age 25.391 24.789 0.601 0.451
Below 9th Grade 0.025 0.047 -0.022 0.013
9th-12th Grade 0.328 0.365 -0.036 0.035
High School Grad 0.279 0.278 0.001 0.034
Some College 0.228 0.184 0.044 0.030
College or More 0.141 0.127 0.014 0.026
Married 0.525 0.425 0.100∗∗ 0.037
Single 0.402 0.502 -0.100∗∗ 0.037
Divorced 0.074 0.067 0.007 0.019
Income
Less than 5000 0.107 0.127 -0.020 0.024
5000-7499 0.112 0.167 -0.056∗ 0.025
7500-9999 0.118 0.114 0.005 0.024
10000-14999 0.143 0.144 -0.001 0.026
15000-19999 0.103 0.080 0.022 0.022
20000-24999 0.092 0.084 0.008 0.021
25000-34999 0.138 0.094 0.045 0.024
35000-49999 0.094 0.104 -0.010 0.022
Greater than 50000 0.094 0.087 0.007 0.022
Outcome
Bayley MDI (Corrected Age) at 12 Months 108.362 108.003 0.358 1.321
Stanford Binet IQ (Corrected Age) at 36M 85.136 94.321 -9.185∗∗∗ 1.473
HOME Total Score at 36 Months 37.446 38.759 -1.313∗ 0.671
Weekly Avg Hrs in Daycare at 36 Months 8.933 29.124 -20.191∗∗∗ 1.140
Attendance in Daycare 0.366 0.876 -0.510∗∗∗ 0.032
Child’s PPVT-R at 36 Months 85.801 91.075 -5.274∗∗∗ 1.379
Observations 299 448

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
All missing data has been dropped. For household variables, they refer to maternal characteristics
and all of them are dummy variables.
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Table A.2: Linear Regression of Equation 1.1

(1) (2)
Treatment Treatment MDI at 12 Months

MDI at 12 Months 0.028 - -
(0.071) - -

MDI at 24 Months 0.514*** 0.502*** 0.438***
(0.065) (0.057) (0.030)

Stanford Binet IQ at 36M 0.503*** 0.493*** 0.358***
(0.058) (0.052) (0.027)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Each row is dependent variable of cognitive skill scores at different ages respectively. Model (1)
and model (2) correspond the ones without initial skill (MDI at 12 months) and with initial skill
respectively. Each column is the explanatory variable of interest.
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Table A.3: Linear Regression of Equation 1.2

Treatment Effect Std P-value
Treatment -.194 .320 0.545
Initial Skill 0.310*** .035 0.000
Treatment*Initial skill .110** 0.050 0.030

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Each row is the explanatory variable of interest. Dependent variable is the Score standardized to
mean zero and standard deviation one at 36 months old.
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Table A.4: IV-OLS of Equation 1.4

IQ at 36M

OLS

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

Daycare 0.009 ∗∗∗ 0.009∗∗∗ 0.025∗∗∗ 0.023∗∗∗

(0.001) (0.001) (0.007) (0.006)
(0.001) (0.001) (0.005) (0.005)

HOME 0.371∗∗∗ 0.269∗∗∗ 0.427∗∗∗ 0.316∗∗∗

(0.038) (0.036) (0.044) (0.042)
(0.065) (0.048) (0.073) (0.054)

Daycare*HOME - - -0.004∗∗ -0.003∗∗

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

IQ at 12M - 0.302∗∗∗ - 0.300∗∗∗

(0.028) (0.028)
(0.035) (0.0)

IV

(5) (6) (7) (8)

Daycare 0.013∗∗∗ 0.019∗∗∗ 0.029 0.020
(0.004) (0.003) (0.025) (0.020)
(0.004) (0.003) (0.025) (0.015)

HOME 1.073∗∗∗ 0.496∗∗∗ 1.158∗∗∗ 0.5502∗∗∗

(0.167) (0.178) (0.221) (0.217)
(0.250) (0.152) (0.341) (0.228)

Daycare*HOME - - -0.004 -0.000
(0.007) (0.005)
(0.006) (0.004)

IQ at 12M - 0.251∗∗∗ - 0.251∗∗∗

(0.045) (0.047)
(0.035) (0.036)

Observations 747 747 747 747
R2 0.220 0.501 0.208 0.502
Cragg-Donald Wald F statistic 11.217 (<10%) 6.624(<20%) 8.456 (<10%) 5.658(<20%)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Top panel reports the results from linear regression without the instrumental variables, while bottom
panel is the results from the instrumental variables method. We report both homoskedasticity
standard error (the top one in parenthesis) and clustered standard error by clustering on sites
(the bottom one). Cragg-Donald Wald F statistic reports the likelihood bias caused by weak
instrumental variables is greater than the bias caused by endogeneity in original regression model
without the instrumental variables.
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Table A.5: Inference for Interquantile Difference of Daycare

Percentile 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95
5 NA 0.28 0.26 0.315 0.43 0.92 0.895 0.85 0.655 0.525 0.48 0.475 0.42 0.335 0.195 0.185 0.175 0.175 0.17

