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B. SPECIFIC AIMS 

Excellence and equity goals motivate much of American educational policy. We expect our schools to 
improve the nation’s educational achievement and attainment levels, even as we ask them to narrow existing 
social and educational inequalities. These two goals are not always mutually reinforcing. Some policies boost 
average academic achievement even as they broaden educational inequalities. Others depress academic 
achievement even as they narrow inequalities (Hochschild & Scovronick 2003).  

The twin goals of excellence and equity should lead policy-makers to be interested in both the average 
effects of educational policies and their distributional consequences. But although developmental science 
suggests that many interventions should have heterogeneous effects, most educational evaluation research 
focuses on the estimation of mean treatment effects either for the population at large or for particular 
subgroups of interest. This project aims to introduce statistical techniques related to the distributional analysis 
of quantitative data to educational policy research. Building on recent innovations in quantile regression, 
quantile treatment effect (QTE) estimation, and other explicitly distributional approaches (e.g., Abadie, 
Angrist, & Imbens 2002; Angrist, Chernozhukov, & Fernandez-Val 2006; Firpo 2007; Chernozhukov, 
Fernandez-Val, & Melly 2009; Athey & Imbens 2006), we will develop and apply new methods for modeling 
the effects of educational interventions on the distributions of outcomes.  

By applying distributional analysis techniques to settings that are theoretically, developmentally, and 
methodologically distinctive, we hope to demonstrate their broad relevance to researchers who are interested 
in policy and youth development. The project will pursue the following key aims:  

Aim 1: Estimate the distributional effects of the federally-funded Head Start program on the academic 
and behavioral outcomes of low-income 3 and 4 year old children. Use distributional methods to test 
Project I’s compensatory and skill-begets-skill hypotheses regarding heterogeneous treatment impacts 
across the distribution of student outcomes. Compare the distributional effects uncovered by the QTE with 
Project I’s group-based mean estimates of impact heterogeneity to better understand the merits of these 
two approaches. 
Aim 2: Analyze the effects of a school voucher experiment for low income elementary school students in 
New York City on the distribution of academic skill. Test competing hypotheses that school vouchers will 
boost achievement either primarily at the bottom of the distribution (thus mitigating inequality) or 
primarily at the top of the distribution (thus exacerbating inequality). Estimate the extent to which means 
within subgroups reveal the distributional effects uncovered by the QTE. 
Aim 3: Use distributional methods to investigate the consequences of California’s policy effort to enroll 
more 8th graders in Algebra, paying particular attention to the differential effects of curricular policies 
across the distribution of student motivation and academic achievement.  
Aim 4: Use QTE to measure the effects of high school exit exam requirements on the distribution of 
student test scores. Compare the effect of the exit exams on scores near this high-stakes threshold, where 
we would expect the largest effects, to other points in the distribution, where we would expect smaller or 
negative effects.  
Aim 5: Promote the use of distributional methods among education policy researchers. Create new 
software applications, post web tutorials to the network website, host instructional seminars, and develop 
best practices for analyzing the distributional effects of human capital interventions.  
Our analyses of Head Start and school vouchers, like many other studies using the QTE or other explicitly 

distributional approaches, use data from randomized control trials. Our analyses of 8th grade Algebra 
requirements and high school exit exams will apply QTE and other distributional estimators (e.g., Athey & 
Imbens 2006; Abadie 2005; Heckman, Ichimura & Todd 1998) to observational data on human capital 
interventions. Doing so creates new challenges regarding the identification of causal effects. However, by 
refining methods for estimating distributional effects in non-experimental settings and outlining best practices 
for their application, we hope to enrich the QTE’s usefulness for researchers who study educational and other 
social policies. By demonstrating the applicability of distributional methods in a wide range of educational 
settings and providing researchers with the tools to undertake similar analyses, we will facilitate the use of 
distributional methods in other youth development research settings.  
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C. RESEARCH STRATEGY 
C.1 Significance 

In education, one size often does not fit all. Educational interventions that work to improve some students’ 
educational outcomes may have unintended and unnoticed negative effects on other students. The theory of 
child/policy fit provides an important conceptual tool for understanding these uneven effects. Maintaining that 
“behavior, motivation, and mental health are influenced by the fit between the characteristics individuals bring 
to their social environments and the characteristics of these social environments”, Eccles et al. (1993, p. 91) 
suggest that the effects of educational settings depend upon the match between these settings and the needs 
and abilities of students. If the needs and abilities of students vary, the theory of child/policy fit implies that 
the effects of a given educational intervention should also vary.  

Given the central role that equity goals play in American education, it is not surprising that educational 
practitioners and educational policy researchers often speculate about the heterogeneous effects of educational 
policies across the ability and income distributions. However, until recently, analysts have lacked the 
methodological tools to conduct rigorous distributional analyses of educational treatment effects. Quantile 
regression and QTE estimators, which explicitly model differences in treatment effects across a continuous 
distribution, provide a powerful new framework for conducting distributional analyses. These methods have 
begun to make inroads elsewhere in social policy research (Heckman, Smith, & Clements 1997; Koenker & 
Bilias 2001; Bitler, Gelbach, & Hoynes 2006b, 2008), but, with few exceptions (e.g., Angrist, Lang, & 
Oreopoulous 2009) they are not yet utilized in the educational policy literature. 

Recent distributional analyses of school accountability policies demonstrate the potential that these 
techniques offer for educational researchers. There is strong evidence suggesting that the No Child Left Behind 
act and other school accountability policies have small positive average effects on student achievement (Carnoy 
& Loeb 2002; Dee & Jacob 2009; Figlio & Rouse 2006; Hanushek & Raymond 2004; Wong, Cook, & Steiner 
2009). But new distributional analyses indicate that these average effects tell only part of the story. 
Accountability policies give schools incentives to direct teacher attention and other educational resources at 
students near policy-mandated proficiency thresholds. By estimating policy effects on the test score 
distribution, Neal and Schanzenbach (2010) and Reback (2008) show that these policies have strong positive 
effects on students near the proficiency threshold, and weaker effects on higher- and lower-achieving students. 
These effects might well have been missed had these researchers instead focused on estimation of average 
effects for groups thought of as being low achievers, such as low SES children. 

Inspired by the theory of child/policy fit, we hypothesize that unequal distributional effects of this sort are 
a more general phenomenon in education. In this project, we will analyze the distributional consequences of 
four distinct educational interventions: Head Start, school vouchers, algebra-for-all middle school curricula, 
and high school exit exams. The theory of child/policy fit suggests that each of these interventions has sharply 
heterogeneous effects at different points in the skill distribution that are obscured by simple analyses of overall 
mean differences or differences in means across subgroups. By undertaking these analyses, developing new 
distributional analysis techniques, and educating researchers in related methods, we hope to facilitate the 
introduction of distributional analysis more broadly in educational and youth development research.  
C.1.a Effects of Head Start on the Skill and Behavioral Distributions 

Created in 1965, the federal Head Start program is among the more prominent educational initiatives in 
the US. By giving matching grants to programs providing comprehensive early education, health care, and 
nutritional services to poor children, and parental training to their parents, Head Start aims to raise 
educational attainment levels and narrow educational inequalities. Head Start now enrolls more than 900,000 
children and has an annual operating budget of nearly $7 billion (US DHHS, Office of Head Start 2008).  

 Head Start and other efforts to expand preschool education are predicated on the notion that the positive 
effects that educational interventions have on young children multiply across their life course (Cunha et al. 
2006; Heckman 2006, 2007). For example, Knudsen, Heckman, Cameron, & Shonkoff (2006) summarize 
research across various fields (economics, neurobiology, and developmental psychology), concluding that early 
experiences are key to later development, and that early in life is the most promising period for investment in 
disadvantaged children. Experimental data from the Perry Preschool program, the Abecedarian Project, and 
the Chicago Child-Parent Center lend credence to this argument, demonstrating that early education programs 
can have positive effects on participants’ academic achievement and attainment (Barnett 1996; Campbell & 
Ramey 1995; Currie 2001; Schweinhart, Barnes, & Weikart 1993).  
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However, the evidence regarding the long-term effects of Head Start is mixed (Currie & Thomas 1995, 
2000; Garces, Thomas, & Currie 2002; Ludwig & Miller 2007; Deming 2009), and in 1998, Congress 
mandated a national evaluation of Head Start. The resulting Head Start Impact Study (HSIS) is a randomized 
control trial designed to determine “the impact of Head Start on children’s school readiness and parental 
practices” as well as “under what circumstances Head Start achieves its greatest impact and for which children” 
(Puma et al. 2005) by randomly assigning children on waiting lists to be eligible for or ineligible for Head Start. 
We will use these experimental data to test the distributional hypotheses we lay out below.  

Although existing Head Start analyses have focused primarily on average effects, population-based 
analyses indicate that low-achieving children stand to gain the most by enrolling in early education (Magnuson 
et al. 2004; NICHD 2003). This effect may be particularly pronounced in the context of Head Start, since the 
program’s curricula is explicitly geared toward remedying the skills deficits that often disadvantage poor 
students at the beginning of elementary school, and towards improving the parenting practices of their parents 
(Puma et al. 2005). We hypothesize, therefore, that the effects of Head Start availability vary across the skill 
distribution, with students at the bottom of the distribution experiencing the most pronounced positive 
academic and language effects. Similarly, we expect the program to improve the behavior of children who are 
relatively prone to behavior problems. This prediction, which parallels the “compensatory hypothesis” outlined 
in Project I, is shown by the dotted line in Figure B.1, which plots the predicted effect of Head Start (Y-axis) 
across the achievement distribution (X-axis). 

