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ABSTRACT OF THE DISSERTATION 
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by 
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Doctor of Philosophy in Education 

University of California, Irvine, 2021 
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Test score differences between similar students in higher and lower average poverty 

schools has led advocates to call for economic integration of U.S. schools, theorizing this as a 

constitutional way to close achievement gaps. However, changing the schooling context of 

students is likely to lead to frog-pond effects, whereby similar students are judged relative to 

different peer groups and given different grades for the same levels of performance. Using a 

nationally representative sample of U.S. high school students, I examine the differences in tested 

achievement and relative grade point averages of similar students in different school poverty 

contexts and how these mediate the relationship between school poverty and college 

applications. I find that while test scores tend to increase for students in lower poverty contexts 

which is predictive of applying to more selective colleges, being in a lower poverty school 

decreases one’s relative standing which has a suppressing effect on the selectivity of colleges to 

which students apply. Relevance to policy is discussed in light of these findings.  
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INTRODUCTION 

 
Economic segregation in the United States has led to K-12 public schools which are also 

economically segregated (Reardon, 2011). This has implications for students, as rates of 

educational attainment (completed years of schooling) are typically lower for students in lower-

income schools, a process that includes whether high school students apply for post-secondary 

schooling and the colleges they apply to (McDonough, 1997; Palardy, 2013; National Student 

Clearinghouse, 2017; Eagan et al, 2015). Advocates for policies that would increase the 

economic integration of K-12 schools assert that it would narrow achievement gaps, leading to 

higher levels of educational attainment among students from low-income families (Kahlenberg, 

2001; 2007; Quick, 2016). It is not clear, however, that such integration would have unilaterally 

positive results on student outcomes. Investigating this question is a central goal of this study.  

Research has found a mix of positive and negative effects of lower school poverty on 

student outcomes (Jennings, Deming, Jencks, Lopuch & Schueler, 2015) and suggests that these 

influences are both simultaneous and countervailing. On one hand, achievement (measured by 

test scores) in lower-poverty schools may increase from exposure to normative environments 

created by high-achieving peer groups (Hanushek, Kain, Markman & Rivkin, 2003; Goldsmith, 

2010; Sacerdote, 2011; 2014). On the other, studies suggest that teachers assign grades to 

students relative to their peers, so that the presence of higher-achieving peers likely has a 

negative impact on grades or class standing (Farkas, Sheehan & Grobe, 1990; Kelly, 2008; 

Martinez, Stecher & Borko, 2009). This paper examines these opposing forces in the context of 

school poverty and its relationship to college applications through the following research 

questions: 
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1) Do differences in school poverty rates predict significant differences in tested 

achievement and grade point average relative to peers for otherwise similar students? 

2) Do differences in school poverty rates predict differences in applying to college, as 

well as in first choice college applications for otherwise similar students? 

3) In what ways do any effects in (1) mediate the effect of (2)? 

Applying to college is the first step in college enrollment, but this is also likely shaped by 

the high school students attend (McDonough, 1997; Hoxby & Avery, 2012; Robinson & Roksa, 

2016). As Figure 1a and the literature in this review indicate, high school context may improve 

test scores while also decreasing class standing. It is important to examine college application 

behaviors as they reveal students’ own preferences and expectations. Application data are, 

generally, free of some selection issues associated with college enrollment and attendance data, 

for instance, college enrollment is contingent on the third-party action of an admissions offer. 

Moreover, college applications are more proximal to the students and the schools they attend and 

are well-suited to study school effects. 

SCHOOL POVERTY CONTEXTS 

School Poverty Contexts 

 K-12 schools, in general, and public schools specifically are microcosms of the 

characteristics of the students who attend them and can reflect many of the issues students face 

both in and out of school. To that end, researchers often focus their attention on the poverty1 

 
1 The definition and operationalization of the word “poverty” is often debated among educational researchers, 

economists, and sociologists—what does it mean to be in poverty or to be impoverished, both in absolute and 

relative terms. In many papers (many cited here) researchers use family income or composites of socioeconomic 

status to demarcate who families and students and schools are economically stratified, with no one single measure 

being the industry standard. In this paper, I intentionally use the term “poverty context” or “poverty” as a single 

entity to subsume the various ways that stratification is operationalized to show that the broader concepts of 

stratification and poverty are powerful means by which we understand student outcomes, irrespective of the specific 

measures. 
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contexts of schools as a way to examine the relationship between aggregated conditions and 

student outcomes. Some researchers have utilized measures of neighborhood poverty to describe 

the relationships between disadvantage and educational outcomes (see for example: Alexander, 

Entwistle & Olson, 2014) to great effect. Where neighborhood data are available, these studies 

tend to be smaller scale in size, focusing on single or a handful of cities or a small sample of 

neighborhoods within a city. On the other hand, there is a wealth of large, nationally 

representative data sets which researchers use to produce studies with more broadly 

generalizable findings. In these sets, data are often collected at the school level to describe the 

poverty context of the school in general.  

  Poverty contexts are an important aspect of educational research which shed light on the 

ecological conditions in which students live and go to school. However, there are no 

standardized, universal measures of poverty contexts in the literature. Some studies may link 

census income data at the neighborhood level to describe the overall poverty of neighborhoods in 

which students live (Alexander, 2014). Neighborhood data may be useful as the vast majority of 

students attend schools they are zoned for (Saporito & Sohoni, 2007) however, as noted before, 

these data may not be available for researchers using large data sets. Researchers using 

nationally representative data sets often rely on composites of various factors to describe poverty 

contexts as the socioeconomic context (SEC) or SES (for example: Rumberger & Palardy, 2005; 

Palardy, 2013; 2015). These composites include traditional measures of SES such as, parental 

income and parental education level. However, since these measures are gleaned from survey 

respondents, it is possible that they may not reflect the larger poverty context of the schools in 

general.  
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To alleviate some of the issues raised by other measures of poverty context, researchers 

often use the percent of students who qualify to receive free/reduced price lunch (FRL) through 

the National School Lunch Program. This measure is certified by the schools annually in 

statutory reporting requirements and nominally reflects the poverty context of a school’s student 

body in the aggregate. Questions have been raised about the use of FRL as a measure of poverty 

context, in particular that the FRL program relies heavily on self-reports of eligibility and may 

not reflect variations in income within a school (Harwell & LeBeau, 2010). However, research 

shows that, while there are shortcomings in using FRL as a measure of poverty context, FRL 

may capture portions of educational disadvantage the income as a sole measure of poverty 

context may miss (Domina, et al., 2018). To this end another study of FRL as a measure of 

poverty context which utilized a nationally representative sample of schools and census data 

showed that FRL is highly correlated with measures of neighborhood conditions, such as percent 

of families in poverty and neighborhood disorder (Nicholson, Slater, Chriqui & Choloupka, 

2014). Moreover, the percent of students in a school who receive free or reduced-price lunches 

has been traditionally used by other federal agencies to determine the amount of money allocated 

for special programs which makes FRL not just a measure linking schools to neighborhoods, but 

also policy relevant.  

Because of the myriad ways researchers operationalize or measure the poverty context of 

students and schools in their analyses, the language is also varied. Some researchers use 

socioeconomic status or socioeconomic context as a catchall term for individual or composite 

measures of poverty context without regard to the historical meaning or measure of SES (Sirin, 

2005), while others use income as their measure, choosing to refer to schools as high or low-

income schools. However measured, the research seems clear that schools with more poverty 
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produce worse outcomes for students and those with less produce better outcomes. For the sake 

of convenience and interpretation, this paper will refer to a school’s “poverty context” as the 

chosen aggregated measure of poverty context specific to each paper referenced in order to 

further illustrate that poverty context plays a large role in the conditions students learn in and the 

outcomes that schools produce. As a matter of translation, I refer to schools as being “higher” or 

“lower” in poverty to illustrate schools where students are “lower” or “higher” in income or SES, 

on average, or, where applicable, more or fewer students qualify for or receive free/reduced-

priced lunches. In particular, this paper focuses on how poverty context is associated with the 

choice to apply to college and to which colleges students choose to apply. 

School Poverty Context and College Attendance 

Nationally, students who attend schools where greater than 50% of the students are low-

income attend college directly after high school at a rate more than 20 percentage points lower 

than students in schools with less than 50% of students in poverty (National Student 

Clearinghouse, 2017). In addition, studies indicate that students from lower poverty contexts are 

more likely to attend four-year colleges than they are to attend two-year colleges, linking the 

level of college attendance to school poverty as well (Engberg & Wolniak, 2010; Palardy, 2013). 

These studies indicate that beyond the influence of family income, the average income of 

families in the schools which student attend also influences educational outcomes.  

 Colleges are further distinguished by the selectivity of each institution—the proportion of 

applicants who are admitted in each year’s freshman class (Indiana University Center for 

Postsecondary Research, 2020). Here, again, research has shown that there is a disparity between 

college applications from higher and lower poverty high schools. School poverty context is 

predictive of more selective college enrollment at all levels (Klugman & Lee, 2018). That is, as 
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school average socioeconomic status increases, on average, students are significantly more likely 

to attend increasingly more-selective post-secondary institutions. As mentioned previously, this 

is also likely to have an impact on the society-wide level of socioeconomic inequality as 

attending more selective colleges and universities is positively associated with earnings, 

particularly for Black and low-income students (Dale & Krueger, 2002; Zhang, 2005). 

A Solution to School Poverty Issues? 

 Of course, the role that school poverty contexts play in student outcomes is hardly 

unknown. Several authors, such as Jonathan Kozol (2012) and Charles Payne (2008) have 

documented the conditions of high-poverty context schools in the inner-cities of major 

metropolitan areas. High-poverty schools are more likely to have newer and less experienced 

teachers (Clotfelter, Ladd, Vigdor & Wheeler, 2007) and have fewer resources dedicated to 

pushing students toward college (Klugman & Lee, 2018).  

Advocates for educational equity have looked toward economic integration of schools as 

to level the educational playing field. The Supreme Court’s Decision in Parents Involved in 

Community Schools v. Seattle School District No. 1, 551 U.S. 701 (2007) determined that 

racially based school zoning strategies violated the U.S. Constitution’s 14th Amendment’s “equal 

protection clause.” However, districts could still use economic indicators, such as neighborhood 

income, as a basis for zoning schools which advocacy groups hope would lead to more racial 

integration in schools and improved educational outcomes for traditionally underserved students.  

In general, these types of policies have been rather successful in increasing tested 

achievement of students who come from high-poverty contexts without sacrificing the 

achievement of students who come from lower-poverty contexts (Angrist & Lang, 2003; 

Kahlenberg, 2007, McMillian, Fuller, Hill, Duch & Darity Jr., 2018). Researchers hypothesize 
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that this is in part due to peer effects wherein the composition of peers within a group influences 

levels of individual performance (Hanushek, et al., 2003; Sacerdote, 2011). The mechanism 

through which peer groups affect individual performance is quite difficult to define. Do high-

achieving peers help/tutor lower-performers and bring them up? Do high-achieving peers allow 

for teachers to teach at an elevated level? These are both examples of peers possibly having 

positive effects (Sacerdote, 2011). On the other hand, Sacerdote (2011) notes that peer effects are 

not singularly positive in nature. If peers in schools are disruptive or behind academically 

leading to interruption in the educational environment, this is also a peer effect.  