10 NA NA 0.23 0.355 0.47 0.93 0.905 0.85 0.69 0.545 0.505 0.48 0.425 0.34 0.195 0.175 0.17 0.17 0.155

15 NA NA NA 0.66 0.62 0.94 0.92 0.86 0.705 0.58 0.53 0.49 0.425 0.355 0.185 0.17 0.17 0.155 0.155

20 NA NA NA NA 0.585 0.935 0.915 0.86 0.71 0.57 0.51 0.485 0.425 0.345 0.18 0.155 0.155 0.155 0.155

25 NA NA NA NA NA 0.88 0.865 0.795 0.68 0.54 0.5 0.475 0.405 0.34 0.145 0.145 0.14 0.14 0.14

30 NA NA NA NA NA NA 0.23 0.17 0.115 0.115 0.145 0.15 0.15 0.13 0.065 0.06 0.06 0.06 0.06

35 NA NA NA NA NA NA NA 0.12 0.075 0.07 0.11 0.13 0.135 0.12 0.035 0.035 0.035 0.035 0.035

40 NA NA NA NA NA NA NA NA 0.055 0.07 0.12 0.175 0.185 0.16 0.035 0.035 0.035 0.04 0.04

45 NA NA NA NA NA NA NA NA NA 0.135 0.26 0.3 0.265 0.205 0.03 0.03 0.03 0.03 0.03

50 NA NA NA NA NA NA NA NA NA NA 0.415 0.38 0.3 0.24 0.04 0.035 0.04 0.035 0.035

55 NA NA NA NA NA NA NA NA NA NA NA 0.405 0.255 0.205 0.06 0.055 0.05 0.035 0.035

60 NA NA NA NA NA NA NA NA NA NA NA NA 0.18 0.14 0.15 0.145 0.115 0.095 0.075

65 NA NA NA NA NA NA NA NA NA NA NA NA NA 0.125 0.28 0.28 0.24 0.215 0.2

70 NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.4 0.39 0.375 0.35 0.335

75 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.205 0.05 0.06 0.085

80 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.095 0.09 0.11

85 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.13 0.12

90 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.1

95 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA

Note: 1. Bootstrapping resample 200 times, stratified by sites and birth weight. 2. P-value is one-
sided test P-value. For some τ2 > τ1, H0: γCt,τ2−γ

C
t,τ1 < 0. . In other words, null hypothesis is effects

of daycare at lower quantile is higher than that at higher quantile. This is not a joint hypothesis.
Each one is independent. P-value is estimated by probability that estimated coefficient difference is
negative. 3. Each entry corresponds to P-value for null hypothesis of negative coefficients’ difference
between column (τ2) and row (τ1) . For example, the value in cell of second row and third column is
0.23. In 46 out of 200 times resampling, estimated coefficients on daycare variables at 15 percentile
is smaller than that at 10 percentile. 4. For P-value less than 0.2, cells are colored redder as P-value
decreasing.
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Table A.6: Inference for Interquantile Difference of Home Environment

Percentile 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

5 NA 0.015 0.015 0.015 0.1 0.545 0.435 0.275 0.105 0.07 0.05 0.05 0.045 0.025 0.015 0.02 0.02 0.02 0.02

10 NA NA 0.02 0.02 0.115 0.565 0.47 0.31 0.115 0.08 0.065 0.05 0.045 0.025 0.02 0.02 0.02 0.02 0.02

15 NA NA NA 0.18 0.135 0.61 0.535 0.335 0.155 0.09 0.07 0.05 0.045 0.03 0.02 0.02 0.02 0.02 0.02

20 NA NA NA NA 0.2 0.62 0.54 0.345 0.17 0.095 0.07 0.05 0.045 0.03 0.02 0.02 0.02 0.02 0.02

25 NA NA NA NA NA 0.575 0.49 0.315 0.16 0.075 0.065 0.05 0.045 0.035 0.02 0.02 0.02 0.02 0.02

30 NA NA NA NA NA NA 0.1 0.085 0.08 0.065 0.055 0.06 0.075 0.06 0.105 0.11 0.11 0.1 0.1

35 NA NA NA NA NA NA NA 0.095 0.095 0.095 0.06 0.065 0.07 0.06 0.15 0.165 0.155 0.145 0.14

40 NA NA NA NA NA NA NA NA 0.135 0.12 0.045 0.055 0.07 0.085 0.21 0.225 0.215 0.195 0.185

45 NA NA NA NA NA NA NA NA NA 0.085 0.04 0.06 0.075 0.085 0.28 0.31 0.29 0.255 0.24

50 NA NA NA NA NA NA NA NA NA NA 0.07 0.07 0.085 0.105 0.41 0.45 0.425 0.37 0.33

55 NA NA NA NA NA NA NA NA NA NA NA 0.095 0.11 0.14 0.665 0.675 0.645 0.62 0.615

60 NA NA NA NA NA NA NA NA NA NA NA NA 0.12 0.155 0.8 0.8 0.79 0.75 0.74

65 NA NA NA NA NA NA NA NA NA NA NA NA NA 0.165 0.85 0.84 0.84 0.835 0.82

70 NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.88 0.9 0.885 0.855 0.85

75 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.64 0.41 0.125 0.075

80 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.26 0.04 0.015

85 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.025 0.02

90 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA 0.02

95 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA

Note: 1. Bootstrapping resamples 200 times, stratified by sites and birth weight. 2. P-value is one-
sided test P-value. For some τ2 > τ1, H0: γHt,τ2−γ

H
t,τ1 > 0. In other words, null hypothesis is effects of

daycare/home environment at lower quantile is lower than that at higher quantile. This is not a joint
hypothesis. Each one is independent. P-value is estimated by probability that estimated coefficient
difference is positive. 3. Each entry corresponds to P-value for null hypothesis of negative/positive
coefficients’ difference between column (τ2) and row (τ1) . For example, the value in cell of second
row and third column is 0.02. In 4 out of 200 times resampling, estimated coefficients on HOME
variables at 15 percentile is larger than that at 10 percentile. 4. For P-value less than 0.2, the cells
are colored redder as P-value decreasing.
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((b)) With Fewer Covariates

Figure A.1: Quantile Treatment Effects in Two Specifications
X-axis stands for percentile where the effect is estimated. Y-axis is the estimated effect. In model (a)
covariates include birth weight, race, gender, primary family language, maternal education,maternal
age, marital status, programs site and income. In model (b) only birth weight, gender, maternal
education, programs site and income are included.
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Figure A.2: Contour of IQ Score in HOME Score and Weekly Hours in Daycare
X-axis and Y-axis stand for deciles of hours in daycare and HOME score respectively. Z-axis or the
colored shade stands for the mean IQ score within the corresponding subgroup. For example, at (5,
2), the colored shade is light. It means the mean score is around 3.3 for the subgroup whose HOME
score falls at second decile and daycare hours at median. Since around 40% children doesn’t attend
daycare, X-axis starts from 4th decile.
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((a)) Daycare effect ((b)) Home effect