In contrast, the “skills-begets-skills” hypothesis 
outlined in Project I suggests that the positive 
effects of Head Start may be concentrated at the top 
of the skill distribution. Research on learning 
trajectories in elementary school and beyond 
indicates that since academic skills are cumulative, 
achievement inequalities tend to widen as children 
progress through school (Stanovich 1986). This 
theory may also be relevant to early education. For 
example, it is plausible that students who have 
basic language and numeric competencies are more 
able to participate fully in the Head Start 
curriculum than their academically or 
developmentally-delayed peers. In this case, the 
distributional effects of Head Start may resemble 
the “skills-begets-skills” hypothesis outlined as the 
solid line in Figure B.1. We believe that the overlap 
between our HSIS analyses and those proposed by 

Project I represent an opportunity for collaboration. By writing a paper comparing the results of our analyses of 
the distributional effects of Head Start with the results emerging from Project I’s estimates of the average 
effects on particular subgroups, we will gain new insight into the strengths and limitations of distributional 
analysis in educational research as compared to the standard mean impacts approach. 
C.1.b Competing Hypotheses Regarding the Effects of School Voucher Programs 

Arguing that traditional public schools are monopolistic and inefficient, school voucher proponents aim to 
create more vibrant educational marketplaces. By broadening the educational choices available to parents and 
students and creating incentives for schools to improve, voucher programs promise to boost educational 
outcomes for students who might otherwise have no choice but to enroll in low-quality public schools (Chubb & 
Moe 1990; Friedman & Friedman 1980). 

School reformers have launched a handful of voucher programs across the United States over the past two 
decades in an attempt to demonstrate the effectiveness of this approach. In 1997, the School Choice 
Scholarships Foundation initiated one such program in New York City, offering three-year scholarships worth 
$1,400 a year to a randomly selected group of low income children in grades K–4. This program’s random 
assignment design makes it possible to distinguish the effects of voucher availability from the potentially 
confounding characteristics of families who self-select into voucher programs. More than 10,000 eligible 
students applied; around 2,600 scholarship recipients were chosen via lottery. In the years that followed, 
researchers from Mathematica Policy Research (MPR) and the Harvard University Program on Education 
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Policy gathered enrollment and achievement data from students in the treatment and control groups.  
Analyses of the New York City voucher experimental data clearly indicate that vouchers influence school 

choice. Students randomly selected to receive a voucher were several times more likely than their peers in the 
control group to attend private schools (Mayer et al. 2002). It is much less clear, however, whether the voucher 
offer had an effect on student achievement. Several studies find that the voucher offer had a small positive 
effect on the academic achievement of African-American recipients (Barnard et al. 2003; Howell et al. 2002; 
Peterson & Howell 2004). However, for all other racial and ethnic groups the voucher program had no effect. 
Furthermore, subsequent analyses suggest that the observed effects for African Americans are sensitive to the 
definition of racial and ethnic categories and hold only when controlling for students’ initial characteristics 
(Krueger & Zhu 2004a, 2004b). We suspect that the weak average effects of vouchers disguise larger (and 
possibly contradictory) voucher program effects for high or low achieving students. The theoretical literature 
surrounding school choice suggests two competing hypotheses regarding the effects of voucher programs on 
student achievement.  

The “common school hypothesis” holds that voucher programs benefit low-performing students 
disproportionately. This hypothesis is grounded in the literature on the effects of Catholic schools. Since 
Catholic schools are typically smaller than public schools and their curricula are often relatively 
undifferentiated, low-performing students tend to benefit disproportionately from enrolling in Catholic schools 
(Hoffer, Greeley & Coleman 1985; Coleman, Hoffer, & Kilgore 1982; Evans & Schwab 1995; Morgan 2001). By 
providing a mechanism for students to opt out of neighborhood public schools and into Catholic and other 
private schools, voucher experiments attempt to make the positive achievement effects associated with Catholic 
schools more broadly available. Assuming that the Catholic school effects uncovered in national data analyses 
generalize to the schools that voucher recipients chose, the “common school hypothesis” suggests that voucher 
school programs have positive effects on students at the bottom end of the academic achievement distribution.  

However, the “stratifying hypothesis” suggests that voucher programs magnify educational inequalities. 
Voucher program advocates take it for granted that parents use school choice to maximize their children’s 
educational success. In practice, however, many parents make school choice decisions based on the 
convenience of the school’s location, its disciplinary style, and its religious affiliation (Elacqua, Schneider, & 
Buckley 2006; Weiher & Tedin 2002; Buckley & Schneider 2002; Hastings, Kane, & Staiger 2005). Hastings, 
Kane, & Staiger hypothesize the effects of voucher programs are contingent on the quality of the school choices 
that families make. For students whose families make school choices on the basis of academic quality, voucher 
programs may have positive effects. But for students whose families make school choices based on other 
factors, vouchers may have zero or negative effects. If these educational preferences vary with student 
academic achievement, voucher programs may provide a boost for students who are high achievers pre-
voucher, even as they negatively affect test scores for low achievers. 

These competing hypotheses have not been thoroughly investigated in an explicitly distributional fashion. 
Using QTE methods to analyze this experimental data will add to our understanding of what parts of the 
distribution benefit from access to vouchers. We can test systematically whether the variation in effects for 
various subgroups found in previous literature and reported in the Mathematica report captures the important 
variation across the distribution of test scores. 
C.1.c Middle School Curricular Change and Student Achievement and Motivation 

Driven by complaints about the rigor of American educational standards (National Commission on 
Excellence in Education 1983, National Diploma Project 2004, National Governor’s Association 2005), as well 
as concerns about academic tracking (Lucas 1999; Oakes 1985; Powell, Farrar, & Cohen 1985), a national 
movement is underway to make middle and high school curricula more rigorous. Most US states now require 
students to complete college preparatory curricula in order to earn high school diplomas (Achieve, Inc. 2007), 
and transcript studies reveal a pronounced trend toward advanced course-taking (Dalton et al. 2007). 

These shifts are particularly pronounced in California, where the State Board of Education has moved to 
require all public school students to take Algebra I by 8th grade. While this proposal is currently pending appeal 
in state courts (Rosin, Barondess, & Leichty 2009), California schools are already moving to meet the mandate. 
Between 1999 and 2008, the proportion of California 8th graders enrolled in algebra more than tripled from 16 
percent to 51 percent. 

We propose to evaluate the distributional consequences of this curricular change on achievement and 
motivation using rich, longitudinal student-level data from three high-poverty ethnically-diverse Southern 
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California school districts. One of the districts that we propose to study has been at the leading edge of 
California’s 8th grade algebra movement, and today it places nearly all 8th graders into algebra courses. While 
8th grade algebra enrollment rates have also risen in the other two districts, the increase came later and has 
been more gradual. As a result, these districts provide a natural experimental setting for analyzing the effects of 
8th grade algebra course placement on 8th graders’ mathematics achievement and motivation, as well as their 
later academic trajectories. 

Research strongly indicates that challenging course placements have positive average effects on student 
learning and educational attainment (Attewell & Domina 2008; Chaney, Burgdorf & Atash 1997; Gamoran & 
Hannigan 2000). However, curricular reforms may have unintended effects (Allensworth et al. 2008) and it 
remains unclear whether all students benefit equally from enrolling in more advanced courses. Large-scale 
changes in course-taking patterns typically require changes in the design and delivery of course materials, as 
classes that were once taught to groups of students whose skill levels were relatively homogenous are now 
delivered to heterogeneous groups. Faced with students who are less uniformly well prepared for their courses, 
teachers in newly required courses may cover less material than in the past. Even with these changes, newly 
required courses may still be too advanced for some students (Loveless 1999; Rosenbaum 1999). 

Our unique data enable us to look at distributional effects of curricular reform on academic achievement 
and motivation. We will use matching and nonlinear differences in differences methods to assess the effects of 
the increase in algebra enrollment on student test scores and achievements. We hypothesize that California’s 
effort to enroll all 8th graders in Algebra has positive average effects on student achievement and motivation, 
since it places greater cognitive demands on students at a crucial point in their development (Eccles et al. 1993; 
Giedd 2008). However, we suspect that the reform may have negative effects at the top and bottom of the skill 
and motivation distributions. If the push for curricular intensification leads to increased heterogeneity in 8th 

grade Algebra classrooms, it may have a negative effect 
on high-achieving students who would have already 
enrolled in Algebra without the policy. At the opposite 
end of the skill distribution, approximately one-third of 
California 8th graders who enroll in algebra fail to 
demonstrate proficiency on end-of-the year algebra 
courses (Rosin, Barondess, & Leichty 2009). The 8th 
grade algebra requirement may discourage these 
students and have negative effects on their math 
achievement. Figure B.2 illustrates this hypothesis for 
achievement. In addition, we will estimate the 
distributional effects of curricular change previously 
unexamined measures such as student feelings of self-
efficacy and several distinct intrinsic and extrinsic 
motivation measures (including mastery, performance 
approach and performance avoidance goal orientations). 

C.1.d Existing Evidence about High School Exit Exams and Gaps in Knowledge 
Until recently, high school students in the US earned diplomas exclusively by accumulating course credits. 

Over the last three decades, however, a growing number of states implemented high school exit exams and 
mandated that students pass these tests in order to earn diplomas. Today, high school exit exams are in place 
in 22 US states, and approximately two-thirds of US high school students must pass an exit exam to graduate 
from high school. California’s high school exit exam (CAHSEE) was mandated by the state legislature in 1999. 
While all students in the high school class of 2003 took the exam, they could graduate without passing. For 
students in all subsequent classes, passing CAHSEE has been a requirement for high school graduation.  