Goldsmith (2010) makes note of this and ties literature into so-called “peer effects” to the 

broader idea of the “normative environment” within schools generated by the composition of 

students within a school, in particular, he explicitly connects the average tested achievement of 

the student body to the school’s poverty context which is then predictive of individual survey 

participants’ educational outcomes. Economically integrating schools, by default, creates new 

peer groups for students coming from higher poverty context schools which hypothetically 

would create normative environments that promote high achievement for low-performing 

students. Income conscious school zoning policies leverage the normative environment of higher 

achieving schools to raise the achievement of disadvantaged students; as such, school poverty 

context becomes a proxy for the normative environment. 

However, a new set of peers creates a different effect less often discussed in the 

literature: the frog-pond effect. Frog-pond effects are the change in relative standing in a group 

based on the change in the achievement level of the group. For instance, a student with a 3.0 

GPA has a relatively high GPA in a group whose average GPA is 2.5, but a relatively low GPA 

in a group whose average GPA is 3.5. Research indicates that students who have higher 
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achieving peers tend to have lower GPAs than very similar students in peer groups with lower 

test scores (Farkas, et al., 1990; Kelly, 2008). This change in standing relative to peers is likely 

to have negative future effects on educational outcomes (Goldsmith, 2010; Denning, Murphy & 

Weinhardt, 2019).  

Unfortunately, frog-pond effects are an inescapable function of being in one group versus 

another and, while changing peer groups may increase individual test scores, it is also likely to 

decrease relative standing. These two effects are likely to happen simultaneously and in 

opposition to each other. The big question which should be addressed and is the focus of this 

paper is what the relative magnitude of each effect is; does one outweigh the other or do they 

tend to cancel each other out.  

SCHOOL POVERTY CONTEXT AND TEST SCORES 

School Poverty Context and Test Scores 

 Differences in school poverty contexts are significantly associated with increases in 

academic achievement (Rumberger & Palardy, 2005; Borman & Dowling, 2010). Studies 

indicate that, irrespective of how school poverty contexts are operationalized, on average, 

students in lower poverty contexts have higher standardized test scores than students in high 

poverty contexts (White, 1982; Sirin, 2005; van Ewijk & Sleegers, 2010). However, it is unclear 

to what extent there exists a causal relationship between school poverty contexts and test scores. 

Schools aggregate the characteristics of the students who attend them, including test scores. 

Inasmuch as individual or family poverty is associated with lower academic achievement 

(Duncan, Magnuson, Kalis & Ziol-Guest, 2017), schools with higher concentrations of poorer 

students are also likely to have lower test scores. Some question if the “effect” of school poverty 

on test scores is not simply an artifact of aggregation at the school level (Armor, Marks & 
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Malatinsky, 2018). The majority of studies which show a significant effect of school poverty 

context on student test scores even when they adjust for prior achievement are, generally, cross-

sectional studies which makes it difficult to parse the effect of time-invariant unobserved 

variables which may have an effect on student achievement.  

 Some studies have used longitudinal data to parse the effect of aggregated poverty 

contexts on student test scores. One such study looked at the relationship between poverty at the 

classroom level and student test scores utilizing data from 3rd – 8th grade test scores in North 

Carolina over the course of six academic school years (Lauen & Gaddis, 2013). The use of 

longitudinal test scores and administrative data at the classroom level allowed researchers to 

control for within student variation over time as well as the poverty composition of their 

classrooms over time. The authors used a variety of identification strategies to parse effects 

including OLS regression analyses on cross-sectional data, a growth model on longitudinal data, 

as well as student-fixed effects models. 

 To quickly summarize, in all of their models, Lauen and Gaddis (2013) find statistically 

significant associations between the exposure to school poverty and test scores. However, as 

would be expected, the magnitude of these effects varies across models. Cross-sectional models, 

of test scores within grades show statistically significant differences which increase year over 

year. Given in points on standardized math tests, the authors find a statistically significant 

differences of .877 points in third grade between those in high-poverty classrooms and not, and 

over 2 points difference on average in eighth grade. However, when longitudinal growth models 

are estimated, that difference shrinks to less than half of a point difference, although still 

statistically significant. In their final, student level fixed effect models, the authors find that the 

difference between students exposed to classroom poverty and those not exposed is now less 
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than one-tenth of a point, however still statistically significant. Despite the statistically 

significant results, the authors caution against using the results as the basis of policy decision 

making as the addition of time-invariant controls reduces the relative magnitude of results to 

only marginally significant. However, one of the largest takeaways from their research should be 

that cumulative exposure to classroom level poverty (rather than one-off exposure) seems to be 

particularly harmful to student test scores. 

 Despite their thoroughness, there are still some issues with their research which should be 

examined in greater detail. For instance, by focusing on poverty exposure at the classroom level, 

Lauen and Gaddis (2013) implicitly assert that the main mechanism by which poverty might 

drive test scores is through direct interaction with peers. Measuring poverty at the classroom 

level allows for researchers to adjust for variation within schools between classes, however, this 

does not make much of a difference if your question is whether or not schools with higher and 

lower poverty rates are fundamentally different. In their analysis, they note that 75% of the 

variation in poverty rates is actually between schools, but they give no treatment to how school-

level poverty may affect test scores. Additionally, since individual poverty (or family income) is 

so highly correlated with academic performance and some students may be “tracked” into 

classrooms based on academic performance, it is possible that students are not randomly 

assigned to classrooms. Analyzing poverty at the classroom level introduces a greater possibility 

of confounding when not considering the mechanisms by which students are sorted into classes. 

Finally, data are drawn from one state which brings up the question of the external validity of 

any results from such analyses. 

 Another recent study, however, addresses some of the concerns raised by this previous 

study (Lauen & Gaddis, 2013). Armor and colleagues (2018) use longitudinal administrative data 
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from North Carolina, South Carolina, and Arkansas somewhat increasing the generalizability of 

their analyses and they measure poverty context at the school level rather than through individual 

classrooms. Using test scores from 3rd – 8th grade, this study also uses multiple estimation 

strategies—cross-sectional OLS/multivariate regressions, value-added modeling, student fixed 

effects—to investigate the role that aggregate poverty contexts play in tested achievement.  

Here again, the researchers find that the results are strongly statistically significant in 

cross-sectional models, but that these results are quickly attenuated when more factors 

controlling for time and individual differences are added. Initial multivariate estimates show 

significant standardized effect sizes of less than .1 standard deviation (for each state estimated) 

in test scores given a 1 standard deviation increase in school SES, a measure which varies 

between states. Longitudinal, value-added models indicate that school poverty context is only 

associated with an effect size of .02 or .01 standard deviations although statistically significant. 

However, in all cases except North Carolina, the authors find that school poverty context is an 

insignificant predictor of test scores. 

This study, as the case with Lauen and Gaddis (2013) illustrates the issue with many of 

the studies that attempt to build a causal relationship between school poverty context and test 

scores, in particular, examining this relationship overtime reveals that the relationship may be 

somewhat overstated and simply a product of aggregation. There is, however, one issue with this 

study which should be addressed. Armor and colleagues (2018) are using school SES as their 

independent variable of interest but pay little attention to ensuring that their measure captures 

poverty or SES. In two of their states, their measure of SES is based on students’ reports of 

whether they receive free or reduced-price lunches or none at all. In the third state, they add a 

measure of mother’s education to FRL participation. In all states, these categorical variables are 
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then standardized to mean of 0 and standard deviation of 1. The authors, however, do not report 

the raw data of FRL participation, nor do they articulate the percentages of participation in these 

programs. By standardizing a categorical variable, the authors ignore a huge amount of variation 

in the actual SES of schools. For instance, a school where 100% of the students do not qualify 

for FRL but only barely vs. a school where 100% of students do not qualify for FRL because 

their parents are all exorbitantly wealthy would have the same standardized score. It is unclear 

that their measure of poverty context is meaningful at all.  

Both Lauen and Gaddis (2013) and Armor and colleagues (2018) show that there is much 

to be desired from cross-sectional studies of the effect of school poverty, in particular, their 

research highlights the need for experimental and quasi-experimental studies which exploit 

random variation or exogenous shocks to examine how changes in school poverty contexts may 

affect students’ academic performance. Fortunately, there have been a number of programs 

which allow researchers to evaluate policies in a manner which bring our understanding closer to 

causal inference.  

School Policy Changes and Test Scores 

 One such study exploits exactly this kind of policy to examine how school poverty 

contexts affect tested achievement through the implementation of income-conscious school 

zoning policies in the Wake County Public School System (WCPSS) (McMillian, et al., 2018). 

In the fall of 2000 school year, this policy mandated that schools in the WCPSS should have no 

more than 40% concentration of students who qualify for FRL. This study utilized administrative 

data from North Carolina schools before and after the implementation of WCPSS’ policy to 

examine how income-conscious zoning plans affect student achievement in 3rd – 8th grade 
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students using a combination of multivariate regressions and an interrupted time series model 

and cover 10 academic years’ worth of data. 

 Initial multivariate analyses compare the test scores of students prior to and after the 

implementation of the WCPSS policy and the estimates show that students’ test scores were 

approximately .1 standard deviations higher after the policy change than before. Moreover, 

interaction terms show that this effect was moderated for Latino and Black students whose scores 

increased at a statistically significantly greater rate after policy implementation than scores for 

white students. Time series models confirm these findings by comparing WCPSS schools which 

had the policy to other North Carolina schools which were not subject to the same policy regime. 

What the authors find is that test scores in WCPSS, on average, did increase immediately 

following the implementation of the plan.  

 As novel as these findings may appear, there are still some reasons to question the 

analysis of this study. The WCPSS policy was implemented in fall of 2000 in order to replace a 

race-based desegregation policy which already existed. Since the end of the race-based plan and 

the beginning of the income-based plan happened simultaneously, it is difficult to parse these 

two effects, so the results cannot be 100% attributed to the income-conscious desegregation plan. 

Additionally, it is unclear how much “churn” actually took place in WCPSS as students changed 

schools. This means that it is unclear how changing school poverty contexts affected test scores 

as those are not taken into account during the analysis. The results of this quasi-experimental 

analysis may give policymakers more reason to consider such policies than cross-sectional or 

longitudinal evidence, however, more information and analyses such as this one is needed.  

 The lion’s share of research on the link between school poverty contexts and test scores 

focuses on increases in scores for traditionally underserved students. However, if a school with a 
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low rate of poverty were to receive an influx of low-income students, thereby raising the poverty 

rate of the school, it is plausible that those students who are already high performing could see a 

decrease in their test scores. Angrist and Lang (2004) address this possibility in a study of the 

effect of Boston’s METCO program which enrolls low-income students in higher-income 

schools—generally by busing them from Boston’s inner-city to more affluent suburbs. The study 

examines how the proportion of METCO participants in third-grade classes affects the test scores 

of the non-METCO students.  