((c)) Daycare effect controlling initial skill ((d)) HOME effect controlling initial skill

Figure A.3: Distributional Effects of Daycare and Home Environment
It illustrates the results of IVQR estimation on 1.6. X-axis stands for percentile where the effect is
estimated. Y-axis is the estimated effect. Models with more covariates include birth weight, race,
gender, primary family language, maternal education,maternal age, marital status, programs site
and income. Models with fewer covariates only include birth weight, gender, maternal education,
programs site and income .
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Figure A.4: Quantile Treatment Effects of Daycare and Home Environment
We use four different however similar methods to estimate quantile effects. X-axis stands for per-
centile where the effect is estimated. Y-axis is the estimated effect.
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Appendix B

Chapter 2

B.1 Tables
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Table B.1: Descriptive Statistics

Grade 1 Grade 2 Grade 3 Grade 4 Grade 5 Total

Students

Female 0.492 0.492 0.487 0.496 0.494 0.492
(0.500) (0.500) (0.500) (0.500) (0.500) (0.500)

Racea

White 0.539 0.534 0.542 0.539 0.556 0.542
(0.499) (0.499) (0.498) (0.498) (0.497) (0.498)

Black 0.0911 0.0907 0.0880 0.0859 0.0765 0.0868
(0.288) (0.287) (0.283) (0.280) (0.266) (0.282)

Hispanic 0.241 0.245 0.242 0.248 0.245 0.244
(0.428) (0.430) (0.428) (0.432) (0.430) (0.430)

Others 0.129 0.130 0.128 0.127 0.122 0.127
(0.335) (0.337) (0.334) (0.333) (0.328) (0.333)

Age 85.65 97.63 109.1 121.1 133.2 108.2
(4.328) (4.336) (4.340) (4.371) (4.352) (17.09)

Eng is Native Language 0.796 0.799 0.794 0.791 0.796 0.795
(0.403) (0.401) (0.405) (0.407) (0.403) (0.404)

Disabled 0.145 0.152 0.150 0.145 0.134 0.146
(0.352) (0.359) (0.357) (0.352) (0.341) (0.353)

Families

Incomea

$20k or less 0.186 0.181 0.149 0.148 0.120 0.158
(0.389) (0.385) (0.356) (0.355) (0.325) (0.365)

$20k to $50k 0.292 0.295 0.298 0.284 0.280 0.290
(0.455) (0.456) (0.457) (0.451) (0.449) (0.454)

$50k to $100k 0.306 0.297 0.299 0.296 0.289 0.298
(0.461) (0.457) (0.458) (0.456) (0.453) (0.457)

$100k or more 0.217 0.227 0.254 0.272 0.311 0.254
(0.412) (0.419) (0.436) (0.445) (0.463) (0.435)

Number of Siblings 1.555 1.563 1.605 1.628 1.608 1.590
(1.105) (1.093) (1.091) (1.123) (1.121) (1.106)

Only Eng Spoken at Home 0.752 0.752 0.753 0.752 0.754 0.753
(0.432) (0.432) (0.431) (0.432) (0.431) (0.432)

Parents are Biologicala 0.724 0.703 0.705 0.694 0.699 0.705
(0.447) (0.457) (0.456) (0.461) (0.459) (0.456)

Classes

Number of Disability 2.030 2.374 2.629 2.981 3.033 2.585
(1.932) (2.101) (2.254) (2.633) (2.796) (2.372)

Number of Repeaters 0.527 0.388 0.259 0.223 0.171 0.322
(0.845) (0.819) (0.660) (0.762) (0.695) (0.774)

Class size 20.99 21.45 22.20 23.25 24.14 22.32
(3.868) (4.067) (4.301) (5.427) (6.757) (5.047)
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Schools

Share of Non-white
0% - 24% 0.380 0.375 0.383 0.385 0.381 0.381

(0.486) (0.484) (0.486) (0.487) (0.486) (0.486)
25% - 49% 0.225 0.219 0.221 0.221 0.237 0.224

(0.418) (0.414) (0.415) (0.415) (0.425) (0.417)
50% - 74% 0.145 0.163 0.164 0.170 0.159 0.160

(0.353) (0.369) (0.370) (0.376) (0.366) (0.367)
75% - 100% 0.249 0.243 0.232 0.224 0.222 0.235

(0.432) (0.429) (0.422) (0.417) (0.416) (0.424)
School Sizea

0 - 299 0.115 0.118 0.116 0.114 0.111 0.115
(0.320) (0.322) (0.320) (0.318) (0.314) (0.319)

300 - 749 0.721 0.712 0.710 0.702 0.689 0.708
(0.449) (0.453) (0.454) (0.457) (0.463) (0.455)

750 or above 0.164 0.171 0.174 0.183 0.200 0.177
(0.370) (0.376) (0.379) (0.387) (0.400) (0.382)

Location
City 0.278 0.274 0.276 0.271 0.258 0.272

(0.448) (0.446) (0.447) (0.445) (0.437) (0.445)
Suburb 0.363 0.364 0.366 0.433 0.428 0.389

(0.481) (0.481) (0.482) (0.495) (0.495) (0.487)
Town 0.0929 0.0818 0.0817 0.0736 0.0789 0.0820

(0.290) (0.274) (0.274) (0.261) (0.270) (0.274)
Rural 0.266 0.280 0.276 0.223 0.236 0.257

(0.442) (0.449) (0.447) (0.416) (0.425) (0.437)
School District Poverty 19.16 19.63 19.18 18.71 17.58 18.90

(10.98) (11.08) (10.75) (10.67) (10.36) (10.81)
Measure for ELL

Dummy ELL 0.515 0.478 0.480 0.457 0.404 0.469
(0.500) (0.500) (0.500) (0.498) (0.491) (0.499)