Several studies indicate that high school exit exams have negative effects on students’ odds of earning high 
school diplomas (Dee & Jacob 2007; Martorell 2004; Papay, Murnane & Willet 2008; Warren & Edwards 
2005). In California, nearly one-third of students fail to pass the exit exam on their first attempt (Human 
Resources Research Organization 2008) and regression discontinuity analyses reveal that students who barely 
fail the exam on their first attempt are considerably more likely to drop out of high school than they would have 
been had they barely passed (Reardon et al. 2009). On average, Warren, Jenkins, & Kulik (2006) estimate that 
when states implement high school exit exams, high school graduation rates fall by approximately 2 percentage 
points. We will analyze the effects of CAHSEE on student graduation odds using official administrative 

Figure	  B.2	  Hypothesized	  distributional	  effect	  of	  
8th grade	  algebra
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enrollment and graduation data for a large southern California district. Our analyses will pay particular 
attention to the exam’s distributional consequences, estimating policy effects across the distribution of 
students’ latent probability to earn a high school diploma.  

In addition, our work will supplement the uneven existing literature on the effects of exit exams on student 
achievement. By establishing a minimum competency threshold and giving students strong incentives to clear 
it, high school exit exams aim to raise students’ academic achievement. In the proposed project, we will 
investigate the effects of California’s exit exam policies across the academic achievement distribution. While 
some evidence points to a positive relationship between the existence of high school exit exams and student 
achievement (Bishop 1997; Bishop, Moriarty, & Mane 2001), the most rigorous available studies indicate that 
exit exams have no causal effect on achievement (Jacob 2001; Reardon et al. 2009). By estimating the average 
effects of high school exit exams—or, in the case of the Reardon et al. study, estimating the local effects of high 
school exit exams at the passing threshold—these studies neglect the possibility that high school exit exams 
have different effects on students with differing levels of academic skill. In the existing literature, only Grodsky, 
Warren, & Kalgorides (2009) investigate the effects of exit exams across the skill distribution, using nationally 
representative NAEP data; these national comparisons may obscure distributional effects if the minimum 
competency thresholds vary across states.  

Our hypothesis, illustrated in Figure B.3, is that exit 
exams have varying effects on the academic skill 
distribution. By raising the stakes associated with 
minimum competency on the skills it assesses, CAHSEE 
may encourage students who expect to be close to the 
minimum competency threshold to redouble their 
academic efforts. On the other hand, we do not expect 
CAHSEE to have a positive effect on the academic 
achievement of the large number of students who expect to 
score well above the minimum competency threshold. In 
fact, the exit exam may even have a modest negative effect 
on some of these relatively high-achieving students’ 
academic subsequent achievement, if they are motivated by 
the desire to earn a high school diploma. Lastly, we 
anticipate negative effects for students who expect to score 

well below the threshold. Existing literature on high school exit exams and other accountability interventions 
fail to examine effects on the full distribution. Our work comparing effects across the skill distribution will fill 
an important gap in this literature.  
C.2 Innovation 

By explicitly modeling the unequal effects of Head Start, school vouchers, middle school curricular 
requirements, and high school exit exams on academic, behavioral, and socioemotional outcomes, our 
distributional analyses will substantially enrich our understanding of each of these four interventions. These 
studies will potentially uncover effects that would be obscured by standard mean effects analysis, given 
hypotheses about signs and magnitudes of effects varying for different parts of the skill distribution. Further, 
given concerns about equity behind interventions such as Head Start and school choice programs, evidence 
about the distribution of these effects would be policy relevant. Evidence of disproportionate large positive 
Head Start effects on the bottom of the student performance distribution would strengthen the case that 
investments in early education are particularly effective mechanisms for narrowing academic achievement 
gaps. Our analyses of the distributional consequences of school vouchers will speak to long-standing debates 
about the relationship between school choice and inequality. Investigating the ways 8th grade algebra 
assignments affect the distributions of student math skills and student dispositions toward school will provide 
a much clearer picture of what part of the distribution benefits or loses when curricular standards rise. Finally, 
distributional analyses of the effects of exit exams on student achievement will shed light on the ways high 
stakes educational incentives affect academically marginal high school students.  

A common practice in program evaluation is to look for treatment effect heterogeneity by estimating mean 
differences between control and treatment groups (perhaps with regression adjustments). We will also explore 
the extent to which mean differences by subgroup capture the heterogeneity in the effects of these 
interventions across the distribution of skill. We will benefit particularly from findings in Project I in our choice 
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of subgroups, and our results will inform the interpretation of Project I’s findings. We will also have many 
chances to encourage the rest of the INID network to use these methods in future work where appropriate, and 
aid in the ultimate goal of identifying promising interventions. 

Specific Aim 5 of this project has the broader goal of introducing distributional analysis methods to 
researchers in educational policy beyond the Irvine Network on Interventions in Development. QTE and other 
distributional estimation methods have begun to exert an influence in applied microeconomics and some areas 
of social policy research. However, even though these methods are highly complementary with central 
developmental notion of child/policy fit, they are underutilized in research related to educational policy and 
youth development. By applying distributional analysis to a wide range of educational interventions, we hope 
to demonstrate the broad applicability of distributional methods to educational policy research and encourage 
other educational researchers to use these techniques. We will accomplish this by presenting our work in a 
wide range of venues, as well as by making computer code and web tutorials available on the network website. 
Without transparent computer code and examples of their use, new methods can languish. For example, while 
Athey and Imbens (2006) was published in a top economics journal more than 4 years ago, these techniques 
remain underutilized in economics and largely unknown in other disciplines.  

We will also facilitate the broader adoption of distributional analysis by applying new techniques for 
estimating distributional effect sizes using observational data. In our analyses of 8th grade Algebra placements 
and high school exit exams in California, identification of causal effects will be far more troublesome than it 
will be in our analyses of randomized Head Start and school voucher experiments. However, randomized 
control trials are still relatively rare in education, and many important educational interventions are not 
amenable to experimental analysis. As a result, quasi-experimental methods will likely remain prominent in 
educational policy research. We anticipate, therefore, that applying QTE estimation and other related 
distributional approaches to observational data will be a particularly important component in our effort to 
bring these techniques to educational research. 
C.3 Approach 

In this section, we first describe the distributional methods that we will use. We then discuss the approach 
for each specific aim, and present our preliminary findings.  

The potential outcomes model (e.g., Rubin, 1974; Holland, 1986) provides a framework for estimation of 
the effects of a treatment. Each individual i has two potential outcomes, Y1i and Y0i (for our purposes, a test 
score or index of student behavior or motivation). Person i has outcome Y1i if assigned to the treatment group 
and outcome Y0i if assigned to the control group. D(i) denotes the group that i is assigned to in a randomized 
experiment. If person i is assigned to the treatment group, then D(i) = 1, and if person i is assigned to the 
control group, D(i) = 0; the treatment effect on person i is defined as δi=Y1i – Y0i. The fundamental evaluation 
problem is that the same person cannot simultaneously be in the treatment group and the control group.  
C.3.a Quantiles, Average Treatment Effects, and Quantile Treatment Effects 

Let Y be a random variable with a cumulative distribution function (CDF) F(y), where F(y) = Pr[Y ≤ y]. 
Then, the qth quantile of the distribution F(y) is defined as the smallest value yq such that F(yq) is at least as 
large as q (e.g., y0.5 is the median). Now consider two (marginal) distributions F1 (the CDF for the potential 
outcomes if D = 1), and F0 (the CDF for the potential outcomes if D = 0). We define the difference between the 
qth quantiles of these two distributions as yq = yq1 – yq0, where yqd is the qth quantile of distribution Fd.  

The joint distribution of (Y0i,Y1i) is not identified without assumptions. However, if program assignment is 
independent of the potential outcomes, the difference in means, or average treatment effect, δ = E[δi] = E[Y1] 
- E[Y0], is identified because each expectation requires only one of the two marginal distributions. Similarly, 
identification of the marginal distributions implies identification of the quantiles yqd, and thus identification of 
the differences in their quantiles, yq = yq1 – yq0. In fact, in the experimental settings of Specific Aims 1 and 2, the 
quantile treatment effect (QTE) is the estimator of this difference in the quantiles of the two marginal 
distributions. For example, in these experimental studies, we consistently estimate the QTE at the 0.50 
quantile by subtracting the control group’s sample median from the treatment group’s sample median. 
Graphically, QTE estimates are the differences in the inverse CDFs of the outcome for the treatment and 
control groups. For an example, see section C.3.f below and QTE for the effects of being assigned to get an offer 
of a private school voucher (Figure C.1). 
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C.3.b When are QTE Equal to the Distribution of Individual Treatment Effects (DOTE), How to Test for This, 
and How to Bound the DOTE? 

It is important to note that the QTE at quantile q need not equal the treatment effect for an individual 
located at quantile q of the control group. Thus, while our hypotheses are about effects for individuals of 
various cognitive abilities, our QTE results will represent effects on the whole distribution. Only with further 
assumptions, which are perhaps undesirable, can we conclude that the QTE is the treatment effect for a 
particular individual. One assumption that allows for treatment heterogeneity is rank preservation (e.g., 
Heckman, Smith, & Clements 1997), under which a person’s location in the distribution is unchanged by the 
treatment. In this case, the QTE are the same as the distribution of individual treatment effects.  

We will test the rank preservation assumption with a test developed in the working paper version of Bitler, 
Gelbach, & Hoynes (2008) using the experimental data from Specific Aims 1 and 2. This test looks at a 
necessary but not sufficient condition for rank preservation, that the distribution of observable characteristics 
across the treatment and control group outcome distributions be the same up to sampling variation within 
various ranges. Knowledge of evidence against rank preservation in experimental data is important. Evidence 
against rank preservation in experimental data, where concerns about sample selection should not be 
important, suggests it is even less likely to hold in observational data. Further, some leading instrumental 
variable quantile regression estimators devised to deal with heterogeneity in the presence of endogeneity (e.g., 
Chernozhukov & Hansen 2005, 2006) rely on rank preservation or rank similarity. An alternative approach is 
to use the QTE to bound the distribution of treatment effects. Fan & Park (forthcoming) have devised a method 
for putting informative bounds on the distribution of treatment effects; we will estimate these bounds in 
conjunction with our QTE using the experimental data from Specific Aims 1 and 2. 