 While researching the program, the study team learned that METCO students are 

assigned to classes based on size constraints in the receiving schools whose class sizes are 

capped at 25 (Angrist & Lang, 2004). The number of METCO students who can be enrolled in 

the program, therefore, is driven by the number of incoming non-METCO students who have a 

guaranteed seat in a class. The researchers exploit this level of exogenous variation to implement 

an instrumental variable estimation strategy which examines the role that proportion of METCO 

students in each class plays in the test scores of non-METCO students. What Angrist and Lang 

(2004) find is that there are not broad negative effects of having low-income students in the test 

scores of the higher-income children.  

  Angrist’s and Lang’s study (2004) answers a question not often asked in the literature, 

would more advantaged students be negatively affected by the addition of disadvantaged 

students in their classrooms/schools; the answer seems to be no. Research is divided about 

whether the effect of school poverty on test scores is worth undertaking policies which would 

create a great deal of churn in the academic lives of students and families with some arguing that 

the payoff would not be worth it (Lauen & Gaddis, 2013). However, the work of Angrist and 
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Lang (2004) offer up some perspective from another angle which makes at seem that one 

possible concern may not be cause for much worry. 

Although the magnitude of the effect of school poverty context on test scores is up for 

considerable debate, it does seem that lower rates of poverty are associated with greater test 

scores. Moreover, the research is clear that students with higher test scores are more likely to 

attend college and to attend more selective colleges and universities (Engberg & Wolniak, 2010; 

2014; Palardy, 2013).  What is less clear, however, is if this relationship begins with differences 

in college applications. Studies have established the link between test scores and attending 

college, however, there is much less evidence that test scores lead to differences in college 

application behaviors. Hypothetically speaking, if students move to schools with less rates of 

poverty, this should increase test scores and these increases in test scores should be related to 

increases in the level and selectivity of the colleges to which students apply, suggesting that test 

scores mediate the link between school poverty and applications.  

THE FROG-POND EFFECT 

School Poverty and Frog-pond Effects 

 Despite the positive relationship between school poverty, higher-achieving peers, 

individual test scores, and college attendance, it is not entirely clear that lowered school poverty 

context has a singularly positive effect on student outcomes. One hypothesized mechanism 

whereby students are negatively affected by lower poverty contexts is the frog-pond effect—an 

organizational phenomena whereby individuals with the same objective measure of ability hold, 

or would hold, different rank positions in different groups. For example, a student with a mean 

score on the SAT would be considered a relatively high performer within a group of students 

below the mean but would be considered a low performer in a group with average achievement 
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above the mean. Along any quantifiable dimension of performance, we can rank individuals 

from highest to lowest or best to worst. Important to understand is that this is an effect of 

comparing the same person to a hypothesized position in two or more disparate groups. So long 

as the peers in each of the two or more groups differ, along the quantified dimension—that is that 

no two peer groups are identical—an individual is likely to hold a different relative rank in each 

group.  

Relative ranking is a function of being in a group measured along some dimension and 

they relative ranking produces frog-pond effects when two or more groups are compared. As 

noted, multiple studies show that school poverty contexts—however they are operationalized—

are significantly associated with scores on standardized assessments. In terms of frog-pond 

effects, this means that a student with the same test score in a higher or a lower-poverty context 

school is likely to inhabit a higher or lower relative position relative to their peers, respectively. 

This difference in standing within a group relative to peers has a real effect on measures of 

academic achievement. As Martinez and colleagues (2009) claimed, teachers tend to rate 

students relative to their peers which implies that the same student would receive a different 

grade in classes with peers of differing average achievement. This has also been shown 

empirically in several different studies. Farkas and Colleagues (1990) showed across one large, 

diverse school district that as the average achievement in schools on districtwide exams 

increased, individual GPA decreased controlling for individual test scores. Kelly (2008) showed 

the same things within English classes within a school. Another study found this association 

across students who took the ACT; as average peer scores increased, individual GPA decreased 

(Woodruff & Ziomek, 2004).  Grades are strongly predictive of the likelihood of attending 

college which suggests another mechanism by which lower-poverty contexts could negatively 
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affect students (Pattison, Grodsky & Muller, 2013). This implies that while students in lower-

poverty contexts may benefit by a boost in standardized achievement scores, they may also be 

negatively affected by a decrease in grades relative to their peer group. Moreover, these pros and 

cons may also influence downstream outcomes. 

Frog-pond Effects and Educational Outcomes 

 Keeping in mind that frog-pond effects are a necessary dynamic of being in a group or 

being compared to others in one or more group, there are considerable implications for the ways 

that frog-pond effects may be associated with post-secondary outcomes. Because frog-pond 

effects tend to create de facto ranking structures within classes and schools, they can influence 

decision making at the collegiate admissions level. One study of the admissions decisions of 

several highly selective colleges and universities found that, holding individual achievement 

constant, students in more competitive school contexts—those with students taking more AP 

classes or with higher average SAT or ACT scores—were less likely to be admitted 

(Espenshade, Hale & Chung, 2005). Moreover, using historical admissions data, Attewell (2001) 

simulated the potential outcomes of students attending elite high schools versus non-selective 

public schools and found that it may be more advantageous, in terms of college admissions, to be 

a relatively high-achieving student in an academically mediocre school than to be a relatively 

mediocre student in an academically high-achieving school.  

 Once students are admitted to schools, one might surmise that the association between 

class rank prior to college would fade away. However, two studies which examine the role that 

relative class position play in academic achievement show the enduring nature of both formal 

and informal relative ranking structures. A working paper out of the Annenberg Institute at 

Brown University examines the roll that third grade relative rank plays in a host of academic 
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outcomes: 8th grade test scores, high school graduation, college enrollment, on-time college 

graduation, and earnings (Denning, et al., 2019). Their results indicate both that relative ranking 

may have an effect even when it is unknown to the students and that this effect is long-lasting.  

 Using administrative data from third-grade test score in the state of Texas over several 

years, Denning and colleagues (2019) create an ordinal class rank which is each students’ 

percentile rank within their own class cohort. This measure has the benefit of allowing for a 

more precise measure of the in group ranking of each student by placing them relative to the 

distribution of test scores within their classrooms irrespective of their individual test scores as the 

class-to-class distribution of test scores may be very different. Moreover, since they are 

constructing the ordinal ranking from the administrative data, the students whose records they 

are reviewing have no a priori knowledge of their individual rank as they move through 

secondary and post-secondary life. Their models also control for individual test scores, as well as 

a host of demographic controls, such as gender, race/ethnicity, and FRL receipt.  

 To say that Denning and colleagues (2019) found that class rank was predictive of 

academic outcomes would be to put it extremely mildly. Their ex post facto measure of class 

rank was statistically significantly predictive of test scores in middle school, whether students 

would take AP courses in high school, whether they would graduate from high school, whether 

they enrolled in college and graduate on time, as well as their earnings after college! In short, 

how well students performed on a test relative to your peers in third grade, irrespective of how 

well students actually scored overall, had long-lasting predictive power on an array of 

educational outcomes—even though students were not aware of the ranking structure.  

 These researchers also examined the heterogeneous effects of relative ranking on 

outcomes based on gender, income, and race/ethnicity. They examine difference within these 
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groups on 8th grade test scores, high school graduation, college enrollment, and earnings in their 

late 20s. In general, they find no differences between men and women with regard to any of their 

outcome measures. However, when comparing white/non-white students and those who qualify 

for FRL or not, Denning and colleagues (2019) find that non-white students and those who 

qualify for FRL are much more sensitive to changes in relative rank with respect to graduating 

from high school and enrolling in college. 

 Despite these very strong results showing the association between relative ranking and 

academic outcomes, there are some issues with this study which should be discussed. Denning 

and colleague (2019) rely on administrative records from a single state (Texas) across multiple 

years. Although the sample is very large—over 200 thousand—it still raises questions about the 

generalizability of the results if there are uncontrolled endogenous variables. While the authors 

make no claims of generalizability, it may be worthwhile to examine attempt to recreate these 

results using other states or a more broadly representative sample and adjusting for state-level 

fixed effects.  

 There is also an issue of tautology which should be addressed. Students who perform 

well on a standardized assessment, relative to their peers, are also likely to be good academic 

performers, relative to their peers, irrespective of the absolute performance on a test. As the 

axiom goes, “skill begets skill” (Cunha & Heckman, 2007). High performing students are likely 

to be given some special attention by teachers or work which extends their knowledge and are 

more likely to be funneled into advanced coursework (Adelman, 2006)—indeed, that is one of 

Denning’s findings (2019)! In short, their study shows that students who perform better than 

their peers in 3rd grade, continue to perform better than those peers throughout life and that this 

can be measured using even an arbitrarily defined measure of class rank. This is not a 
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particularly novel finding, as researchers have shown that high academic performance even very 

early in school has significant and lasting effects on students’ outcomes (Duncan, et al., 2007; 

Bodovski & Farkas, 2007). 

Moreover, while the study team discusses schools as a source of variation in relative 

ranking (based on school average test scores rather than schools’ poverty contexts), however, 

they never explicitly test this as being the case. Indeed, they control fixed effects at the 

classroom level, ensuring the finest grain examination of ranking effects. This shifts the focus to 

examining the difference between similarly ranked students in different classrooms, which could 

happen to students in the same school. This study misses the opportunity, thusly, to examine the 

possible broader policy impacts of comparing students across different schooling contexts which 

might come about from a policy which rezoned schools as was seen in Wake Forest, North 

Caroling (McMillian, et al., 2018). 

 A separate study, which was conducted prior to the study of Denning and colleagues 

(2019) and used educational attainment as its outcome variable, also examined the role that 

relative ranking in classes plays in education. In this study, however, Goldsmith (2010) accounts 

for some of the shortcomings found in Denning and colleagues (2019). In particular, Goldsmith’s 

paper utilizes a nationally-representative longitudinal sample of American high school students 

which gives a level of external validity to his results and Goldsmith (2010) directly connects 

relative ranking to schooling contexts—school average SES and school minority composition—

which make his results much more salient for this paper. Unlike this paper, Goldsmith’s (2010) 

focus is on minority concentration in schools rather than school poverty contexts. His findings, 

however, are still relevant for this study.  
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 Goldsmith (2010) utilizes the National Educational Longitudinal Study:1988 (NELS), a 

nationally-representative, longitudinal study of secondary students which followed participants 

from 8th grade until nearly 12 years after their high school graduations, sponsored by the 

National Center for Education Statistics (NCES). Data collection for the NELS included high 

school transcripts from which is derived a measure of “percentile rank” which Goldsmith (2010) 

uses as a measure of a frog-pond effects. This measure is the fraction of students in each 

respondent’s class who have a higher GPA. In this measurement, a larger percentile rank means 

a lower class rank and vice versa. This measure works as a frog-pond indicator due to each 

percentile rank being relative to the distribution of GPAs in each class. 

 In the paper by Goldsmith (2010), the only outcome of interest is the categorical variable 

of educational attainment: what is the highest level of education attained by each survey 

participant. The categories are less than high school, high school, enrolling in college, 

professional license/associates degree, bachelor’s degree, and a graduate degree. Due to the 

ordered nature of the outcome variable, the author’s main analysis leans on an ordinal logistic 

regression which reports on the log odds of attaining a maximum level of educational attainment. 