Number of ELL 3.163 3.033 2.734 2.487 2.120 2.735
(5.490) (5.568) (5.033) (4.818) (4.535) (5.146)

Share of ELL 0.146 0.135 0.122 0.107 0.0887 0.121
(0.250) (0.243) (0.223) (0.209) (0.193) (0.227)

Share of ELL (School) 0.116 0.116 0.124 0.134 0.121 0.122
(0.183) (0.177) (0.179) (0.181) (0.173) (0.179)

Share of ELL (Grade) 0.110 0.100 0.103 0.0927 0.0581 0.0939
(0.190) (0.177) (0.172) (0.164) (0.0973) (0.166)

Cognitive Test Scores

Readingb 0.132 0.0783 0.0929 0.0796 0.119 0.1000
(0.950) (0.975) (0.995) (0.983) (0.962) (0.973)

Mathb 0.144 0.0922 0.111 0.111 0.136 0.118
(0.959) (0.981) (0.982) (0.964) (0.959) (0.970)

Scienceb 0.150 0.109 0.111 0.111 0.148 0.125
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(0.992) (0.991) (0.982) (0.969) (0.943) (0.977)
Oral Language 0.431 0.252 0.253 0.272 0.306 0.303

(0.495) (0.434) (0.435) (0.445) (0.461) (0.460)
Function Memoryb 0.0883 0.0451 0.0446 0.0476 0.0547 0.0563

(0.936) (0.961) (0.966) (0.965) (0.977) (0.960)
Noncognitive Scoresc

External Behavior -0.0490 -0.0343 -0.0388 -0.0547 -0.0605 -0.0468
(0.975) (0.984) (0.975) (0.970) (0.955) (0.973)

Internal Behavior -0.0319 -0.0147 -0.0153 -0.0257 -0.0449 -0.0258
(0.976) (0.987) (0.999) (0.985) (0.960) (0.982)

Self Control 0.0559 0.0481 0.0483 0.0675 0.0856 0.0601
(0.980) (0.977) (0.967) (0.971) (0.974) (0.974)

Attention Focus 0.0658 0.0329 0.0490 0.0661 0.0740 0.0567
(0.992) (1.005) (0.997) (0.990) (0.993) (0.996)

Inhibition 0.0569 0.0428 0.0466 0.0623 0.0813 0.0570
(0.980) (0.998) (0.996) (0.992) (0.983) (0.990)

Observations 6664 6972 6341 6153 5559 31689

Note:

Table B.1 reports the descriptive statistics from grade 1 to grade 4, besides descriptive statistics in
total. It is an unweighted sample. Standard deviation is in parentheses. a Race, income, family
type, school size, are categorized into fewer dummy variables in Table B.1 than in the models,
which compresses the summary in Table B.1 and make it easy to read. b All scale scores are
standardized to have mean 0 and standard deviation 1 using the entire ECLS-K 2011 sample for
each test by each year. c Observations on Noncogntive scores are a little fewer than reported here.
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Table B.2: Sample Selection Test

Grade 1-2 Grade 3-5 Difference SE
Female 0.492 0.493 -0.001 0.006
White 0.529 0.536 -0.007 0.006
Black 0.094 0.089 0.005 0.004
Hispanic 0.247 0.251 -0.004 0.005
Others 0.130 0.127 0.003 0.004
English is Native Language 0.794 0.789 0.005 0.005
Only English Spoken at Home 0.749 0.748 0.001 0.005
Reading 96.359 96.308 0.050 0.200
Maths 74.141 74.186 -0.045 0.177
Dummy ELL 0.488 0.490 -0.002 0.006
Number of ELL 3.140 3.083 0.057 0.105
Disabled 0.145 0.144 0.001 0.004
Number of Repeaters 0.535 0.516 0.019 0.010
Number of Disabilities 2.033 2.003 0.029 0.023
Class size 21.017 20.986 0.031 0.046
Age 67.670 67.602 0.068 0.052
Number of Siblings 1.549 1.562 -0.013 0.013
Both Parents are Biological 0.744 0.756 -0.012 0.009
$20k or less 0.182 0.165 0.017*** 0.004
$20k to $50k 0.290 0.281 0.009 0.006
$50k to $100k 0.307 0.311 -0.005 0.005
$100k or more 0.216 0.231 -0.015* 0.007
0% - 24% 0.373 0.382 -0.009 0.006
25% - 49% 0.221 0.219 0.003 0.005
50% - 74% 0.149 0.148 0.001 0.004
75% - 100% 0.256 0.249 0.008 0.005
0 - 299 0.117 0.110 0.007 0.004
300 - 749 0.718 0.725 -0.007 0.005
750 or above 0.165 0.164 0.001 0.004
City 0.281 0.279 0.002 0.005
Suburb 0.364 0.373 -0.009 0.005
Town 0.090 0.088 0.002 0.003
Rural 0.265 0.258 0.007 0.005
School District Poverty Level 19.362 19.172 0.191 0.126
Observations 13636 18053

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
The benchmark variables at grade 1 are compared between the samples from grade 1-2 and grade
3-5 by t-test. Except income, there is no significant difference between two periods.
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Table B.3: The Peer Effect of ELL on Reading Scores

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

Dummy ELL -0.0646*** -0.0644*** -0.0752*** -0.00550 -0.0141* -0.0141* -0.0190** -0.00568
[0.0157] [0.0157] [0.0134] [0.00935] [0.00745] [0.00744] [0.00857] [0.00932]

Lagged Dependent Variable 0.752*** 0.753*** 0.715*** 0.0652***
[0.00518] [0.00517] [0.00591] [0.00756]

R2 0.271 0.271 0.401 0.875 0.702 0.702 0.722 0.875

Number of ELL -0.0218*** -0.0218*** -0.0194*** -0.00385*** -0.00482*** -0.00479*** -0.00560*** -0.00375***
[0.00185] [0.00185] [0.00198] [0.00138] [0.000864] [0.000865] [0.00114] [0.00138]