Furthermore, we note that even if rank preservation does not hold, QTE suffice for many interesting 
comparisons and provide a rich understanding of the distributional effects of human capital interventions. For 
example, Abadie, Angrist & Imbens (2002) point out that any analysis aimed at thinking about whether an 
intervention leads to more or less inequality requires only the QTE. Additionally, QTE provide an opportunity 
to assess the ability of theoretical model predictions to match empirical estimates of the effects of various 
programs (e.g., Bitler, Gelbach, & Hoynes, 2006b). 
C.3.c Testing whether Mean Effects in Subgroups Explain QTEs on the Full Distributions 

A common strategy in program evaluation for examining heterogeneous effects is to compute mean 
treatment effects separately for specific subgroups. Policy makers value this if subgroup means reveal 
heterogeneity and can thus potentially be used to define groups that benefit from the interventions (or for 
targeting). Researchers value subgroup means as a way to link theoretical predictions about who should gain or 
lose from an intervention, or alternatively, in observational studies as a way to focus attention on groups where 
the probability of being affected by the intervention is large.   

We will use the methods from Bitler, Gelbach, & Hoynes (2010) to test whether mean effects within such 
subgroups (or others that theory suggests are good predictors of being someone who gains or loses from the 
interventions) can explain the heterogeneity uncovered by QTE. We first will construct QTE within subgroups 
of interest (e.g., based on SES or previous test scores as suggested by some of the hypotheses laid out in 
sections C.1.a-d above). We then examine whether members of these subgroups are concentrated in various 
points of the outcome distribution for the treatment and control groups. For example, this can be done by 
seeing whether the SES composition within each percentile of the treatment or control distribution varies 
across the distribution. We will also construct synthetic treatment group distributions by adding the mean 
treatment effect within subgroup to the control group observations, and calculate inverse CDFs. We will 
compare these synthetic inverse CDFs to the true treatment group CDFs, using a statistic suggested by 
Chernozhukov & Fernandez Val (2005). Intuitively, the more similar the synthetic and true treatment group 
distributions, the more closely these mean treatment effects within subgroup come to explaining the 
heterogeneity in the full unconditional distribution. This test will be particularly useful for understanding our 
findings regarding the distributional effects of Head Start in comparison to the findings that emerge from 
Project I. If we find little variation within subgroups across the distribution and/or that the subgroup members 
are concentrated in various parts of the outcome distribution, we will conclude that traditional mean subgroup 
analyses are sufficient to estimate the heterogeneity in the effects of Head Start. On the other hand, if we find 
more variation within than across subgroups or if we find subgroups are not systematically concentrated at 
various points in the distribution, we will conclude that these traditional subgroup mean impacts are missing 
important effects of Head Start on the distribution of achievement. 
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C.3.d Distributional Analyses Using Observational Data 
The preceding discussion focuses on the estimation of distributional effects in experimental settings, in 

which random assignment insures that program assignment is independent of the potential outcomes. The 
randomized control trials we propose to analyze in Specific Aims 1 and 2 fit this description. However, for 
many questions of interest to educational and youth development researchers, such experimental analyses are 
not practical. Therefore, in Specific Aims 3 and 4 we propose to apply similar distributional analysis techniques 
to observational data.  

In a quasi-experimental setting, if treatment assignment is as good as random, we can also estimate QTE 
simply by taking the difference between treatment and control groups at each point in the distribution. For 
example, our analysis of the effects of the CAHSEE exam compare the first cohort of students who were subject 
to this high stakes exam with the preceding cohort, which took the exam as a low-stakes test. In this case, the 
estimated QTE is the differences in the inverse CDFs for the treatment and control groups. Thus, for example, 
the 0.50 quantile treatment effect is given by the vertical difference in the inverse CDFs at the median.  

Difference in difference methods are another common approach to policy evaluation in the absence of 
experimental data. Under the assumption that average outcomes for the treatment and control group would 
have followed parallel paths over time, differences in differences models uncover consistent estimates of the 
true underlying average treatment effect. However, this parallel trends assumption is undesirable if pre-
treatment characteristics associated with dynamics are unbalanced among groups (e.g., Ashenfelter’s dip). 
Abadie (2005) extends the standard difference in differences estimator to one where even in the face of such 
differences, a two-step strategy leads to consistent estimates of the average treatment effects which vary with 
changes in observed characteristics. This approach allows calculation of average treatment effects for different 
values of the covariates. Thus, one could estimate the average treatment effect given a specific value of one of 
the Xs, rather than an average treatment effect given a specific value of the propensity score.  

We will also explore extensions of propensity score methods (e.g., Hahn, Todd, & van der Klaaw 2001; van 
der Klaaw 2002) to differences in differences settings (e.g., Heckman, Ichimura & Todd 1998; Heckman, 
Ichimura, Smith, & Todd 1998). Such methods first estimate the probability that each observation is treated 
conditional on the Xs (i.e., the propensity score), and either use its inverse to weight comparisons match on the 
propensity score to get the counterfactual for treatment group members. Propensity score methods also ensure 
that only “comparable” control group members are used as a comparison for each treatment group member. 
Blundell et al. (2004) extend propensity score matching to differences in differences models. They estimate two 
propensity scores, one for being in the treatment group, and the second for being in the pre- versus post- 
period. The combination of these propensity scores balances the four groups (treatment group pre-program, 
treatment group post-program, control group pre-program, and control group post-program). 

We will also apply the “changes in changes” model of Athey and Imbens (2006) for estimating nonlinear 
differences in differences models. This model, which is less restrictive than standard differences in differences 
model, yields a simple prediction for the counter-factual distribution of the treatment group in the absence of 
the treatment, Ft2 = Ft1(F-1

c1(Fc2(y))). Then the estimated change in change treatment effect is given by the 
difference between this counterfactual distribution and the actual treatment group distribution at a given 
quantile. Figure C.2 below shows the results of a preliminary changes in changes analysis. 
C.3.e Approach for Specific Aim 1 and Progress to Date: Head Start Impact Study 

The data from the Head Start Impact Study (HSIS) are not yet publicly available, although the final report 
was released in January and the public use data are expected soon. These data follow for 3 years the outcomes 
of a nationally representative sample of 3 or 4 year old Head Start applicant children who were experimentally 
assigned to a treatment (eligible for Head Start) or control group (not eligible). 

After checking that the treatment and control groups are balanced across the distributions, we will test the 
distributional hypotheses laid out above in section C.1.a by estimating QTE on year 1 and 2 additional years of 
follow-up data from the Head Start Impact Study. We will look at distributional effects of Head Start on a 
subset of the many academic and social-emotional measures collected in the HSIS. For early language, we will 
look at the Peabody Picture Vocabulary Test (adapted), and for early literacy the Woodcock Johnson III Letter 
Word Identification. For early mathematics, we will examine the Woodcock Johnson III Applied Problems. For 
learning-related behavior, we will consider the Leiter-R Sustained Attention Task (adapted). We will also 
examine the effects of assignment to Head Start on parenting behavior and health outcomes, also using QTE. 
Dichotomous measures will be analyzed using Kordas’s (2006) method. We will test the skills beget skills 
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hypothesis by seeing if the effects of being assigned to Head Start benefit the top of the distributions of 
academic, behavioral, or parenting distributions among children eligible for Head Start. We will test the 
compensatory hypothesis that instead Head Start will benefit the low end of the distribution by seeing if the 
QTE at the lower end of the 
distribution are positive.  

As laid out in further detail in 
Project I, developmental theory 
suggests differences in the effects of 
Head Start on achievement and 
social-emotional outcomes by SES, 
age, baseline child temperament, and 
race/ethnicity. Software is available 
from Bitler and Hoynes’s earlier work 
to systematically test whether the 
overall heterogeneity can be 
replicated by subgroup means. We 
will explore the extent to which any 
differences across subgroups of policy 
interest such as children of different 
SES groups explain any effects we 
detect on the distribution. We can test 
to what extent the observable 
characteristics that developmental 
theory suggests are important to 
child/policy fit (such as those 
articulated in Project I) account for 
the heterogeneity of effects across the 
distribution. These tests provide 
insight into the ability of subgroup 
analyses to describe the sources of 
effect heterogeneity in the overall 
population. We can also examine the 
extent to which subgroup mean 
differences explain or obscure within 
group variation by estimating QTE 
within subgroups. Finally, we will use 
the Fan and Park (forthcoming) 
method to bound the distribution of 
individual treatment effects and the 
test from Bitler, Gelbach, and Hoynes 
(2006a) to test for evidence against 
rank preservation. Table C-1 has further details about this and the other datasets. 
C.3.f Approach for Specific Aim 2 and Progress to Date: Effects of Voucher 

The New York City School Choice Scholarship Program (NYCSCSP) was a three year private school choice 
randomized experiment. As noted above, low income students (students qualified for free school lunch) in 
grades K–4 were eligible to apply for vouchers of $1,400 to be used towards private school tuition. While not 
representative of all students, these students are more similar to those in districts facing challenges to improve. 
We have obtained access to the NYCSCSP data (see Table C-1) we will use in Specific Aim 2 to evaluate 
distributional effects of a voucher experiment in New York City from Mathematica Policy Research. After 
checking the treatment and control groups are balanced, we will estimate QTE for the Iowa Test of Basic Skills 
Math and Reading composite scores and for two school characteristics: class size and an index of parental 
satisfaction with the child’s school. We will explore the extent to which the overall heterogeneity can be 
replicated by subgroup means, paying attention to the characteristics suggested by the evaluators to define 
groups who had different gains from assignment to the treatment group as well as suggestions of theory. 
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Figure C.1 shows our preliminary findings for 
the effects of voucher receipt on student test scores 
measured one year after the voucher lottery 
occurred. The NYCSCSP had no mean effect on 
student math achievement (Howell et al. 2002; 
Krueger & Zhu 2004a, 2004b). However, our 
preliminary analysis suggests that this null effect 
obscures a more nuanced distributional effect of 
school vouchers. Voucher receipt seems to have a 
positive effect for low-performing students, and a 
negative effect for high-performing students.  
C.3.g Approach for Specific Aim 3 and Progress to 
Date: Effects of Increased Algebra Enrollment 