This is an appropriate outcome measure to use as each subsequent category in the outcome is the 

next in line than the preceding category2. For instance, in order to complete high school, an 

individual would first have to not have previously completed high school. A bachelor’s degree is 

generally required for a graduate degree and in order to complete a four-year degree, you first 

would have to complete two years of college—irrespective of whether you actually completed a 

two-year degree. In addition to the ordinal model, Goldsmith (2010) conducts a robustness check 

 
2 In the ordered logistic regression, Goldsmith collapses the college enrollment and licensing/associate degree 

categories due to the difficulty in determining the order of these categories. In a multinomial logistic regression, he 

separates these categories.  
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using a multinomial logistic regression model which compares the log odds of completing each 

level of education relative to a baseline outcome: less than a high school diploma.  

 The purpose of Goldsmith’s (2010) paper is to examine why students from minority 

concentrated schools tend to achieve less than those from predominantly white schools. In this 

pursuit, he presents two competing theories of peer effects in educational attainment. A 

normative theory which asserts that the presence of high performing peers improves outcomes 

and a frog-pond theory which asserts that being lower ranked in schools is detrimental to 

outcomes. In this pursuit, Goldsmith (2010) first establishes that school-level variables are 

associated with class rank. Indeed, he finds that, as school poverty decreases by one standard 

deviation, class rank does, in fact, decrease by .08 percentile points, or approximately .2 standard 

deviations of overall class rank. Interestingly enough, he does not find an association between 

school poverty context and average test scores.  

 With the connection between school poverty context and class rank established, 

Goldsmith (2010) models educational attainment using his ordinal and multinomial models. As 

expected, he finds that class rank is a strong, statistically significant predictor of educational 

attainment. Ordinal models suggest that the log odds of the student at the bottom of class ranking 

attaining the next highest level of education than the student at the top of the class is -.737. 

Unfortunately, log odds are not easily interpretable or convertible to a probability without the 

author’s original statistical readout of the regression run. However, a quick base 10 

exponentiation of the coefficient shows that the odds ratio is approximately 1:4 against. 

 Relative class rank, however, only shows the difference in log odds between each 

successive level of the categorical variable. Goldsmith (2010) uses a multinomial logistic 

regression to compare the differences in the log odds of comparing each level educational 
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attainment to the not completing high school for the top and bottom-ranked students in each 

class. What Goldsmith (2010) finds is that class rank makes the log odds difference at each 

successive level greater than the one before. For instance, the log odds difference of completing 

versus not completing high school is -.59, for enrolling in college is -.84, and for attaining a 

graduate degree is -2.41. Again, using a base 10 exponentiation and converting to an odds ratio, 

the odds against the bottom-ranked student are 1:3, 3:17, and 1:249, respectively, holding all 

other variables constant. 

 While not as thorough as Denning and colleagues’ (2019) study in terms of outcomes, 

Goldsmith (2010) illustrates again, the importance of class rank in understanding the possible 

deleterious effects of educational policies aimed at economically integrating schools by showing 

how school poverty context is associated with class rank which, in turn, are associated with 

outcomes. Additionally, Goldsmith (2010) illustrates another facet of educational outcomes, not 

just enrolling in college or on-time graduation, but the level of attainment as well—which is 

associated with earnings, as well. 

 Goldsmith’s (2010) study, however, is not without its flaws. For instance, while from a 

standpoint of educational equity and social justice, using school racial/ethnic composition can 

tell us a lot about persistent inequality, using racial/ethnic composition as a policy lever is 

unlikely to be successful. Policies aimed specifically at alleviating inequities along racial/ethnic 

identity lines are likely to face legal challenges under the U.S. Constitution’s 14th amendment’s 

equal protections clause. Moreover, recent studies have shown that economic integration of 

schools is a poor proxy for racial/ethnic integration as the entrenchment of social divisions, such 

as housing segregation, has made economic integration unlikely to significantly alter the 
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racial/ethnic composition of schools (Reardon, Yun & Kurlaender, 2006; Carlson, Bell & 

Lenard, 2019).  

 On the other hand, poverty status is not protected by the U.S. Constitution and can be 

targeted by public policy. Here though, Goldsmith (2010) seems to fall short in his analysis. 

Goldsmith’s (2010) analysis indicates that school poverty context of schools is not predictive of 

educational attainment, however, a deeper look at his operationalization of school poverty 

context shows that he uses the average of the SES calculations for students in each sample at 

each school. The sample of students from each school is not, however, necessarily representative 

of the entire school. In this case, it seems that a measure of poverty such as percent of students 

qualifying for free/reduced-price lunches would be a better measure given that percent of 

students on FRL has been shown to be a decent measure of overall educational disadvantage and 

highly correlated with the conditions that students actually live in (Nicholson, et al., 2014; 

Domina, et al., 2018) 

Frog-pond Effects and Action 

 What the Denning (2019) and Goldsmith (2010) studies show is that students who 

perform better relative to the peers in their individual contexts—irrespective of absolute levels of 

achievement—tend to perform better and achieve more than their peers in the future. The idea, 

however, that students who perform and achieve beyond their peers continue to do so seems 

almost tautological and not worth mentioning, unless there is some advantage to be had from 

relative performance which is not linked necessarily to absolute performance. Put in a different 

way, the question which is worth asking is if, net of an individual’s absolute level of 

performance, frog-pond effects drive some course of action—are decisions being made based on 

relative rank once individual performance is taken into account? Several studies indicate that this 
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is the case, both in terms of external decisions—those made outside of the individual—and 

internal, individual decisions.  

 Some of the earliest work in frog-pond effects indicates that individuals tend to alter their 

plans and aspirations relative to the pool of their peers. Davis (1966) examined the employment 

aspirations of males in colleges and universities in the 1950s relative to the educational 

performance level of the schools themselves. He found that when the average level of peer 

achievement was higher, individuals tended to have lower career aspirations than when peer 

achievement was lower, net of individual achievement. Some years later, another study showed 

this same effect with respect to plans after high school (Meyer, 1970). Meyer’s study examined 

U.S. high school students and found that there was a significant effect on stated plans after high 

school which was associated with average peer achievement. More recently, a study of Swedish 

schooling shows that class rank matters when applying to academic tracks after 9th grade 

(Rosenqvist, 2018). This study showed that individual rank increases the likelihood of applying 

to an academic track, but that as the share of higher-ranking peers increases there is a decrease in 

academic track applications. Taken together, these findings suggest that students are—

consciously or unconsciously—using their relative measure of performance to adjust their 

aspirations and to determine which post-secondary schools they should apply to.  

Changing post-secondary aspirations based on achievement relative to peers, however, 

may be a rational reaction to the reality of college admissions. A study of admissions to several 

elite colleges and universities revealed that college admissions decisions were associated with 

the pool of achievement in applicants’ high schools in addition to applicant’s own academic 

achievement. Individuals from higher performing schools were less likely to be offered 

admission than similar students from schools with lower performing students (Espenshade, et al., 
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2005). Modeling the admissions decisions of colleges and universities, Attewell (2001) indicates 

that it may be more advantageous to applying to college to be a high performing student in a 

low-performing school than a mediocre student in a high-performing school.  

The literature indicates that there are many ways that the high schools that students attend 

can affect their future academic outcomes. Studies indicate that being surrounded by high 

performing peers may help elevate an individual’s own test scores, however, being judged 

relative to those same peers may actually decrease a student’s grades or relative standing. An 

increase in test scores may make an individual more likely to apply to or attend college, 

however, the decrease in relative standing may make a student less likely to apply to or attend 

college. Moreover, this may be driven by the level of poverty in a school which is associated 

with test scores and achievement. This paper examines this hypothesized link.  

RESEARCH QUESTIONS 

 The literature indicates that while policy changes seeking to economically integrate 

schools may render higher test scores or test growth for students, it may also come with the 

drawback of lowering a student’s relative class standing compared to a hypothetical 

counterfactual. However, it is unclear what the magnitude of these effects may be relative to 

each other. My first research question seeks to address this question by asking: do differences in 

school poverty rates predict significant differences and relative class position for otherwise 

similar students?  

Further, the literature shows that school poverty context is associated with whether 

students attend college and the types of college they attend (2 or 4-year). I seek to extends this 

body of literature by examining the college application behaviors of students in different poverty 

contexts. My second research question asks: do differences in school poverty rates predict 
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difference in applying to college, as well as in first choice college applications for otherwise 

similar students? 

Finally, as shown in the literature and hypothesized in Figure 1a, test scores and relative 

standing are both driven by school poverty contexts and predictive of educational outcomes. This 

implies that these intermediate measures are likely to mediate the association between school 

poverty context and college applications. I address this possibility by answering the following 

final research question: in what ways (i.e., relative direction and/or magnitude) do test scores and 

relative standing mediate the association between school poverty context and college 

applications, if at all? 

DATA 

Data Sample and Measures 

This study uses the restricted data from the National Center for Education Statistics’ High 

School Longitudinal Study: 2009 [HSLS]. The HSLS is a nationally representative sample of 

American students entering 9th grade followed through and beyond high school; sampled in 9th 

grade, again in 11th grade, and three years after their expected high school graduation year 

(appropriately weighted to adjust for survey attrition across waves). This survey is particularly 

well-suited to address questions regarding school context as it is also designed as a nationally 

representative sample of U.S. secondary schools in 2009 (National Center for Educational 

Statistics, 2011).  

The analysis sample was restricted to students who attended the same school in the 9th 

and 11th grades, for whom there was information regarding postsecondary applications and 11th 

grade measures of GPA and math test scores. This was done for a couple of reasons, the first of 

which is that, under the assumption that these students also 10th grade at these schools, this 
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would maximize the exposure to a school’s poverty context which is the hypothesized treatment 

condition in these analyses. Since it is possible that families may be aware of frog-pond effects 

and the possible advantage which may accrue to being surrounded by lower-performing peers, it 

is possible that students may switch schools in order to gain an advantage in college admissions. 

Restricting the sample to students who remained in the same school from 9th-11th grade reduces 

possible confounding due to students or families selecting into schooling contexts in order to 

game the admissions system. When finally restricted the sample was approximately 10,500 

students followed for 7 years which is approximately half of the first-wave sample size.  

In order to gage students’ absolute achievement, I utilize standardized math tests in 11th 

grade. However, in order to analyze relative achievement, I constructed a measure utilizing 

student transcripts in 11th grade. I construct a measure of relative GPA for students (rGPA) (see: 

Kozlowksi & Klein, 2000). Suppose each student has a GPA for 11th grade (𝑋𝑖) and each school 

has an average GPA for 11th graders (𝑋𝑗)̅̅ ̅̅  , a student’s rGPA would be the difference between 

their own GPA and their cohort’s average GPA (𝑋𝑖 − 𝑋𝑗)̅̅ ̅̅  such that a positive score is above 

average and a negative, below. This measure of rGPA is then standardized across the entire 

sample for comparability. This study examines two facets of rGPA: how rGPA differs across 

school poverty contexts and how rGPA is associated with post-secondary outcomes across 

school poverty contexts. 11th grade math achievement and rGPA are used to predict the 

likelihood of applying to various levels of post-secondary institutions.  