Lagged Dependent Variable 0.750*** 0.751*** 0.714*** 0.0649***
[0.00520] [0.00518] [0.00590] [0.00757]

R2 0.277 0.278 0.404 0.875 0.702 0.703 0.722 0.875

Share of ELL -0.497*** -0.497*** -0.439*** -0.0994*** -0.108*** -0.107*** -0.121*** -0.0959***
[0.0417] [0.0416] [0.0448] [0.0320] [0.0199] [0.0199] [0.0260] [0.0321]

Lagged Dependent Variable 0.750*** 0.751*** 0.714*** 0.0648***
[0.00520] [0.00519] [0.00590] [0.00757]

R2 0.277 0.278 0.404 0.875 0.702 0.703 0.722 0.875

Share of ELL (School) -0.205*** -0.203*** -0.0487 -0.0492 -0.0505* -0.0520* -0.0423 -0.0473
[0.0618] [0.0619] [0.0547] [0.0488] [0.0295] [0.0294] [0.0532] [0.0481]

Lagged Dependent Variable 0.752*** 0.753*** 0.717*** 0.0671***
[0.00530] [0.00528] [0.00598] [0.00781]

R2 0.269 0.269 0.397 0.876 0.702 0.702 0.722 0.876

Share of ELL (Grade) -0.246*** -0.249*** -0.0202 -0.00887 -0.0765** -0.0733** -0.0454 -0.0111
[0.0559] [0.0562] [0.0473] [0.0443] [0.0310] [0.0311] [0.0467] [0.0445]

Lagged Dependent Variable 0.752*** 0.753*** 0.717*** 0.0671***
[0.00530] [0.00529] [0.00597] [0.00782]

R2 0.269 0.269 0.397 0.876 0.702 0.702 0.722 0.876

Year FE - Yes Yes Yes - Yes Yes Yes
School FE - - Yes Yes - - Yes Yes
Student FE - - - Yes - - - Yes
LDV - - - - Yes Yes Yes Yes
Observations 31,689 31,689 31,335 31,250 31,589 31,589 31,243 31,131
# of Schools - - 1653 1653 - - 1653 1653
# of Students - - - 8444 - - - 8444
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.3 reports the results of estimation on the peer effect of ELL on the reading scores in grade
1-5 by various specifications. All models include the covariates summarized in Table B.1. The
columns correspond the specification models with the features indicated in the bottom panel. The
key independent variables are Dummy ELL, the number of ELL and the share of ELL at class level
and the share of ELL at school and grade level, from top to bottom panel respectively. LDV is
short for the lagged dependent variable.
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Table B.4: The Peer Effect of ELL on Math Scores

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

Dummy ELL -0.0505*** -0.0501*** -0.0691*** -0.00193 -0.00758 -0.00806 -0.0160** -0.000177
[0.0155] [0.0155] [0.0134] [0.00844] [0.00658] [0.00655] [0.00775] [0.00839]

Lagged Dependent Variable 0.799*** 0.800*** 0.768*** 0.0662***
[0.00411] [0.00412] [0.00471] [0.00873]

R2 0.288 0.290 0.418 0.897 0.759 0.760 0.775 0.897

Number of ELL -0.0139*** -0.0139*** -0.0141*** -0.00443*** -0.00232*** -0.00231*** -0.00326*** -0.00394***
[0.00180] [0.00179] [0.00178] [0.00144] [0.000795] [0.000797] [0.00100] [0.00142]

Lagged Dependent Variable 0.798*** 0.800*** 0.768*** 0.0653***
[0.00411] [0.00412] [0.00471] [0.00872]

R2 0.291 0.292 0.420 0.897 0.759 0.760 0.775 0.897

Share of ELL -0.287*** -0.287*** -0.312*** -0.105*** -0.0483*** -0.0482*** -0.0751*** -0.0939***
[0.0417] [0.0416] [0.0398] [0.0324] [0.0175] [0.0175] [0.0215] [0.0321]

Lagged Dependent Variable 0.798*** 0.800*** 0.768*** 0.0652***
[0.00411] [0.00412] [0.00471] [0.00872]

R2 0.290 0.292 0.420 0.897 0.759 0.760 0.775 0.897

Share of ELL (School) -0.0616 -0.0562 -0.0192 0.0378 0.0140 0.00939 0.0630 0.0443
[0.0601] [0.0599] [0.0592] [0.0557] [0.0248] [0.0249] [0.0491] [0.0543]

Lagged Dependent Variable 0.800*** 0.801*** 0.770*** 0.0655***
[0.00423] [0.00424] [0.00483] [0.00901]

R2 0.285 0.287 0.416 0.898 0.759 0.759 0.775 0.898

Share of ELL (Grade) -0.128** -0.136** -0.0735 -0.0639 -0.0501* -0.0501* -0.0825* -0.0609
[0.0565] [0.0564] [0.0497] [0.0493] [0.0273] [0.0274] [0.0461] [0.0482]

Lagged Dependent Variable 0.800*** 0.801*** 0.770*** 0.0655***
[0.00422] [0.00423] [0.00482] [0.00900]

R2 0.286 0.287 0.416 0.898 0.759 0.760 0.775 0.898

Year FE - Yes Yes Yes - Yes Yes Yes
School FE - - Yes Yes - - Yes Yes
Student FE - - - Yes - - - Yes
LDV - - - - Yes Yes Yes Yes
Observations 31,689 31,689 31,335 31,250 31,589 31,589 31,243 31,131
# of Schools - - 1653 1653 - - 1653 1653
# of Students - - - 8444 - - - 8444
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.4 reports the results of estimation on the peer effect of ELL on the math scores in grade
1-5 by various specifications. All models include the covariates summarized in Table B.1. The
columns correspond the specification models with the features indicated in the bottom panel. The
key independent variables are Dummy ELL, the number of ELL and the share of ELL at class level
and the share of ELL at school and grade level, from top to bottom panel respectively. LDV is
short for the lagged dependent variable.