In specific aim 3 we will look at the 
ramifications of California’s effort to encourage all 
middle school students to attempt higher level math. 
We will examine the effects of increasing 8th grade 
algebra enrollment in several school districts over 
2004–2009 on the distributions of test scores in 

math (measured by the CST, and in some cases, district tests), as well as the distribution of measures of 
motivation. We will use California Motivation Project – Mathematics (CAMP-Math). The current CAMP-Math 
data were collected between 2004 and 2006, and includes information about grades 6–12 for all students in 
about 500 classrooms within 14 schools with diverse ethnic and linguistic groups in districts in Southern 
California.1 This dataset includes repeated measures of student academic achievement as well as data on 
children’s and teachers’ motivation collected at four points during a two-year study period. In addition, we 
have access to detailed data on course titles. Based on 
ongoing discussions with administrators in the study 
districts, we are confident that we will be able to use these 
codes to account for changes in algebra and other math 
course curricula over the study period. We have combined 
the data on motivation collected as part of CAMP with our 
data on test scores for students in one school district (and 
plan to do so for the rest of the districts and schools). We 
have calculated trends in underlying enrollment in algebra 
in this district from publicly available data from the 
California Department of Education. Table C-2 shows 
average rates of school enrollment in Algebra 1 for 8th 
graders for these schools and the state overall, from state-
wide administrative data. This clearly shows that for our schools, there was a large increase in the share of 8th 
graders enrolled in Algebra 1 between 2005 and 2006.  

We plan to explore the effects of enrollment increases on both student achievement (CST scores) and 
measures of self-efficacy and achievement goals, using the various generalizations of the differences in 
differences model laid out above in section C.3.d; semiparametric and propensity score differences in 
differences models, and the changes in changes model. We will examine not only mastery goals, which are 
linked to developing competence and are thought to be adaptive, but also performance goals, which are linked 
to showing competence and are viewed as less beneficial. Figure C.2 shows the changes in changes estimate of 
the effects of being in a school which substantially increased enrollment in Algebra 1 on one of our measures of 
motivation: personal performance approach goals (the changes in changes methodology is discussed above in 
section C.3.d, and is a distributional analog to difference in difference methods). As Figure C.2 suggests, the 
increased emphasis on algebra enrollment led to few significant changes in student personal performance 
goals, although there is a suggestion of a negative effect in the bottom third of the distribution. Further work 

                                                
1 We will also explore differences between the CAMP schools and others in the district as well as explore how different the districts 
are from the rest of the state. These schools face similar challenges to others with large minority populations. 

Figure C.1 QTE estimates of NYCSCSP effects on 
first-year math test scores 
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will involve using the other differences in differences estimators on various test scores and other motivation 
measures. Further, given the strong relationship between students’ motivation and mathematics achievement 
(Schoenfeld 1992; Fennema 1989), we plan to examine the joint distribution of mathematics achievement and 
motivation. 

C.3.h Approach for Specific Aim 4 and Progress to 
Date: Effects of Exit Exams 

In the words of California state superintendent 
of instruction Jack O’Connell, the CAHSEE 
competency exam “measures absolutely the least 
our students must know as they move on to their 
next step in learning and earning.” The exam 
consists of two parts: (1) a multiple choice 
mathematics portion, aligned with the California 
state math standards for 6th and 7th graders, as well 
as Algebra I, and (2) an English language arts 
(ELA) portion, which uses multiple choice 
questions and one essay to assess student mastery 
of 10th grade and earlier content standards. To pass 
the test and earn a high school diploma, students 
must score at least 350 on each part. The state 
allows students who fail either portion of the test 
to retake that portion in order to qualify for a 
diploma, we focus on student’s first attempt. The 

original CAHSEE legislation stipulated that students in the high school class of 2003 and students in all 
subsequent graduating classes would be required to pass the exam in order to earn their diplomas. However, 
the CAHSEE was actually implemented in two steps, so that while the test was first taken by 10th graders in 
2002 and 2003, it was only a graduation requirement for the cohort of 10th graders who took it in 2004. Thus 
the 2004 cohort is treated, while the earlier ones are controls. We have begun analysis of the exit exam data 
from the first of our several school districts for our analysis of the effects of the California requirement that 

students pass the CAHSEE.  
Our analyses will use official administrative data 

from one southern-California district to estimate the 
distributional effects of high stakes exit exam 
implementation. Preliminary analyses, reported 
below, focus on the effects of policy implementation 
on CAHSEE math test scores. Future analyses will 
use district enrollment and graduation data to 
estimate CAHSEE effects on student odds of 
graduating from one of the district’s high schools. 
(Unfortunately, our administrative data do not allow 
us to distinguish between high school dropout and 
students who moved to another district.) In addition 
we will analyze policy effects on the distribution of 
student test scores on relatively low-stakes California 
Standards Tests and district-level tests. 

We have calculated quantile treatment effects 
(QTE) estimates of the effect of being in a cohort 
required to pass the CAHSEE to graduate (treatment 

group) compared to being in a cohort for whom the test was low stakes (passing the exam was not required to 
graduate, control group). Figure C.3 above presents the estimated QTE for various points in the scaled 
mathematics CAHSEE score distribution along with point wise 90% confidence intervals. We find a suggestion 
that the exam has lead to a statistically significant increase in scores at the bottom of the distribution of math 
tests, but little or no effect at the top of the score distribution. We have also estimated QTE for several 
subgroups of students by race and ethnicity (Hispanics, Vietnamese, Whites, and others). While all of these 

Figure C.3 QTE estimates of CAHSEE effects on math 
scores 

Figure C.2 Changes in changes estimate of effect of 
Algebra enrollment on personal mastery approach goals 
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QTE within subgroups show something similar (mostly positive effects, larger in the middle of the 
distribution), there are some interesting differences as well. For example, all of the QTE for Hispanics are 
statistically significantly different from zero, while for both Whites and Vietnamese, those at the very top of the 
distribution are negative and significant. Other measures of interest and sample characteristics for this data are 
presented in panel 4 of Table C-1. Future analyses will also consider whether the distributional effects of 
CAHSEE vary between the district’s 7 high schools, which might occur if schools with many students at risk of 
failing the exam adopted more aggressive test preparation programs. 
C.3.i Progress on Specific Aim 5 

Aim 5 is focused on outreach. One important component of our outreach will be presenting our work 
within the Network, and importantly outside the Network. We plan to present this work extensively at venues 
such as the annual meetings of SREE, AERA, ASA, AEA, PAA, and APPAM. We also plan to write up at least 
one and likely several methodological papers to illustrate these methods. One will lay out the application of 
QTE and the tests about subgroups for educationally-oriented audiences. The other will illustrate the 
application of these methods in a non-randomized setting. We will also make available Stata code and post web 
tutorials for each of the estimators we plan to use.  

We have already completed some amount of work on dissemination of these methods. Bitler presented 
existing work with Hoynes on quantile regression and subgroup analysis at an interdisciplinary conference for 
government researchers on subgroup effects in Fall 2009. The project team presented our preliminary findings 
using the quasi-experimental exit exam variation of specific aim 4 to look at the effects of exit exams on the 
distribution of exit exam and other scores at the 2010 Society for Research on Educational Effectiveness. 
C.3.j Interdependence with the Core and Other Subprojects 

This project brings new methodological tools to bear on the questions of child/policy fit that motivate the 
Irvine Network on Interventions in Development. Traditionally, researchers have investigated issues related to 
child/policy fit by estimating mean effect sizes for theoretically interesting population subgroups or estimating 
linear interaction terms. Projects I, II, and IV propose to undertake many analyses of this sort. We approach 
these questions somewhat differently, estimating the effects of interventions on the distribution of continuous 
outcomes, or the distribution of underlying latent probabilities for dichotomous measures. We believe that 
these distributional methods are potentially useful for each of the Network’s subprojects. In particular, we will 
have two contributions. First, we will disseminate our QTE and other distributional methods within the 
Network. Second, we will use our methods for assessing the ability of subgroup means to capture overall 
heterogeneity to test whether the subgroup means analyses substantially capture the important variations in 
outcomes across the distribution. This will particularly useful for Project I where we share a common dataset. 
We plan to collaborate with Project I on a paper comparing the results of distributional analyses with the 
results of more traditional group-based and interaction analyses, as discussed above in C.3.e. While the 
methods may not be directly applicable to the current work planned in Projects I, II, and IV, it will inform 
future work, and perhaps be useful in designing future interventions. 