School poverty is operationalized as the percentage of students in a school who qualified 

for free/reduced price lunches. While not expressly associated with schoolwide income levels, 

measures of FRL are likely to capture broader conceptions of disadvantage and are significantly 

associated with tested achievement (Nicholson et al, 2014; Domina et al, 2018). In particular, 
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FRL, as a measure of poverty, is indicative of both family income and of also neighborhood 

conditions more broadly (Nicholsen et al, 2014) which have a long tradition of being indicative 

of educational outcomes (Alexander et al, 2014). School poverty groups are divided into high, 

medium, and low-poverty schools, as defined in the National Center for Education Statistics’ 

Condition of Education Report (2018): Low: <25% FRL; Medium: 25-50% FRL; High: >50% 

FRL. Measures of FRL have frequently been used by government entities to determine how 

federal programs disperse funds to schools, thusly it makes sense to categorize schools in the 

same manner used by a federal agency rather than to view FRL on a continuous scale in order to 

distinguish the different “types” of schools students may attend in high school.  

I link college application data from HSLS to publicly available data from the Integrated 

Post-secondary Education Data System [IPEDS] to construct profiles of the first-choice post-

secondary institutions to which students apply. As the dependent variable, I categorize post-

secondary institutions in terms of both selectivity and sector. I categorize public and not-for-

profit school selectivity as 2-year colleges, non-selective/inclusive 4-year colleges, and selective 

4-year schools using IPEDS categorizations of schools3. Sector is delineated by dividing 4-year 

according to their status as public or not-for-profit schools. Following guidance from Scott 

(2015), all for-profit schools are combined into a single category as are all not-for-profit 2-year 

schools. There exist, however, state-to-state differences in higher education policies which offer 

guaranteed admission to certain in-state schools depending on class rank (see, for instance, 

Texas’ top 10% rule). Each model controls for the state that each student lives in to adjust for 

any confounding of application behaviors based on individual state-level policies.  

 
3 4-year institutions in IPEDS are classified as: none, inclusive, moderately, and highly selective. I combine the first 

and second two categories to create non-selective and selective categories. Two-year institutions are a combination 

of all institutions which do not award degrees at the baccalaureate level and/or higher.  
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Statistical analysis models also include controls at the student and school level. Student 

level variables include 9th grade test scores, student SES (a composite of family income and 

parental education), student gender (male/female), and student race/ethnicity (White, Black, 

Hispanic, Asian, Native American/Pacific Islander, Multiple Races/Ethnicities). School level 

variables are included which control for percent of school which is non-white, urbanicity (urban, 

suburban, small town, rural), school control level (public, catholic, other private). The purpose of 

this paper is to specifically describe the ways that school poverty contexts (which can be targeted 

via public policy) relate to student outcomes. To that end, models adjust for variables which may 

confound this relationship, such as whether a school is public or located within a rural or more 

urban school district. Descriptive statistics of analysis sample and school and student control 

variables are included in Table 1. 

ANALYSIS PLAN 

School Poverty, Test Scores, and Frog-pond Effects 

In this paper, I hypothesize a connection between school poverty and college applications 

as outlined in Figure 1a. This hypothesis assumes that test scores and GPA relative to peers 

(rGPA) mediates the relationship between school poverty contexts and college applications. In 

this study I begin by conducting a mediation analysis in accordance with the procedure laid out 

in Barron and Kenny (1986). In order for test scores or rGPA to be mediators of the association 

between school poverty and college application behaviors two condition must first be met.4 First, 

it must be shown that school poverty is significantly predictive of the final outcome—college 

application behaviors. This is shown by regressing college application behaviors (𝑌𝑖)  on the 

 
4 As shown in Table 3, school poverty is not a significant predictor of 11th grade GPA and cannot be a mediator of 

school poverty and college applications. As such, it is not included in the analysis.  



 

31 

 

school poverty categorical variable (𝐷𝑖) as in (1) where (𝑋𝑖) is the vector of student and school-

level controls and state fixed effects. 

𝑌𝑖 = 𝛼 + 𝛽1𝐷𝑖 + 𝛽2𝑋𝑖 + 𝜖 (1) 

Secondly, school poverty (𝐷𝑖) must then be predictive of the intermediate outcomes—test scores 

and rGPA—(𝑀𝑖) and (𝑁𝑖), respectively, as shown in (2) and (3). 

𝑀𝑖 = 𝛼 + 𝐵1𝐷𝑖 + 𝐵2𝑋𝑖 + 𝜖 (2) 

𝑁𝑖 = 𝛼 + 𝐵1𝐷𝑖 + 𝐵2𝑋𝑖 + 𝜖 (3) 

Once these conditions are met, intermediate outcomes ((𝑀𝑖) and (𝑁𝑖)) are added to the first 

model in (1) to observe the degree each attenuates the relationship between poverty (𝐷𝑖) and 

college applications (𝑌𝑖) as shown in (4), (5), and (6). 

𝑌𝑖 = 𝛼 + 𝛽1𝐷𝑖 + 𝛽2𝑀𝑖 + 𝛽3𝑋𝑖 + 𝜖 (4) 

𝑌𝑖 = 𝛼 + 𝛽1𝐷𝑖 + 𝛽2𝑁𝑖 + 𝛽3𝑋𝑖 + 𝜖 (5) 

𝑌𝑖 = 𝛼 + 𝛽1𝐷𝑖 + 𝛽2𝑀𝑖 + 𝛽3𝑁𝑖 + 𝛽4𝑋𝑖 + 𝜖 (6) 

If the addition of one or both of the proposed intermediate variables renders the association 

between school poverty (𝐷𝑖) and college applications (𝑌𝑖) insignificant, the variable—or 

combination—is/are a complete mediator(s). 

In Table 2 I examine this supposed relationship, by regressing school poverty on 11th 

grade test scores, 11th grade rGPA, and 11th grade composite GPA for my analysis sample in 

three separate regressions using a multivariate regression analysis. It is possible that, with the 

hypothesized increase in test scores owed to lower school poverty, students in low-poverty 

schools may also have higher GPAs than similar students in high-poverty schools. If this is the 

case, composite GPA would be a likely third mediator to add to Figure 1a, so it is necessary to 

rule it out or in. For each possible mediator I run four separate linear regressions controlling for 
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different groups of controls. In the first model, there are no controls, the second model controls 

for student-level controls, the third controls for school-level controls, while the fourth is the most 

restrictive regression model controlling for both school and student-level controls. 

Choosing to Apply to College or Not 

To better understand the role that school poverty plays in college applications, I decided 

to use two strategies: first to examine whether school poverty contexts are predictive of the 

decision to apply to college, second to see if school poverty contexts are associated with the 

types of colleges students apply to. I conduct these analyses by extending the mediation analysis 

which was begun in Table 2. With the association between school poverty and test scores and 

rGPA established, the next step is to examine whether rGPA and test scores mediate the 

relationship between school poverty and whether students apply to college and to what degree. 

To do this, it must first be established that students in high-poverty schools are less likely to 

apply to college than students in medium and low-poverty schools.  

This is accomplished using a logistic regression to predict the average difference in the 

likelihood of a dichotomous event occurring (1 = did not apply to college; 0 = did apply to 

college). A logistic regression reports the log of the odds of an event occurring and are often 

difficult to interpret in “real world” terms, in order to simplify their interpretation, the log odds 

are converted to marginal probabilities. That is to say, marginal effects are the change in the 

average probability of an event occurring between groups. Table 3 shows the results of four 

estimated models controlling for different sets of controls as in Table 2—with no controls, 

controlling alternately for student and school level variables, and finally controlling for student 

and school level variables simultaneously. Finally, rGPA and test scores are added to the logistic 

model—alternately then simultaneously—to gage the degree and direction of any mediation. 
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Types of Colleges Students Applied To 

The next association I sought to examine was whether this model could predict the type 

of colleges to which students applied. In essence, does school poverty directly—or indirectly 

through test scores and rGPA—drive the applications of students to college to “better” or 

“worse” institutions. As research indicates, the majority of students are accepted to their first 

choice of post-secondary institution—irrespective of whether they eventually attend (Eagan, et 

al., 2015). Students who had by the 2016 wave of the HSLS applied to college were asked about 

their first choice of college to which they applied. Survey responses were codified in the HSLS 

as a unique identifier which allowed for responses in the HSLS survey to be linked to the IPEDS 

system which provides data on post-secondary institutions. My analysis sample included students 

who had not applied to a college and, using the information from IPEDS, post-secondary 

institutions were classified in the following ways: all for-profit institutions (FP); colleges 

offering only a two-year degree (2Y); non-selective, public, 4-year colleges (NSP4); selective, 

public, 4-year colleges (SP4); non-selective, private, 4-year colleges (NSPV4); and selective, 

private, 4-year colleges (SPV4).  

 Since the outcome variable is a categorical variable with no discernible, natural order a 

multinomial logistic regression was utilized which reports the difference in the log odds of an 

outcome relative to some baseline category—in this case NSP4 colleges. However, in the 

interests of interpretability of results, I opted to utilize the marginal effects transformation in 

STATA14 which converts differences in log odds to differences in probability. Moreover, rather 

than reporting on the differences in probabilities between two categories, the statistical software 

reports a base probability for each outcome and shows estimates of the change in probability for 

each outcome based on a change in independent variables. Similar to estimates from the logistic 
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regressions in Table 3, models are run with and without controlling for student and school level 

variables then by alternating and simultaneously adding rGPA and test scores to the model. 

These results are reported in Table 4.  

Limitations 

 The High School Longitudinal Survey of 2009 follows students from 9th grade through 

several waves of follow-up surveys until many years after high school. It is an ideal survey for 

several reasons, in particular, it has a nationally representative sample of both U.S. high school 

students AND a nationally representative sample of U.S. high schools. As such, results of 

analyses of these data are likely to have a high level of external validity inasmuch as the analysis 

sample is generalizable to the population writ large. I exploited the representative nature of the 

schools from which students were sampled from in order to examine the cumulative “effect” of 

attending particular types of high schools on similar students. However, in order to do this, the 

analysis sample, necessarily had to be restricted to students who attended the same school in both 

9th and 11th grade and by nature of restricting the sample, these results may not, necessarily apply 

to students who switch schools between 9th and 11th grade. Indeed, these results are likely only 

generalizable to those students who remain in the same schools throughout most of their high 

school careers. 

 While the overall sample of students in the HSLS is nationally representative and the 

sample of schools is as well, it is unclear that the sample of students within schools is 

representative of each, individual school although students in each school were selected 

randomly. The constructed measure of rGPA is derived from the reported transcripts of these 

students in the sample and is reflective of each student’s position relative to their peers in the 

sample from their school and not, necessarily, to their peers in their schools overall. However, 
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because students were selected randomly for participation in the survey process, it is unlikely 

that there exist systemic issues within the school samples (i.e., administrators choosing “good 

students” to represent their schools) which is likely to introduce bias into the estimates.  