83



Table B.5: The Peer Effect of ELL on Science Score

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

Dummy ELL -0.0558*** -0.0546*** -0.0886*** -0.0173* -0.00326 -0.00320 -0.0245*** -0.0169
[0.0163] [0.0162] [0.0136] [0.0103] [0.00780] [0.00782] [0.00883] [0.0103]

Lagged Dependent Variable 0.752*** 0.752*** 0.703*** 0.0113
[0.00457] [0.00460] [0.00537] [0.00852]

R2 0.262 0.266 0.403 0.861 0.680 0.681 0.702 0.860

Number of ELL -0.0234*** -0.0233*** -0.0229*** -0.00579*** -0.00379*** -0.00375*** -0.00488*** -0.00505***
[0.00196] [0.00195] [0.00196] [0.00162] [0.00101] [0.00101] [0.00122] [0.00157]

Lagged Dependent Variable 0.750*** 0.750*** 0.702*** 0.0102
[0.00459] [0.00462] [0.00539] [0.00849]

R2 0.271 0.274 0.407 0.861 0.681 0.681 0.703 0.861

Share of ELL -0.543*** -0.541*** -0.537*** -0.169*** -0.0881*** -0.0874*** -0.123*** -0.149***
[0.0449] [0.0445] [0.0442] [0.0386] [0.0233] [0.0233] [0.0277] [0.0372]

Lagged Dependent Variable 0.750*** 0.750*** 0.701*** 0.00968
[0.00460] [0.00463] [0.00539] [0.00847]

R2 0.271 0.275 0.408 0.861 0.681 0.681 0.703 0.861

Share of ELL (School) -0.131* -0.119* 0.120** 0.143** 0.0301 0.0288 0.122** 0.141**
[0.0691] [0.0686] [0.0600] [0.0596] [0.0314] [0.0314] [0.0491] [0.0559]

Lagged Dependent Variable 0.753*** 0.753*** 0.706*** 0.0109
[0.00458] [0.00461] [0.00535] [0.00883]

R2 0.262 0.266 0.400 0.862 0.681 0.681 0.703 0.862

Share of ELL (Grade) -0.257*** -0.264*** -0.120** -0.0828 -0.0179 -0.0173 0.00444 -0.0680
[0.0625] [0.0622] [0.0519] [0.0587] [0.0315] [0.0315] [0.0442] [0.0585]

Lagged Dependent Variable 0.752*** 0.753*** 0.706*** 0.0104
[0.00457] [0.00460] [0.00535] [0.00887]

R2 0.263 0.267 0.400 0.862 0.681 0.681 0.703 0.862

Year FE - Yes Yes Yes - Yes Yes Yes
School FE - - Yes Yes - - Yes Yes
Student FE - - - Yes - - - Yes
LDV - - - - Yes Yes Yes Yes
Observations 31,689 31,689 31,335 31,250 31,589 31,589 31,243 31,131
# of Schools - - 1653 1653 - - 1653 1653
# of Students - - - 8444 - - - 8444
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.5 reports the results of estimation on the peer effect of ELL on the science scores in grade
1-5 by various specifications. All models include the covariates summarized in Table B.1. The
columns correspond the specification models with the features indicated in the bottom panel. The
key independent variables are Dummy ELL, the number of ELL and the share of ELL at class level
and the share of ELL at school and grade level, from top to bottom panel respectively. LDV is
short for the lagged dependent variable.
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Table B.6: The Peer Effect of ELL on Other Cognitive Skills

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

(A) Oral Language Skill

Share of ELL -0.00967 -0.00518 -0.0169 0.0625** -0.00315 0.000458 -0.0109 0.0603**
[0.0180] [0.0177] [0.0201] [0.0262] [0.0144] [0.0142] [0.0178] [0.0263]

Share of ELL (School) 0.0295 0.0379 -0.0174 -0.0215 0.0342* 0.0353* -0.0149 -0.0364
[0.0257] [0.0252] [0.0347] [0.0415] [0.0205] [0.0197] [0.0363] [0.0433]

(B) Working Memory

Share of ELL -0.246*** -0.246*** -0.212*** -0.0928** -0.102*** -0.102*** -0.101*** -0.101**
[0.0385] [0.0386] [0.0420] [0.0463] [0.0276] [0.0276] [0.0343] [0.0461]

Share of ELL (School) -0.151*** -0.151*** -0.0308 -0.0153 -0.0573 -0.0599* -0.0233 -0.0219
[0.0540] [0.0542] [0.0662] [0.0704] [0.0363] [0.0364] [0.0651] [0.0703]

Year FE - Yes Yes Yes - Yes Yes Yes
School FE - - Yes Yes - - Yes Yes
Student FE - - - Yes - - - Yes
LDV - - - - Yes Yes Yes Yes
Observations 31,689 31,689 31,335 31,250 31,589 31,589 31,243 31,131
# of Schools - - 1653 1653 - - 1653 1653
# of Students - - - 8444 - - - 8444
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.6 reports the results of estimation on the peer effect of ELL on the oral language skill
and working memory in grade 1-5 by various specifications. All models include the covariates
summarized in Table B.1. The columns correspond the specification models with the features
indicated in the bottom panel. The key independent variables are the share of ELL at class level
and school level, in panel (A) and (B) respectively.
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Table B.7: The Peer Effect of ELL on Noncognitive skill

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

(A) Attention and Focus

Share of ELL -0.217*** -0.216*** -0.254*** -0.0673 -0.112*** -0.112*** -0.161*** -0.0697
[0.0390] [0.0389] [0.0472] [0.0584] [0.0303] [0.0303] [0.0412] [0.0618]

Share of ELL (School) -0.0259 -0.0184 0.146* 0.195** 0.0281 0.0304 0.160 0.190**
[0.0546] [0.0545] [0.0828] [0.0967] [0.0448] [0.0448] [0.101] [0.0966]