Furthermore, the Network provides us with an interdisciplinary setting in which to develop new 
hypotheses for distributional analysis and refine our analytical techniques. We will utilize the Network’s Linux 
computing facilities and secure data environment in each stage of the project. In order to make the 
distributional tools more broadly available, we will post software and tutorials on the Network’s website. These 
computing resources will be particularly important as we begin to develop and disseminate distributional 
analysis software for Stata users. More broadly, we expect to benefit from the expertise of the other members of 
the team in conducting and refining our analysis and in drawing conclusions about our findings. Our project is 
particularly interdependent with Project I: By writing a paper comparing the results of our distributional 
analyses with the results of the Project I’s analyses of differential mean effects, we will gain new insights into 
the advantages and disadvantages of our approach relative to more traditional subgroup-based differential 
effects analyses. In addition, we will benefit from the subject-matter expertise of Duncan, Farkas, and Vandell 
in understanding our findings in this project. Burchinal has agreed spend 2 days a project year to help guide us 
in performing Aim 1. Similarly, we will draw upon the Network’s advisory committee for both methodological 
and subject matter expertise. We anticipate that Smith’s expertise in the estimation of heterogeneous program 
impacts will help us realize each of our aims. We will turn to Reardon and Bolt for advice regarding 
psychometrics and the properties of test distributions. Reardon and Loeb will help us deepen our 
understanding of the interventions we are evaluating and the contexts in which they operate. 
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E. PROTECTION OF HUMAN SUBJECTS 
We are planning to use 4 separate datasets: the Head Start Impact Study (HSIS), the School Choice 

Scholarships Program Evaluation (SCSPE), the California Motivation Project-Math (CAMP-Math), and 
administrative data from several school districts on high school students. The second (School Choice 
Scholarships Program Evaluation data for specific aim 2), third (CAMP-Math), and fourth of the datasets (the 
school administrative data for specific aim 4) will only be analyzed as secondary data. The first dataset is as yet 
unavailable publicly although promised soon from NCES. Previous experience with NCES suggests it will also 
be secondary data.  
E.1 Protection of Human Subjects in the Head Start Impact Study 
E.1.a Risks to Human Subjects 

E.1.a.1 Human subjects involvement, characteristics, and design. The first dataset we propose to use is the 
Head Start Impact Study (HSIS) public use data, which is not yet available, but will be available for secondary 
analyses as a public use dataset. Based on information from the public first year report, the participants for this 
study are the 4,667 participants in the HSIS. This study is a randomized control trial of the effects of Head 
Start on outcomes for children aged 3 or 4 who applied to participate in Head Start. The goal was to get 
nationally representative measures of the effects of Head Start. First, centers were randomly selected to be in 
the study, selected to be nationally representative of centers with waiting lists. This led to a sample of 84 
nationally representative grantees/delegate agencies with waiting lists. Then, children from the selected 
centers who were on the waiting lists were randomized into one of two arms in the study, the treatment group 
who got into the Head Start program for which they were on the waiting list, and the control group, who did 
not and could obtain non Head Start services in their community. Head Start is a federal grant program which 
makes direct grants to Head Start centers. Children are eligible if they are low income (under poverty) or public 
assistance recipients. As a result, the participants in the HSIS are representative of the population of 3 and 4 
year old children who applied for the first time to Head Start at centers where there were waiting lists, and 
where the Head Start program was not migrant/tribal or Early Head Start only. The eventual sample consisted 
of 4,667 3 and 4 year olds in the 2002–2003 school year, with 2783 treatment group members and 1884 
control group members. The study purposely oversampled the treatment group because this increased the 
number of centers which could be included (centers which would have space for more children could be 
included). Because of the goal of the study, the data are only representative of children who apply to Head 
Start. Thus, high income children and other children who may not apply to Head Start are not eligible for 
inclusion. We will use data on all children available in the public use dataset.  

E.1.a.2 Sources of materials. The HSIS data were collected by Westat with the help of subcontractors. We 
will be performing secondary analyses of previously collected data, and thus will not be in possession of any 
materials other than the public use dataset provided. Demographic, socioeconomic, cognitive, achievement, 
and behavioral information will be included in the data, from direct child assessments, parental reports, and 
teacher reports. All will be linked with a unique subject identifier only connected to personally identifiable 
information by the contractors. None of this information will be available to us, and as far as we know, no 
geographic identifiers below the state level will be available to us. However, as the HSIS data are not yet 
publicly available, there is some possibility that these data might contain more precise geographic identifiers. 
As such, we plan to analyze the data as outlined below. 

E.1.a.3 Potential risks. The issues of informed consent and risk to the participants were dealt with by 
Westat during the original data collection. All parents were informed at the time of recruitment that a study 
was going to be conducted that might affect who received Head Start, especially for the control group children. 
We are only proposing to use secondary data here. Thus, the major risk associated with these secondary 
analyses of the HSIS described in the current proposal Aim 1 involves data security and threats to subject 
confidentiality associated with deductive disclosure of respondent identity. 
E.1.b Adequacy of Protection Against Risks 

E.1.b.1 Recruitment and informed consent. We will have no contact with research subjects and will play no 
role in recruitment or consent. 

E.1.b.2 Protections against risk. No items will be released in the public use HSIS data that would allow 
identification of specific families. Thus, geographic data below the state level and other sensitive data will be 
removed from the data. The public use data have been stripped of names and addresses and will only be 
identified according to subject ID numbers. We will have no access to the data linking these IDs to individuals. 
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In addition, the following data protection protocol will be followed stringently by our team of investigators and 
research assistants. 

(1) All the data will be analyzed only on LINUX-based accounts with carefully protected accounts and 
passwords. 
(2) Analyses will be conducted at an aggregate level rather than at a level of detail that would allow 
identification of individual subjects. 

E.1.c Potential Benefits of the Proposed Research to Human Subjects and Others 
There will be no direct immediate benefits to participants of this research. However, the knowledge gained 

from this study has the potential to contribute to policy about expanding Head Start and changing the goals of 
the program. The potential benefit, while distant, outweighs the minimal risks associated with the conduct of 
secondary data analysis of the HSIS. 
E.1.d Importance of the Knowledge to be Gained 

The potential knowledge gained by this study is great, given the fact that it will use the first large scale 
nationally representative random assignment study of Head Start. Not only were the participants randomly 
assigned, but also the sites themselves were randomly assigned. Our analysis of effects across the distribution 
will add to our understanding of which parts of the achievement or socio-behavioral distributions gain from 
Head Start. Our analysis of whether subgroups predicted to identify groups that would differentially respond to 
Head Start captures the heterogeneity in the effects across the distribution informs discussion about targeting. 
These findings will inform how Head Start impacts are valued and will help disseminate these distributional 
methods to interested researchers in education. 
E.2 Protection of Human Subjects in the School Choice Scholarships Program Evaluation 
E.2.a Risks to Human Subjects 

E.2.a.1 Human subjects involvement, characteristics, and design. The second dataset we use is the New 
York City School Choice Scholarships Program (NYCSCSP) restricted-use data. These data were collected by 
Mathematica Policy Research, Inc. for the purpose of evaluating the effects of the Scholarships program. The 
data were collected as part of a randomized control trial evaluating the effect of offering vouchers to attend 
private school worth $1400 to low income children in grades K–4 in New York City schools in 1997. The 2080 
participants with outcome data were selected from a list of 10,000 eligible applicants (children had to be 
income eligible for the School Lunch program and be attending a public school). Students at schools with 
scores below the city median were given a higher number of slots, but weights were created to make data 
generalizable to all eligible applicants. As a result, the participants in the NYCSCSP are representative of the 
population of school lunch eligible children attending public schools in New York City in 1997 who wanted a 
voucher. Because of the goal of the study, the data are only representative of children who applied for vouchers, 
were in grades K–4, and were school lunch eligible in New York City public schools. Thus, high income 
children and other children who are not eligible for School Lunch or not attending public schools or in grades 5 
or above were not eligible for inclusion. We will use data for all of the children for whom data are available in 
the restricted use dataset. 

E.2.a.2 Sources of materials. The NYCSCSP data were collected by Mathematica Policy Research, Inc. We 
are performing secondary analyses of previously collected data, and thus will not be in possession of any 
materials other than the restricted use dataset provided. Demographic, socioeconomic, cognitive, achievement, 
and behavioral data will be included in the data, from direct child assessments, parental reports, and teacher 
reports. All will be linked with a unique subject identifier only connected to personally identifiable information 
by Mathematica. None of this information will be available to us, and as far as we know, no geographic 
identifiers will be available to us beyond city of residence in 1997. 

E.2.a.3 Potential risks. The issues of informed consent and risk to the participants were dealt with by 
Mathematica during the original data collection. We are only proposing to use secondary data here. Thus, the 
major risk associated with these secondary analyses of the NYCSCSP described in the current proposal Aim 2 
involves data security and threats to subject confidentiality associated with deductive disclosure of respondent 
identity. 
E.2.b Adequacy of Protection Against Risks 

E.2.b.1 Recruitment and informed consent. We will have no contact with research subjects and will play no 
role in recruitment or consent. 
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E.2.b.2 Protections against risk. We have obtained access to the restricted use data. No items are in the 
restricted use NYCSCSP data that would allow identification of specific families. Thus, addresses and other 
sensitive data are not present in the data we received. The restricted use data have been stripped of names and 
addresses and will only be identified according to subject ID numbers. We will have no access to the data 
linking these IDs to individuals. In addition, the following data protection protocol will be followed stringently 
by our team of investigators and research assistants. 

(1) The application to Mathematica to obtain the data included a data security plan and a list of 
authorized data users. All authorized users will be required to execute a confidentiality agreement 
supplied by Mathematica when they approve our application to use the data. 
(2) All the data will be analyzed only on a stand alone LINUX machine not connected to the Internet via 
LINUX-based accounts with carefully protected accounts and passwords. The analysis data will be kept 
in a directory that is only accessible to members of the team of authorized data users. The original CD 
will be kept in a locked cabinet. 
(3) Analyses will be conducted at an aggregate level rather than at a level of detail that would allow 
identification of individual subjects. 