 As is the case with all analyses, especially with respect to longitudinal data sets, the issue 

of data missingness and how to deal with missing data points was a concern when approaching 

these analyses. While the first wave of data contained approximately 21,000 respondents 

initially, the number of students who participated through the first and second waves of 

collection and had transcript data available was significantly reduced to about 15,000 students. I 

implemented the statistical weights provided by the HSLS to adjust for this difference and retain 

representativeness. The analysis sample (as mentioned earlier) was restricted to students who 

attended the same school from 9th to 11th grade and for those who responded to questions 

regarding post-secondary outcomes, this dropped the analysis sample to approximately 11,480 

students. Less than 1,000 students in the resulting group were missing one or more predictive 

variable. It was determined that listwise deletion would not significantly alter the analysis, as 

there were no systemic differences across subgroups with respect to data missingness and these 

cases were dropped from the analysis sample. This led to a sample that included 10,570 students: 

2,540 in high-poverty schools, 3,130 students in medium-poverty schools, and 4,900 students in 

low-poverty schools5.  

RESULTS 

School Poverty, Test Scores, and Frog-pond Effects 

Table 2 shows estimates of school poverty context’s association with rGPA and test 

scores. Student in high-poverty schools have lower average GPAs by approximately .14 and .35 

 
5 Due to NCES restrictions on data, sample sizes are reported to the nearest 10 students. 
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grade points than students in medium and low-poverty schools, respectively. The results are 

similar for 11th grade math test scores. I find that students in high-poverty schools have lower 

math test scores than their peers in medium and low-poverty schools by .26 and .66 standard 

deviations, respectively. On the other hand, models with no controls show that there is little 

difference in average rGPA for student in the analysis sample across school poverty contexts. In 

fact, there is only a significant difference between students in the highest and lowest poverty and 

even then, students in high-poverty schools have only a higher rGPA by approximately .085 

standard deviations.  

 In the second model in Table 2—with student-level controls—a different picture 

emerges. Differences in test scores is slightly attenuated; students in medium and low-poverty 

schools still have higher averages. Once student characteristics are taken into account, however, 

differences in composite GPA are rendered completely insignificant. Put another way, these 

results indicate that differences in GPA between students in low, medium, and high-poverty 

schools are completely accounted for by 9th grade math test scores, race/ethnicity, gender, and 

SES. Relative GPA is—again—a different story. In the student-level controls model Table 2 

shows that differences in rGPA across school poverty contexts is now statistically significant. 

Students in high-poverty schools have higher average rGPA by .148 and .416 standard deviations 

than similar students in medium and low-poverty contexts, respectively. This comports with the 

literature in frog-pond effects which predicts that similar students would occupy different spaces 

relative to peers in different poverty contexts.  

 The third model in Table 2 which controls only for school-level characteristics tells a 

similar story to the first model; differences in composite GPA and math test scores are strongly 

predicted by school poverty levels and rGPA is only marginally predicted. All three relationships 
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are slightly less strong in magnitude than in the first model. These results indicate that, with the 

exception of average school poverty, school context (e.g., urbanicity, status as 

public/Catholic/private, minority composition) is only marginally associated with differences in 

student performance. 

 The fourth and final model in Table 2 controls for student and school-level controls and 

tells a similar story as the second model. School poverty is not a significant predictor of 

composite GPA once student and school characteristics are taken into account. On the other 

hand, differences in test scores and rGPA are significantly predicted by school poverty level and 

these association work in opposite directions—students in lower-poverty contexts have higher 

test scores and lower rGPA. Moreover, the magnitude of this association is stronger for rGPA 

than it is for test scores. Students in medium-poverty schools see, on average, an increase in test 

scores of .082 standard deviations, but a decrease in rGPA by .141 standard deviations than 

students in high-poverty schools. Students in low-poverty schools can have a higher score of 

approximately .16 standard deviations in their math achievement scores but have a lower rGPA 

of approximately .361 standard deviations than peers in high-poverty schools.  

 These results support the hypothesized relationship in figure 1a in the following ways. 

First, once school and student-level characteristics are accounted for, composite GPA is not 

significantly predicted by school-poverty. This indicates that the initial relationship in the most 

naïve models is only spurious, and that composite GPA would make a poor mediator of the 

effect of school poverty on any more endogenous variables. Achievement scores and rGPA are 

still strongly predicted by school poverty after other variables are taken into account and satisfy 

the requirements of mediators in Baron and Kenny (1986). Secondly, the results support the idea 

that frog-pond effects and test scores tend to work in opposite directions. Similar students in 
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lower poverty contexts tend to have higher measured math achievement scores, but lower 

relative standing than those in high-poverty schools.  

Choosing to Apply to College or Not 

 Table 3 provides the results of logistic regression of the association of school poverty 

contexts and whether students apply to college or not. Results of the first four models—

unmediated—show a consistent result: a statistically significant difference between high and 

low-poverty schools with respect to the likelihood that students will not apply to college, with 

the exception of the fourth model. The final model (fourth model) indicates that once student and 

school-level controls are added, there is a 4.2% probability that a student in a high-poverty 

school will not apply to college and that students in low-poverty schools see a 4.1% probability 

of the same. There is a generally insignificant difference in the probability that students will not 

apply to college between high and medium-poverty schools. The only exception to these results 

is in the model which controls only for school level controls which shows a significant difference 

in high and medium-poverty schools. This difference does not remain significant when the 

student-level controls are added back into the model suggesting that the relationship difference is 

somewhat spurious.  

 The 5th, 6th, and 7th models in Table 3 give the results for logistic regressions of rGPA ad 

11th grade math test scores on whether students failed to apply for college. Each model 

controlled for school poverty as well as the set of student and school-level variables. The first of 

these models shows a significant relationship between rGPA and not applying to college. The 

baseline probability of not applying to college is 3.6% and the results indicate that a one standard 

deviation increase in rGPA is associated with a 2.8-percentage point decrease in the probability 

of not applying to college. In contrast, while the addition of rGPA seems to enhance the 
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association between poverty contexts and college applications, the magnitude of this effect is 

smaller than that of rGPA (1.9% vs. 2.8%). 

 The following model replaces rGPA with test scores and finds a somewhat similar result. 

In this model we see that a one standard deviation increase in math achievement score is an 

associated with a decrease of 2.3-percentage points from a baseline of 3.9% that a student will 

not apply to college. When test scores are added to the model the difference in likelihood of not 

applying between high and low-poverty schools becomes statistically insignificant which 

indicates that differences in test scores may account for much of the difference in college 

applications between students in each of these contexts once school and student-level variables 

are taken into account.  

 The final model in Table 3 compares the association between not applying to college and 

both math achievement and rGPA. In this model, the baseline probability of not applying to 

college for a student in a high-poverty school is 3.4 percent. A one-standard deviation increase in 

test scores is associated with a 1.2-percentage point decrease in the likelihood of not applying to 

college. The magnitude of the effect of rGPA on not applying to college is nearly double that of 

math achievement. Results in the model indicate that a one standard deviation increase in rGPA 

is associated with a 2.4-percentage point decrease in the probability of not applying to college. 

Moreover, the difference between high and low-poverty schools when both achievement and 

rGPA are accounted for is still a statistically significant 1.6-percentage point change. If we were 

to combine the coefficients of low-poverty and test scores, we would have a total of 2.8 

percentage less likely to not apply to college. However, if a student at a one standard deviation 

lower rGPA, they would be 2.4 percentage points more likely to not apply to college. This 

indicates that the frog-pond effect has a very strong significant countering association to the 
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benefit of being in a low-poverty school both in general and specifically with respect to test 

scores.  

These models show that the sign between tested achievement and not applying to college 

is the same—both negative—indicating that increasing either is likely to decrease the probability 

of students not applying to college. However, it needs to be noted the association between school 

poverty and tested achievement and rGPA are opposing signs. This is to say that students in 

high-poverty schools are likely to have lower test scores and higher rGPA. While it does not 

seem that test scores and rGPA mediate the relationship between poverty contexts and applying 

to college, these results to provide strong support of a frog-pond view of changing the poverty 

contexts of very similar students. By multiplying the pathways between school poverty and 

rGPA/test scores in Table 3 and the estimates of those on not applying to college, we can 

ascertain what the overall magnitude of these effects would be, on average. 

While the strictest interpretation of Baron and Kenny’s (1986) mediation model may still 

allow for this to still be considered a mediation model, any mediation that occurs would simply 

between high and low-poverty schools. However, given the relationship between school poverty 

and the hypothesized mediators—test scores and rGPA—and the literature on these measures 

and college attendance and attainment, it is still worthwhile to examine the mediated relationship 

with respect to the model in Figure 1a. Figure 1b exhibits the proposed mediated model in Figure 

1a by combining the estimates found in Tables 2 (mediators) and 3 (no college application) for 

students who attend a low-poverty school compared to a high-poverty school with all school and 

student-level controls applied. 

 In Figure 1b, we see that there is a direct association for not applying to college of being 

in a low-poverty school vs. a high-poverty school of -.016, which is to say that a student in a 
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low-poverty high school is, on average, 1.6 percentage points less likely to not apply to college 

than a similar student in a high-poverty school. In this model, there are two indirect paths 

through which mediation occurs—through test scores and rGPA. Calculating the indirect 

association between school poverty and college application is done by multiplying the estimates 

in the indirect legs (poverty to mediator and mediator to outcome). For test scores this equates to 

(-.012 x .160) = -.002 and for rGPA the total is (-.024 x -.361) = .009. This is to say that a one 

standard deviation change in test scores alters the likelihood of not applying to college by .2 

percentage point whereas a similar change in rGPA is associate with a .9 percentage point 

increase in not applying to college. Furthermore, the total association is the sum of all three 

pathways, or: -.016 + -.002 + .009 = -009. This indicates that once test scores and rGPA are 

accounted for students in low-poverty schools are only .9 percentage points less likely to not 

apply to college than students in high poverty schools.  

Types of Colleges Students Applied To 

 Multinomial estimates of the association between school poverty, test scores, and rGPA 

on the types of first-choice colleges to which students apply is reported in Table 4. The first four 

models examine the direct association between school poverty and college application choice 

and how that association is attenuated by both student and school-level variables. In the first 

model, we see that with the exception of NSPV4 colleges there is a significant difference 

between the college application behaviors of students in low, medium, and high-poverty schools. 

However, the differences between college applications and school poverty are not uniform across 

the different kinds of colleges to which students apply. For instance, students in medium-poverty 

schools are only slightly less likely to apply to FP colleges than students in high-poverty schools 

(approximately 1.4 percentage points), however, students in low-poverty schools are about 3.3 
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percentage points less likely, which indicates a somewhat similar step decrease across poverty 

contexts. On the other hand, while students in medium-poverty schools are approximately 3.2 

percentage points less likely to apply to a 2Y college than high-poverty school students, those in 

low-poverty schools are nearly 16 percentage points less likely to apply to a 2Y college. The 

results also show that students from medium and low-poverty schools are less likely to apply to 

NSP4, 2Y, and FP colleges—or not at all—but they are more likely to apply to SPV4 colleges 

than students in high-poverty schools. 