(B) Inhibition

Share of ELL -0.201*** -0.200*** -0.236*** -0.0507 -0.113*** -0.113*** -0.158*** -0.0458
[0.0398] [0.0397] [0.0482] [0.0589] [0.0312] [0.0311] [0.0420] [0.0605]

Share of ELL (School) -0.0309 -0.0227 0.0567 0.0923 0.00387 0.00825 0.0608 0.107
[0.0515] [0.0513] [0.0826] [0.0969] [0.0413] [0.0414] [0.0926] [0.0918]

(C) Self Control

Share of ELL -0.140*** -0.140*** -0.159*** -0.0650 -0.0594* -0.0595* -0.0942** -0.0720
[0.0455] [0.0455] [0.0536] [0.0707] [0.0354] [0.0353] [0.0464] [0.0731]

Share of ELL (School) -0.0425 -0.0389 0.152* 0.204** 0.0307 0.0319 0.197** 0.150
[0.0540] [0.0542] [0.0883] [0.102] [0.0442] [0.0443] [0.100] [0.102]

(D) External Behavior

Share of ELL 0.120*** 0.120*** 0.124** 0.0239 0.0377 0.0382 0.0505 0.0246
[0.0436] [0.0436] [0.0514] [0.0605] [0.0304] [0.0304] [0.0399] [0.0639]

Share of ELL (School) 0.0134 0.0106 -0.0621 -0.0992 -0.0253 -0.0255 -0.0413 -0.0874
[0.0570] [0.0570] [0.0804] [0.0885] [0.0403] [0.0404] [0.0940] [0.0854]

(E) Internal Behavior

Share of ELL 0.101** 0.101** 0.0550 0.0328 0.0716** 0.0714** 0.0480 0.0394
[0.0394] [0.0394] [0.0462] [0.0682] [0.0355] [0.0355] [0.0442] [0.0713]

Share of ELL (School) 0.153*** 0.153*** -0.0980 -0.109 0.0936* 0.0928* -0.110 -0.105
[0.0531] [0.0533] [0.0855] [0.0990] [0.0481] [0.0483] [0.0950] [0.0984]

Year FE - Yes Yes Yes - Yes Yes Yes
School FE - - Yes Yes - - Yes Yes
Student FE - - - Yes - - - Yes
LDV - - - - Yes Yes Yes Yes
Observations 30,514 30,514 30,161 29,907 29,448 29,448 29,071 28,586
# of Schools - - 1414 1414 - - 1414 1414
# of Students - - - 8144 - - - 8144
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Note: Table B.7 reports the results of estimation on the peer effect of ELL on the noncognitive
scores in grade 1-5 by various specifications. All models include the covariates summarized in
Table B.1. The columns correspond the specification models with the features indicated in the
bottom panel. The key independent variables are the share of ELL at class level and school level.
Panels A-E correspond to different measure of noncognitive skills as dependent variables, which are
attention and focus, inheritance, self control, external and internal behavior.
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Table B.8: Specifications Comparison

(1) (2) (3) (4) (5)
VARIABLES Full Model Full Model W/O Lag Full model W/O School FE Full model W/O lag/ScFE Full model W/O Student FE

Share of ELL -0.0959*** -0.0994*** -0.0878*** -0.0917*** -0.121***
[0.0321] [0.0320] [0.0290] [0.0290] [0.0260]

Lagged Dependent Variable 0.0645*** 0.0783*** 0.712***
[0.00755] [0.00726] [0.00591]

Observations 31,131 31,250 31,551 31,689 31,243
R2 0.875 0.875 0.870 0.869 0.723
Year FE Yes Yes Yes Yes Yes
School FE Yes Yes - - Yes
Student FE Yes Yes Yes Yes -
Lag Yes - Yes - Yes
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.8 reports the results of estimation on the peer effect of the share of ELL on the reading
scores in grade 1-5 by various specifications. All models include the covariates summarized in Table
B.1. The columns correspond the specification models with the features indicated in the bottom
panel. LDV is short for the lagged dependent variable.
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Table B.9: Nickell Bias Infection Test

(1) (2) (3)
VARIABLES FD AH AB

Share of ELL -0.0607** -0.0692* -0.0699*
[0.0294] [0.0362] [0.0385]

Lagged Dependent Variable, -0.276*** 0.280*** 0.267***
[0.00685] [0.0163] [0.0150]

Observations 20,394 20,394 17,655
# of Students 7,026 7,026 7,026
Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.9 reports the results of estimation on the peer effect of the share of ELL on the reading
scores in grade 1-5 by various methods. By comparing the difference in estimates on the key
independent variables across methods, it is supported that Nickell Bias doesn’t influence the
estimate of the peer effects. All models include the covariates summarized in Table B.1. Column
1-3 correspond to first-difference method, AH method (Anderson and Hsiao, 1981) and AB method
(Arellano and Bond, 1991), respectively. LDV is short for the lagged dependent variable. Both AB
and AH methods use instrumental variables to fix Nickell Bias. The number of Observations are
reduced due to some non-consecutive observations of the individuals.
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Table B.10: Dynamic Sorting Test

(1) (2) (3)
VARIABLES OLS Full model Future Full model Current

Share of ELL at t+1 -0.0985*** -0.0688 -
[0.0292] [0.0468] -

Share of ELL at t, -0.0455 -0.0587 -0.110**
[0.0308] [0.0503] [0.0452]

Share of ELL at t-1, - - -0.00934
- - [0.0504]

Observations 20,394 18,041 18,105
R2 0.686 0.883 0.892
Year FE - Yes Yes
School FE - Yes Yes
Student FE - Yes Yes
Lag Yes Yes Yes

Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Table B.10 reports the results of estimation on the peer effect of the share of ELL on the reading
scores in grade 1-5 by various specifications. By showing there is no significant causal effects of
future’s (time t+1) share of ELL on current (time t) reading scores, it is concluded that there is
no dynamic sorting problem. All models include the covariates summarized in Table B.1 and the
lagged dependent variables. Column 1-3 correspond to specification 2.6, 2.7, 2.8 respectively.
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Table B.11: Non-linearity of the Peer Effect of ELL on the Cognitive Skills