E.2.c Potential Benefits of the Proposed Research to Human Subjects and Others 
There will be no direct immediate benefits to participants of this research. However, the knowledge gained 

from this study has the potential to contribute to policy about expanding school choice via vouchers or other 
methods. The potential benefit, while distant, outweighs the minimal risks associated with the conduct of 
secondary data analysis of the SCPSE. 
E.2.d Importance of the Knowledge to be Gained 

The potential knowledge gained by this study is substantial. Our analysis of effects of school vouchers 
across the test score distribution will add to our understanding of which parts of the achievement distribution 
for children seeking to leave public schools gain from vouchers. Our analysis of whether subgroups predicted to 
identify groups that would differentially respond to an offer of a voucher captures the heterogeneity in the 
effects across the distribution informs discussions about targeting. These findings will inform policy debate 
about school choice and will help disseminate these distributional methods to interested researchers in 
education. 
E.3 Protection of Human Subjects in the California Motivation Project-Math 
E.3.a Risks to Human Subjects 

E.3.a.1 Human subjects involvement, characteristics, and design. The third dataset that we propose to use 
is the California Motivation Project-Math (CAMP-Math). We are proposing secondary analysis of existing data 
for the entire CAMP-Math sample (N=13,829). The CAMP-Math database provides detailed assessments of 
student mathematics motivation in the fall and spring of two consecutive school years (2004–5 and 2005–6) 
for 13,829 students in 14 low-income schools (7 middle, 7 high) in 4 large urban school districts. 
Administrative data provide information on children’s test scores both before and after the years in which the 
motivation surveys were administered. It covers grades 7 through 12 with about 500 classrooms at each wave. 
The schools served ethnically (69% Latino; 16% Asian, primarily Vietnamese; and 11% Caucasians) and 
linguistically (40% English learners) diverse learners and a majority of the students were eligible for free or 
reduced lunch. The county from which the sample was drawn has a foreign-born rate of 29.9% (US Census 
Bureau, 2009, based on 2000 census), and the percent of immigrants was even higher in the sample schools. 
Only students present in a math class in the participating schools when the surveys were administered are 
included in the database. No other exclusion criteria exist for inclusion in the CAMP-Math sample. Because 
this was a study of school-age motivation and achievement, it was necessary to include children in the study. 

E.3.a.2 Sources of materials. The existing CAMP-Math dataset includes administrative data provided by 
the school districts, achievement test scores, and four waves of motivation surveys. The version of the data we 
will have access to contains no personal identifiers. 

E.3.a.3 Potential risks. The only risk associated with the analyses of existing data described in this 
proposal involves the potential for a breach of confidentiality. 
E.3.b Adequacy of Protection Against Risks 

E.3.b.1 Recruitment and informed consent. Parental consent for participation in the original CAMP-Math 
project was obtained by participating schools with letters to parents in English, Spanish, and Vietnamese. 
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E.3.b.2 Protections against risk. For secondary analysis of existing data, we will protect against risk by 
adhering to a strict data security plan. Access to the data by our investigators and research assistants will 
require completion of human subjects training and certification by UC Irvine’s Institutional Review Board. All 
analytic data files have been stripped of participant names and addresses, and are identified only according to 
subject ID numbers. Participant names and addresses are stored apart from motivation and achievement 
records and are not available to us.  

The following data protection protocol will be followed stringently by our team of investigators and 
research assistants in using the analytic files (which have been stripped of the confidential information). 

(1) As noted above, we will require investigators and research assistants to complete human subjects 
training and certification.  
(2) All the data will be analyzed only on LINUX-based accounts with carefully protected accounts and 
passwords. The data will be kept in a directory that is only accessible to members of the team of 
authorized data users. 
(3) Analyses will be conducted at an aggregate level rather than at a level of detail that would allow 
identification of individual subjects. 

E.3.c Potential Benefits of the Proposed Research to Human Subjects and Others 
In the long term, the knowledge gained from this study has the potential to contribute to educational 

policy reforms that may directly benefit the achievement and quality of life of participants. This potential 
benefit, while very distant, outweighs the minimal risk associated with the conduct of the secondary data 
analyses proposed in this study as well as the proposed collection of survey data. 
E.3.d Importance of the Knowledge to be Gained 

This study will contribute to our understanding of the distributional effects of curricular policy on student 
motivation and achievement. These societal benefits are far greater than the minimal risks to subjects noted 
above. and will help disseminate these distributional methods to interested researchers in education. While, as 
noted above, these positive outcomes are quite far in the future, the minimal risk in this project is far 
outweighed by the potential gains to be realized. 
E.4 Inclusion of Women and Minorities 

The HSIS study will include only low income children who apply to Head Start as only these children are 
eligible for Head Start. To the extent that women have children who apply to Head Start, they will be 
represented in the data about parenting and parental assessment of children's sociobehavioral outcomes. 
Because all groups of Head Start children except migrant/American Indian only program applicants or 
applicants to programs where there was no waiting list, the set of children is nationally representative of the set 
of children applying to Head Start. Thus, groups from all race/ethnic minorities will be represented to the 
extent they are in the relevant population of centers, including Whites, Blacks, Hispanics, Asians/Pacific 
Islanders, and others. The goal of the experiment is to assess the effects of Head Start, thus only children of the 
age to be eligible for Head Start and who applied to it are included. Children are followed for several years after 
their applications to Head Start, so our longitudinal data will include children from ages 3 through 6 at least. 

The NYCSCSP study will include only low income children in grades K–4 in public schools in New York 
City in 1997 who applied for vouchers. To the extent that women are the mothers of this set of children, they 
will be represented in the data about parental assessment of schools and satisfaction with the children's 
schools. Because the sample is a subset of low income children in public schools in New York City whose 
parents wanted school vouchers, the set of children in the data are representative of this larger population of 
children. Thus, groups from all race/ethnic minorities were represented but in proportion to their 
representation among the eligible universe. Race/ethnicity is reported based on the race/ethnicity of the 
mother/female guardian in the final report (Puma et al., 2005). Thus, the bulk of the mothers/female 
guardians were black, Puerto Ricans, and other non-Puerto Rican Hispanics. Since the goal of the experiment 
was to study the effects of school choice for these children in grades K–4, only children of the age range 
enrolled in those grades are included. There are 3 years of follow up data on the children, so our longitudinal 
data will include children from ages about 5–9. 

The CAMP-Math data we will use for Aim 3 will include all children enrolled in 8th grade between 2002 
and 2008 in CAMP-Math schools. These include schools from three districts. Since these are data on children 
only, women are excluded. To the extent that these children differ from all children, this will be reflected in our 
sample. These schools are disproportionately low income, and the students are disproportionately Hispanic 
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and Vietnamese. But this reflects the public school enrollment in this area among schools who participated in 
the Camp-Math data. Children from all minority groups are included according to their representation in the 
CAMP-Math Schools.  

The administrative data we will use for Aim 4 will include all children in the schools in our sample (which 
come from three districts) who were eligible to take the CAHSEE exit exam in academic years 2003–04, 2004–
05, and 2005–06. Since they are data only on children, women are excluded. Children of all minority groups 
are included to the extent they are represented in these districts. 
E.5 Targeted/Planned Enrollment Tables 

Targeted/planned enrollment tables for the data we will use are appended to this research plan. 
E.6 Inclusion of Children 

The HSIS study is a study of the effects of Head Start enrollment on children aged 3 or 4 at first Head Start 
application. Thus, data are included for a nationally representative children applying to Head Start in areas 
where there is excess demand. Head Start eligibility is conditioned on being low income or a public assistance 
recipient, so the data includes only such children. Children of all races and ethnicities are included to the extent 
that they are in the sample universe. Since Head Start is only for children aged 3 and 4, data are included for 
children entering Head Start at ages 3 or 4, and following these children through 1st grade. 

The NYCSCSP study is a study of the effects of an offer of school vouchers on School Lunch eligible 
children in New York City schools in grades K–4 applying to get vouchers on achievement and other outcomes. 
Thus, data are included for a representative sample of the set of children in this universe. To the extent that 
this universe differs from the full sample of children in grades K–4 nationally, the samples will differ. Children 
were followed for 3 years, so children from the age groups to be in grades K–7 will be represented in our data. 

The CAMP-Math data we will use for Aim 3 will include all children enrolled in 8th grade between 2002 
and 2008 in CAMP-Math schools. These include schools from three districts. To the extent that these children 
differ from all children, this will be reflected in our sample. These schools are disproportionately low income, 
and the students are disproportionately Hispanic and Vietnamese. But this reflects the public school 
enrollment in this area among schools who participated in the Camp-Math data. Children from all minority 
groups are included according to their representation in the CAMP-Math Schools. Since our goal is to examine 
the effects of being encouraged to take Algebra 1 in 8th grade on 8th grade motivation and achievement and later 
academic outcomes, we only include data for 8th graders (and data for these same children later on).  