Models 2 and 3 of Table 4 add controls for student and school level controls, 

respectively, and Model 4 combines both student and school level controls. In Models 2 and 3, 

we see that much of the direct association between school poverty and the type of college 

applications is attenuated by the addition of statistical controls. Across the board, when student-

level variables are considered, the difference in probability of applying to a FP college is cut in 

half for both medium and low-poverty school students. When controlling for student-level 

variables differences between low and high-poverty school students may decrease yet stay 

significantly different while the difference between medium and high-poverty school students 

becomes statistically insignificant. Such is the case for FP, 2Y, SP4, and SPV4 colleges. 

However, Model 2 shows that the addition of student level variables does little to the relationship 

between school poverty and applying to NSP4 colleges. In Model 3, with the addition of school-

level variables, there is a similar pattern to Model 2. For instance, the relationship between 

school poverty and applying to SPV4 colleges is only slightly attenuated and the relationship 

with FP colleges barely changes at all. However, for other associations, such as that for NSP4, 

we see that that relationship is quite diminished. All told, the amount that student or school level 
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variables account for the association between school poverty and choice of college is neither 

consistent nor universal.  

Model 4 presents estimates of the association between school poverty and type of college 

applied to—if they applied to a college—with controls added for all student and school-level 

variables. In Table 3 I showed that the direct association between applying or not applying to 

college and school poverty was a tenuous one and, in this table, I show that this extends also to 

the types of colleges to which students are applying. Indeed, the results from Model 4 in Table 4 

show that there is still no significant difference between high and medium-poverty schools as to 

whether students do not apply to college at all and the difference between low and high-poverty 

schools is 1.4 percentage points This is approximately a 33% decrease in the likelihood of not 

applying to college attributable to differences in school poverty. For the students who do apply to 

colleges, only the relationship between school poverty and SP4 colleges is significant. The 

estimates in Model 4 suggest that once student and school level variables are controlled for, for 

students who apply to college, the only difference between medium/high-poverty and low/high-

poverty schools and the first choice of students applying to college is for students whose first 

choice of college is the most selective, public 4-year colleges. In this case, students in low-

poverty schools are approximately 5 percentage points more likely to mark these colleges as their 

first choice of school compared to student in high-poverty schools.  

 After evaluating the direct association between school poverty and college applications, I 

added rGPA and 11th grade math achievement into the model to examine how the hypothesized 

frog-pond mechanism acts as an indirect conduit for school poverty to drive college applications. 

As shown in Table 4, school poverty is a significant predictor of both tested achievement and 

rGPA which are, in turn, significantly predictive of whether students apply to college. The 
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current question is whether tested achievement and rGPA predict the types of schools students 

apply to. Models 5 and 6 add rGPA and 11th grade math achievement, respectively, controlling 

for all student and school level variables. In Model 7, I estimate a multinomial model with all 

controls as well as rGPA and math achievement simultaneously.  

 What should be noticed first about the association between rGPA and the types of 

colleges to which students apply is the near ubiquitous of statistically significant estimates. With 

the exception of non-selective public and private 4-year colleges, rGPA is a significant predictor 

of where students first choice of school is net of all controls. Moreover, not only is rGPA a 

significant predictor, the magnitude of its association is also noteworthy. With respect to 2Y 

colleges, a one standard deviation increase in rGPA decreases the likelihood of this school as a 

first choice is more than 12 percentage points. For comparison, the estimate for low-poverty 

schools is only about 7 percentage points difference from high-poverty schools. In fact, where 

significant, the estimate for rGPA is typically larger than that of low-poverty schools. It should 

be remembered that being in a low-poverty school tends to decrease rGPA, so these estimates, in 

the full model, actually work against each other and these results suggest that despite the boost 

from being a low-poverty school, a low-ranked student would be less likely to first choose a SP4 

college than a much higher ranked student in a high-poverty school—the difference in estimates 

is approximately 2 percentage points. 

 Unsurprisingly, estimates for rGPA move the needle for college applications in the 

direction which would be predicted. Which is to say that students who are higher ranked than 

their peers are more likely to choose to apply to more selective, 4-year schools, but less likely to 

not apply or to claim 2Y or FP colleges as their first choice. What is noteworthy though is that 

differences in school poverty—which were previously insignificant of very small—become 
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larger or become statistically significant when rGPA is included in the model. For instance, 

students in low-poverty schools are 7.7 percentage points less likely to state that their first choice 

of college application is 2Y colleges when the model accounts for rGPA, however, the difference 

is insignificant in the previous model without rGPA. This seems to suggest that differences in 

relative class standing increase the differences in college application choices for similar students 

across school poverty contexts.  

 On the other hand, Model 6, which includes student/school level controls and 11th grade 

math achievement, suggests that test scores act as a traditional mediator. In essence, when added 

to the model, test scores account for much of the association between school poverty variables 

and college application. Specifically, in the case of SP4 colleges, the addition of test scores 

renders the difference between high and low-poverty schools insignificant. Put a different way, it 

suggests that test scores account for the difference in college application choice for students in 

these school poverty contexts.  

 As Model 6 shows, test scores, in and of themselves are also significant predictors of 

students’ first choice of college. In fact, in all cases, test scores are a significant predictor of the 

types of colleges students choose to apply to, or if they apply to college at all. This was not the 

case with rGPA, which was not a significant predictor in one case. One interesting takeaway 

form Model 6 is how the connection between test scores and choice of college applications 

skews toward selectivity rather than level or type of college. Students with higher test scores are 

more likely to apply to college overall, to be sure, but they are also less likely to apply to 2y and 

FP colleges, -10.5 and -1.7 percentage point decrease with a one standard deviation increase in 

test scores, respectively. However, students with higher test scores are also less likely to apply to 

less-selective 4-year colleges—public or private—than to more selective schools.  
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 In Model 7, I estimate a final multinomial regression which includes both rGPA and test 

scores in addition to the whole complement of student and school level controls. Results from 

this model show, similar to Model 5 that the inclusion of rGPA makes the difference between 

school poverty contexts statistically significant in several instances, despite the fact that test 

scores tend to render school poverty an insignificant predictor of college application choice. In 

the case of FP colleges, the likelihood of this being reported as first choice is lower for students 

in both medium and low-poverty schools, relative to high-poverty schools. Typically, rGPA and 

test scores are both significantly predictive of college applications when simultaneously included 

in the model. However, in the case of NSPV4 colleges, only test scores are predictive, showing 

that a one standard deviation increase in test scores correlates to a 1.1 percentage point decrease 

in the probability of first applying to this type of school.  

 In general, the magnitude of the association between test scores/rGPA and college 

application choice are similar—within 1-2 percentage points difference—although rGPA tends to 

be a larger effect. It should be noted that in the hypothesized model and according to Table 4, 

these variables tend to work in opposite directions, cancelling each other out. For instance, in the 

case of FP colleges, the coefficients for rGPA and test scores is -1.5 and -1.2, respectively. 

However, since lower school poverty tends to increase test scores and lower rGPA, if one 

increased by one standard deviation and the other decreased by the same amount, there would be 

nearly zero net gain for the student in the low-poverty school. 

 In the case of SP4 colleges, which the plurality of students claim as their first choice of 

college, the estimate for rGPA greatly eclipses that of test scores (.108 to .065, respectively). If 

these variables each moved one standard deviation in the opposite direction, the net effect would 

be approximately 4.3 percentage points in the direction of rGPA. Put a different way, this would 
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make students 4.3 percentage points less likely to apply to SP4 colleges overall. An effect of this 

magnitude would be cancelled by the effect of being in a low-poverty school, however, that 

would not be the case for students in medium-poverty schools.  

 Results from this multinomial analysis extend the understanding of the relationship 

between school poverty and college application behaviors. Previously, I showed that frog-pond 

effects—driven by school poverty—had a significant predictive power with respect to whether or 

not students applied to college which outweighed the benefit of increased test scores. This 

analysis shows that not only do frog-pond effects drive the choice to apply, it also is associated 

with students’ first choice of college, and it works in the opposite direction of test scores. While 

in several cases test scores and the frog-pond effect associated with rGPA tend to cancel each 

other out, in several notable instances they do not. Moreover, it seems that students in medium-

poverty schools may be negatively affected by a decrease in class standing, more so than they 

would be benefitted by an increase in test scores.  

EXTENDED ANALYSES 

Heterogeneous Treatment Effects  

Results of this analysis until now have shown clearly that a) both test scores and relative 

GPA are strongly associated with both the choice to apply to college and the types of colleges to 

which students choose to apply, and b) the effect of each of these variables runs counter to the 

other. Moreover, where both are significant predictors of outcomes, they tend to cancel each 

other out. Indeed, the results indicate that there may be little to gain by way of test scores for 

moving students from higher to lower-poverty schools that is not undone by the loss of relative 

standing. There is, however, a question as to whether the association between class standing and 

test scores is as strong for all students irrespective of their individual academic performance. For 
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instance, would a change in school poverty context have the same effect on students with high 

GPAs as it would for students with low GPAs; do test scores or relative class standing matter 

equally for students with very high and very low GPAs? 

My third set of models estimate the heterogeneous effects of test scores and relative GPA 

on the choice of colleges to which students apply. Students were divided into groups based on 

their comprehensive 11th grade GPA: students above 3.5, students between 3.5 and 2.5, and 

students below 2.5 GPA. These bins were chosen to represent a general level of student 

performance reflected in their mix of class grades. For instance, a student carrying 6 courses with 

3 As and 3 Bs would have a 3.5 GPA on a 4.0 scale, therefore, students above a 3.5 are those 

who have more than half As. On the other hand, A student with a 2.5 GPA and a 6-course load 

would have 3 Bs and 3 Cs, indicating that students below 2.5 GPA would have mostly Cs and 

below. Given the average GPA of the sample of approximately 3.0 grade points—mostly Bs, this 

seemed to be a prudent division of students: mostly As, mostly Bs, mostly Cs and below. 

Table 5 presents the marginal effect estimates of multinomial logistic regressions of 

school poverty on choice of college application which are laid out similarly to those in Table 4—

the direct effect of school poverty on college applications and then through the mediated legs of 

test scores and relative GPA. Table 5 is presented in three sections for those in the 

aforementioned grade point categories.  

The first group are those students whose cumulative GPA in 11th grade was above a 3.5. 

The first thing which should stick out to the observer is the underwhelming lack of significant 

figures in the estimates for these students. Relative GPA is, by and large, a completely 

insignificant predictor of either the choice to apply to college or to the choice of colleges to 

which students apply. On the other hand, test scores are a significant predictor of choice of 
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college application to all but both FP, SP4, and NSP4 college and universities. Indeed, it seems 

as though test scores have a very strong association with the choice to apply to SPV4 colleges 

and universities with a one standard deviation increase in test scores increasing the probability of 

choosing to apply to one of these colleges by 8.7 percentage points.  