(1) (2) (3)
VARIABLES Reading Math Science

(A) Whole Sample

Share of ELL -0.0959*** -0.0939*** -0.149***
(Whole Sample) [0.0321] [0.0321] [0.0372]

Dummy ELL -0.00568 -1.77e-04 -0.0169
(Whole Sample) [0.00932] [0.00839] [0.0103]

(B) Subgroups by Share of ELL

Share of ELL -0.173*** -0.117*** -0.149***
(Share of ELL > 0) [0.0426] [0.0450] [0.0493]

Share of ELL -0.344* -0.156 -0.260
(0<Share of ELL<0.2) [0.207] [0.204] [0.248]

Share of ELL -0.153** -0.105 -0.0455
(Share of ELL > 0.2) [0.0704] [0.0744] [0.0818]

(C) Quadratic Form

Share of ELL -0.331** -0.115 -0.166
[0.133] [0.125] [0.148]

(Share of ELL)2 0.202 0.0170 -0.0202
[0.154] [0.156] [0.179]

Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Table B.11 reports the results of estimation on the peer effect of the share of ELL on the reading
scores in grade 1-5 from the samples segmented by the share of ELL at class. Panel A are the
results from the whole sample which are the same as Table B.3. Panel B report the results from
the subgroups segmented by the share of ELL. Panel C report the results by full model with an
additional quadratic term of the share of ELL from the subgroup whose classes have at least one
ELL.
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Table B.12: Heterogeneous Peer Effects of ELL on Cognitive Score

Reading Math Science
(1) (2) (3) (4) (5) (6)

VARIABLES W/O FE W/ FE W/O FE W/ FE W/O FE W/ FE

By Gender
Male (n = 15798) -0.0836** -0.0835* -0.0704** -0.0904** -0.107*** -0.168***

[0.0362] [0.0434] [0.0317] [0.0410] [0.0379] [0.0481]

Female (n = 15351) -0.189*** -0.119** -0.0977*** -0.105** -0.153*** -0.130**
[0.0366] [0.0476] [0.0320] [0.0430] [0.0396] [0.0542]

By Race
White (n = 16731) -0.237*** -0.211*** -0.0337 -0.0389 -0.212*** -0.187**

[0.0728] [0.0787] [0.0716] [0.0699] [0.0749] [0.0773]

Non-White (n = 14437) -0.105*** -0.0820** -0.0824*** -0.104*** -0.112*** -0.0964**
[0.0283] [0.0347] [0.0233] [0.0354] [0.0303] [0.0413]

By Income
High Income (n = 17143) -0.129*** -0.101 -0.0697 -0.0729 -0.121** -0.119*

[0.0499] [0.0716] [0.0465] [0.0564] [0.0502] [0.0714]

Low Income (n = 13689) -0.0856*** -0.0992** -0.0804*** -0.123*** -0.116*** -0.149***
[0.0305] [0.0429] [0.0257] [0.0389] [0.0316] [0.0447]

By Ability
High Reading Skill (n = 16759) -0.139*** -0.0987* -0.0222 -0.0645 -0.141*** -0.237***

[0.0403] [0.0578] [0.0349] [0.0474] [0.0387] [0.0512]

Low Reading Skill (n = 14159) -0.0605* -0.101** -0.0410 -0.0795 -0.0625* -0.0859
[0.0346] [0.0485] [0.0269] [0.0488] [0.0359] [0.0530]

High math Skill (n = 17448) -0.116*** -0.104* -0.0707** -0.0802* -0.124*** -0.215***
[0.0414] [0.0576] [0.0347] [0.0456] [0.0407] [0.0518]

Low math Skill (n = 13516) -0.0863** -0.0637 -0.0758*** -0.0835* -0.0900*** -0.0766
[0.0365] [0.0497] [0.0280] [0.0507] [0.0343] [0.0512]

By Language
English as Native Language (n = 24739) -0.164*** -0.147*** -0.0214 -0.0437 -0.130*** -0.130**

[0.0478] [0.0500] [0.0390] [0.0461] [0.0463] [0.0558]

Non-English as Native Language (n = 6091) -0.0914** -0.0283 -0.0798** -0.0557 -0.112*** 0.0186
[0.0371] [0.0451] [0.0312] [0.0432] [0.0397] [0.0460]

Only English Spoken at Home (n = 23381) -0.140*** -0.107* -0.0752** -0.0350 -0.117** -0.0998*
[0.0468] [0.0563] [0.0380] [0.0484] [0.0506] [0.0577]

Non-English Spoken at Home (n = 7761) -0.103*** -0.0651 -0.0715** -0.0819** -0.125*** -0.0516
[0.0352] [0.0396] [0.0290] [0.0393] [0.0367] [0.0446]

By Grade
Grade 1-3 (n = 19560) -0.0920*** -0.0374 -0.0857*** -0.0697 -0.147*** -0.0807

[0.0326] [0.0537] [0.0271] [0.0499] [0.0319] [0.0586]

Grade 2-4 (n = 18973) -0.101*** -0.0691 -0.0505* -0.0610 -0.0626* -0.0870*
[0.0327] [0.0523] [0.0285] [0.0454] [0.0335] [0.0508]

Grade 3-5 (n = 17611) -0.124*** -0.102* -0.0853*** -0.0626 -0.0852** -0.0652
[0.0341] [0.0528] [0.0295] [0.0426] [0.0397] [0.0624]

Note: Robust standard errors clustered on school in brackets ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table B.12 reports the results of estimation on the heterogeneous peer effect of the share of ELL
on cognitive scores in grade 1-4 by characteristics. Column 1-2, 3-4, 5-6 represent effects on the
reading, math and science respectively. The odd columns correspond to specification 2.3 whereas
the even columns correspond to specification 2.3
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B.2 Figures
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