The administrative data we will use for Aim 4 will include all children in the schools in our sample (which 
come from three districts) who were eligible to take the CAHSEE exit exam in academic years 2003–04, 2004–
05, and 2005–06. Children from all minority groups are included according to their representation in the 
schools from three districts in our sample. Since our goal is to look at the effects of exit exams on achievement 
and later outcomes, we only include data for 10th graders (and data for these same children later on). 
F. VERTEBRATE ANIMALS 

Not applicable 
G. SELECT AGENT RESEARCH 

Not applicable 
H. INVESTIGATORS 

Marianne Bitler, Associate Professor in the Department of Economics at the University of California, 
Irvine (UCI), is the PI of this subproject. Of particular relevance for this subproject is Bitler’s expertise in 
program evaluation and the use of explicitly distributional methods for looking at the effects of interventions. 
Bitler’s research focuses on the effects of social insurance programs on disadvantaged populations and on the 
economics of the family. Together with Hilary Hoynes and Jonah Gelbach, Bitler has had a long and productive 
collaboration on the topic of recent welfare reforms. Recently, Bitler, Gelbach and Hoynes have pushed their 
work on welfare beyond the mean treatment effects to look at effects across the full distribution of outcomes. 
Based on this expertise in program evaluation, Bitler was invited to present a lecture about Subgroups and 
Quantile Treatment Effects at a September 2009 meeting on Subgroup Analysis in Prevention and Intervention 
Research, sponsored by the Office of Planning, Research and Evaluation in the Department of Health and 
Human Services’ Administration for Children and Families in partnership with the Office of the Assistant 
Secretary for Planning and Evaluation, the Centers for Disease Control, the National Institute on Drug Abuse, 
the National Institute on Mental Health and the Department of Education’s Institute of Education Sciences. 
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Two papers have come out of Bitler’s work using distributional methods to examine the effects of welfare 
reforms (Bitler, Gelbach, & Hoynes 2006b, 2008). The papers show that looking at distributions, rather than 
calculating means or means within particular subgroups, provides a better understanding of treatment 
heterogeneity. Using experimental data from two welfare reform experiments, they examine the effects of these 
reforms across the distribution of income, earnings, and transfers. In both settings, there were predictions that 
individuals should be differentially affected by the reforms depending on their likely outcomes in the absence 
of reform. For example, the first experiment implemented in Connecticut allowed women in the treatment 
group to keep all earnings while on welfare until they reach the poverty limit, while the control group faced the 
usual AFDC policy of a 100% tax rate on earnings. Economic theory gives clear predictions that some women 
with relatively high hours/earnings under AFDC assignment should be likely to reduce hours and earnings 
under assignment to the treatment group, while some women with zero hours of work under AFDC assignment 
should increase their hours of work if assigned to the treatment group. This leads to a prediction that some 
parts of the counterfactual earnings distribution under AFDC would gain and some would lose under treatment 
group assignment, leading to a possibly small mean effect which obscured large effects at different points in the 
distribution. In both studies, quantile treatment effects showed effects that were zero at the bottom of the 
earnings distribution, then positive and then zero or negative at the top, consistent with the theoretical 
predictions. In a recent working paper, Bitler, Gelbach and Hoynes developed ways to test whether this kind of 
heterogeneity can be explained simply by different mean effects within subgroup (Bitler, Gelbach, & Hoynes, 
2010). Together with other project investigators, Bitler and Hoynes plan to bring these methods to bear on 
educational data, where much of the existing work fails to consider effects on distributions and considers 
treatment effect heterogeneity only in the context of estimating means within subgroups such as the set of 
students with high or low test scores before an intervention. 

AnneMarie Conley is Assistant Professor in the Department of Education, UCI. Her subject-matter 
expertise in motivation, especially with regard to achievement goal theory is particularly relevant to this 
subproject (Conley 2007; Pintrich, Conley & Kempler 2003). Conley is trained as an educational and 
developmental psychologist, with a focus on motivation and its influence on achievement during the middle 
and high school years. Conley designed and directed the California Motivation Project (CAMP-Math). The 
multiple waves of motivation data from 14,000 CAMP students will support Aim 3 of this project, and her 
relationship with the school districts has enabled access to the data to be used in Aim 4 and used below for 
preliminary studies. She is also co-PI on a new $2 million grant from the National Science Foundation (NSF) 
with the school districts whose data we will use in Aims 3 and 4. Her responsibility for data analysis on the NSF 
grant is a synergistic activity that will maximize the student-level data available now and in the future for 
distributional analysis of exit exam (Aim 4) and Algebra course-taking (Aim 3) data.  

Thurston Domina is Assistant Professor in the Department of Education, UCI. Domina brings broad 
educational policy expertise to this project, as well as methodological strengths related to the quasi-
experimental estimation of program effects. His research interests span the preschool-to-higher education 
continuum, focusing on the ways in which policy effects differ across racial and socio-economic subgroups. He 
has studied elementary school parental involvement initiatives (Domina 2005); educational outreach and 
information programs for high school students (Domina 2007; Domina 2009); standards and accountability 
policies designed to raise the academic intensity of high school student coursework (Attewell & Domina 2008; 
Domina 2007); affirmative action and other programs related to college admissions (Alon, Domina, & Tienda 
2010; Domina 2007); and remedial education programs for college students (Attewell, Lavin, Domina, & Levey 
2006).  

Hilary Hoynes is a Professor in the Department of Economics at the University of California, Davis; co-
editor of the American Economic Journal: Economic Policy; research associate of the National Bureau of 
Economic Research; and senior research affiliate of the National Poverty Center at the University of Michigan. 
Hoynes specializes in low-wage labor markets and the study of tax and transfer programs for poor families. Her 
work looks at the effects of tax and transfer programs on labor supply, family formation, and poverty. Her 
published work on U.S. cash welfare programs includes Hoynes (1996), on the effect of welfare for two-parent 
families on labor supply and welfare participation; Hoynes (1997) on the effect of welfare on the probability of 
being a female head of household; and Hoynes (2000), on the effect of local labor markets on welfare 
participation. She is an expert on the effects of the Earned Income Tax Credit and has published several papers 
about the effects of the EITC on the extensive and intensive margins of labor supply (Eissa & Hoynes 2004, 
2006a, 2006b, forthcoming). She has a comprehensive research program on the economic and health benefits 
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of the food stamp program (e.g., Hoynes & Schanzenbach 2009; Almond, Hoynes, & Schanzenbach 
forthcoming). Hoynes’ experience with NIH includes being on a review panel for demography center grants 
and giving a talk on “Income Support Policies and Disparities in Health” at the Fall 2006 NIH Conference on 
Understanding and Reducing Disparities in Health as well as receipt of R01 funding.  

Andrew Penner is Assistant Professor of Sociology, UCI. Of importance for this project, Penner’s 
research seeks to bring a distributional perspective to education research, and focuses on gender differences in 
mathematics achievement. He has used quantile regression to examine how gender differences in mathematics 
achievement among secondary students vary across the distribution in 22 countries, documenting that patterns 
of gender differences in mathematics achievement vary widely across countries (Penner 2008). He has also 
used these methods to investigate the emergence of gender differences in the mathematics achievement of 
elementary school students in the United States, showing that gender differences at the top of the distribution 
exist even in the fall of kindergarten (Penner & Paret 2008).  

Margaret Burchinal is a Professor in the Department of Education at the University of California, 
Irvine. Prior to joining the Irvine faculty in 2007, Burchinal was a Senior Scientist and Director of the Data 
Management and Analysis Unit at the Frank Porter Graham Child Development Institute and Research 
Professor of Psychology at the University of North Carolina at Chapel Hill. Burchinal is an applied statistician 
with broad experience on developmental projects, especially in child care research. Burchinal is a prolific 
researcher, with a large body of work showing the importance of quality child care in reducing race and 
economic gaps at school entry. As an applied methodologist, she has helped to bring many techniques into use 
in by developmental and educational researchers. Her expertise in these topics and experience as a member of 
the Advisory Board for the National Head Start Impact Study will enable her to provide expert advice about 
developmental theory and measurement to be used in Aim 1. 
I. CONSORTIUM/CONTRACTUAL ARRANGEMENTS 

The bulk of the key personnel on our subproject (Bitler, Burchinal, Conley, Domina, and Penner) are 
faculty at UCI. Thus, we will have an easy time meeting and coordinating our research, and will have frequent 
additional interactions as part of the Network interactions. Co-Investigator Hilary Hoynes has worked 
productively in the past with Bitler. She will perform any data analysis via accounts on the LINUX servers 
supplied by the Network. She has budgeted one trip per year to UCI to coordinate issues that cannot be worked 
out on the phone. Bitler and Hoynes interact frequently at professional conferences as well.  
J. LETTERS OF SUPPORT 

A letter of collaboration from Co-Investigator Hilary Hoynes is appended to this research plan. 
K. RESOURCE SHARING PLAN 

Our program project will analyze a number of datasets and will use some data (CAMP-Math) previously 
collected by AnneMarie Conley, a co-Investigator on this project. The data used for Aim 1, the HSIS data, will 
be public use data available from NCES shortly. The data used for Aim 2, the NYCSCPC data, is available upon 
completion of an application process to Mathematica Policy Research, Inc. The data used for Aim 3 (CAMP-
Math) are discussed below. Aim 4 of our project will involve analysis of secondary data (administrative data) 
provided by three school districts. Aggregate school level data are available at the State of California’s 
Department of Education website. The districts in question have policies for use of their individual-level data. 

Aim 3 uses an existing database (CAMP-Math). To enable outside researchers to access these data, we 
intend to negotiate an agreement with the University of Michigan’s ICPSR that would release these data under 
special contractual conditions. These conditions are consistent with ICPSR’s suggested protocols and include: 
i) investigators must be affiliated with an institution of higher education, a research organization, or a 
government agency; ii) investigator must submit curriculum vitae; detailed information on how restricted data 
will be stored, i.e. location of computers where data will be stored, who will have access to them, and how it will 
be ascertained that access is limited; an agreement to abide by the limitation that the data will be used solely 
for research, and that no attempt will be made to identify specific individuals, families, households, schools, or 
institutions will be made (the CAMP-Math data that are released do not contain names of respondents); iii) a 
requirement that, if the identity of any person, family, or household should be discovered inadvertently, then 
(a) no use will be made of this knowledge; (b) ICPSR will be advised of the incident on a timely basis; (c) the 
information that would identify the person, family, or household will be safeguarded or destroyed as requested 
by ICPSR; and (d) no one else will be informed of the discovered identity; iv) that data published or in any 
other way released should never permit a determination of the identity of any individual either alone or when 
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used in combination with other known data; v) that no attempt will be made to link this restricted data with 
any other dataset, including other datasets provided by ICPSR, unless specifically identified in the approved 
IRB proposal and specifically approved in writing by ICPSR. Moreover, we will require that investigators 
submit annual IRB renewal approvals to ICPSR. 