 On the other hand, estimates indicate that there are statistically significant associations 

between relative GPA, test scores and college application choices for students with GPAs from 

3.5 and below. For students whose GPAs are between 3.5 and 2.5, these estimates tend to mirror 

those for the entire sample with respect to which college choices they are most predictive of and 

that, in general, test scores and relative GPA tend to cancel each other’s effect. Only in the case 

of students whose first choice of college are FP and NSP4 colleges is one predictor significant 

and not the other. For the “mostly B” students, test scores and/or both test scores and rGPA are 

predictive of college choice for all categories with the exception of NSPV4 schools for which 

neither is a statistically significant predictor.  

 For students with GPAs below 2.5, rGPA has a much stronger association with first 

choice of college applied to. Whereas—for students between 3.5 and 2.5—it seemed that test 

scores and rGPA tended to cancel each other out, that is not the case for those in the lowest GPA 

category. Indeed, as Table 5 shows, for students below 2.5, test scores are not a strong predictor 

of college choice overall, being only predictive of the choice to apply or not and to SPV4 and 

SP4 colleges and universities. Relative GPA, on the other hand, is predictive of all college 

choices with the exception of NSPV4 colleges. Moreover, for college categories where both test 

scores and rGPA are both significant predictors of college choice, the magnitude of the 

association for rGPA is much larger for that of test scores. For instance, in the choice to apply to 

college or not, a one standard deviation increase in rGPA is associated with a 11.9 percentage 
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point decrease in the likelihood of not applying to college, however, a similar increase in test 

scores is only associated with 3.6 percentage point decrease in the likelihood of not applying to 

college.  

 With respect to the types of colleges and universities that students claim as their first 

choice, here again we see that rGPA has a stronger association than test scores for students with 

the lowest overall GPA. A one standard deviation increase in the rGPA of these students 

indicates an 8.9 percentage point increase in the likelihood of applying to SP4 colleges or a 4.0 

percentage point increase in applying to SPV4 colleges and universities. On the other hand, a one 

standard deviation increase in test score is only associated with a 4.5 and 1.5 percentage point 

increase in first choosing to apply to the same types of colleges or universities.  

 For the students with the lowest GPAs, school poverty also seems to have a stronger 

association with choice of college which is not evident for students with higher GPAs. Indeed, 

students in low-poverty schools with GPAs below 2.5 are still 7.8 percentage points more likely 

to apply to college than those in high-poverty schools. Low-GPA students in medium and low-

poverty schools are 3 and 4.3 percentage points less likely to apply to for-profit schools, 

respectively, than students in high-poverty schools. Additionally, low-GPA students in low-

poverty schools are 5.8 percentage point more likely to apply to SP4 colleges and universities 

than similar students in high-poverty schools.   

In total, the results of these analyses indicate that, by and large, school poverty is not an 

exceptionally strong, direct predictor of whether students apply to college, or to which colleges 

students apply. While there are some associations—particularly for students with very low 

GPAs, they are neither consistent nor very strong overall. However, school poverty is a strong 

indicator of the proposed mediators outlined in Figure 1a: test scores and relative GPA. In this 
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regard, students in higher school poverty settings tend to have lower test scores, but higher 

relative GPA than similar students in lower poverty schools and it is these associations which are 

strongly predictive of both the choice to apply to college and to which schools students choose to 

apply. Moreover, these associations are also linked to a student’s overall GPA in the 11th grade. 

Students on the higher end of the spectrum tending to be less affected by their relative GPA with 

students on the low end of the GPA distribution being much more influenced by relative 

positioning.  

Multiple Propensity Score Estimates 

Lack of randomization involved in cross-sectional studies introduces selection bias to 

proposed models. Families, to some extent choose the neighborhoods, towns, states, etc. in 

which they live and, as such, select into different schools. This selection into schools may 

confound estimates to the extent that there are systemic differences in the ways that families 

select into different school poverty conditions. In order to adjust for possible selection bias 

across multiple, possible treatment conditions—school poverty—I will use a multiple propensity 

score method to estimate (Spreeuwenberg et al, 2010; McCaffrey et al, 2013). This method uses 

a multinomial logistic model to predict the probability of receiving any treatment, conditional on 

baseline characteristics associated with selection into school poverty contexts: prior 

achievement, race/ethnicity, gender, SES. Using this method, I will recreate the mediation 

analysis proposed in Figure 1a which proposes that relative GPA and tested achievement mediate 

the link between school poverty and the choice to apply to college for comparison.  

Similar to traditional propensity score matching methods, propensities, or likelihoods of 

receiving the treatment are created using a multinomial logistic regression rather than the 

traditional logistic regression with a binary outcome. However, because the treatment is a not a 
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dichotomous choice (received treatment vs. did not receive treatment) three separate propensity 

scores/probabilities are estimated—one each for each of the “treatment” arms. In this regard, 

multiple propensity score estimations differ from traditional propensity score matching in that 

estimations are not weighted or conditioned on the amount of people who have the same 

propensity scores, rather estimates are conditioned on an individual’s propensity to have been in 

any of the three treatment conditions. Traditional propensity score matching often drops cases 

from the estimation for which there are not good matches (those with abnormally high or low 

propensities), however, the multiple method is able to retain these cases because it doesn’t rely 

on a second individual with a similar propensity to make a match with. 

After propensity estimation, distributions of estimated treatment probabilities are 

compared within treatment levels to ensure adequate overlap for comparison. Balance along 

matching variables is demonstrated by comparing group mean differences before and after 

conditioning on treatment probabilities using OLS and logit models for continuous and 

dichotomous predictors, respectively (Spreeuwenberg et al, 2010). Multinomial logistic 

regressions are used to predict the log odds of applying to different college levels using non-

selective, public 4-year colleges as the comparison. For ease of interpretation, all log odds 

coefficients are converted to average marginal effects and reported as the difference in the 

probability of occurrence relative to low-income schools. I use low-poverty schools as the 

comparison for high-poverty school treatment conditions and all models are conditioned on 

estimated probabilities of receiving treatment in medium and high-income schools. Estimating 

final models controlling for each student’s propensity to be in any of three treatment conditions 

is shown to produce unbiased estimates (Spreeuwenberg et al, 2010). 
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 I matched students on race/ethnicity, gender, 9th grade standardized math achievement, 

and a composite of socioeconomic status—a composite of family income, parental education, 

and parental job category—at the beginning of 9th grade. These variables are used in a 

multinomial logit model to predict the propensity (probability) of being in any of the three 

poverty conditions. These scores are created from the entire sample before creating the analysis 

sample so that propensity scores do not reflect the propensity to also be in the analysis sample. 

As Spreeuwenberg and colleagues note (2010) it is important that there is substantial overlap in 

the distributions of all three propensity scores for students in each of the three poverty 

conditions. Figures 2, 3, and 4 show the distributions of the propensity scores for students in 

each of the three conditions. Visual inspection reveals that there does seem to be considerable 

amount of overlap in the propensity to be in any condition for students in all three poverty 

conditions.  

 After creating propensity scores using the matching process, the next step is to check for 

balance across poverty conditions for matching variables. This step is completed by regressing 

matching variables—OLS and logistic—on treatment variables, conditional on propensity scores 

and their product for each pairwise combination of poverty conditions. Table 6 provides group 

mean differences for each pair of poverty conditions. No differences were statistically significant 

after matching. Spreeuwenberg and colleagues (2010) suggest adding polynomial conversions 

and cross-products of matching variables if balance is not achieved. In this case, balance was 

achieved between treatment conditions, and I can proceed with data analysis. 

 Table 7 and 8 recreate the mediation analysis hypothesized in Figure 1a conditioned on 

the propensity of each student to attend high schools of varying poverty levels. Table 8 shows 

the direct and mediated relationship between school poverty and college applications, while 
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Table 7 shows the association between school poverty and the proposed mediators—conditioned 

on school and student-level controls as well as propensity scores. Estimates in Table 7 

correspond to the fourth model of each proposed mediator in Table 2. As in the main analysis, 

Table 7 indicates that there is no direct relationship between school poverty and student GPA net 

of controls. However, as is also shown in the main analysis, there are strong, statistically 

significant differences in relative GPA and tested achievement which are attributable to school 

poverty net of controls. Table 2 indicates that when school and student-level controls are taken 

into consideration, students in medium and low-poverty schools, on average, have .141 and .361 

lower rGPA than students in high-poverty schools, respectively, and .082 and .160 standard 

deviation higher math scores. As shown in Table 7, when additionally conditioned on propensity 

scores, students in medium and low-poverty schools have .146 and .371 lower rGPA and .096 

and .171 higher test scores than student in high=poverty schools, respectively. 

 Tables 3 and 8 show the proposed mediation of the association between school poverty 

and college applications by test scores and rGPA before and after conditioning on the propensity 

to attend different schools, respectively. The results in Table 8 again show that this propensity 

conditioning does not, necessarily alter the results from the main analysis. As the fourth model in 

both Tables 3 and 8 show, once conditioned on school and student-level controls—and 

propensity scores—there is a small, but significant differences in the likelihood of applying to 

college between student in high and low-poverty schools but not between high and medium-

poverty schools (.016 without propensity scores and .013 with). However, conditioning on 

propensity scores does seem to alter the baseline probability of not applying to college—.034 

and .028 without and with propensity scores, respectively. This relationship maintains when 

controlling for both rGPA and test scores, as the seventh model in Tables 3 and 8 indicate, 
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specifically that the difference between low and high-poverty schools is significant, but not 

between medium and high-poverty schools.  

 Propensity scores also seem to not greatly change the association between rGPA and test 

scores and not applying to college as shown in Tables 3 and 8. Without propensity scores, a one 

standard deviation increase in rGPA is associated with 2.4 percentage point decrease in the 

likelihood of not applying to college, which is only 2.0 percentage points when conditioning on 

propensity scores. A one standard deviation increase in test scores is associated with a 1.2 

percentage point decrease in the probability in not applying to college without propensity scores 

and a .9 percentage point decrease with propensity conditioning. All of these figures are 

statistically significant.  

 Conditioning on the propensity to attend high schools of differing poverty levels does not 

greatly alter the results of the main analysis in Tables 2 and 3. This lends a great level of support 

to the precision of this main analysis in the absence of randomization, which indicate that school 

poverty is not a strong predictor of the decision to apply to college directly but, rather, that it 

drives relative position and test scores which are strongly associated with college applications. 

Moreover, these results also show that the magnitude of the effect of school poverty on relative 

GPA is considerably larger than that of test scores. To the extent that there may be bias in the 

main analyses, it does not seem to be generated from the treatment itself.  

DISCUSSION 

 The preceding analyses examined the choice of college applications for similar students 

who attend high schools of different poverty levels from 9th – 11th grade. They examined whether 

there were differences in the rate at which students applied to college and whether students in 

schools with different overall poverty levels tended to choose to apply to different types of 
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postsecondary institutions (e.g., public vs. private, selective vs. non-selective, for profit vs. not-

for-profit). More importantly, this relationship was examined through the lens of two 

countervailing forces: tested achievement which is hypothesized to increase in lower poverty 

settings, and relative standing (measured by the difference between individual GPA and peer 

average GPA) which is hypothesized to decrease in lower poverty settings. Overall, there are a 

number of findings worth discussing, both expected and unexpected.  

 This study proposed (see Figure 1a) that the level of poverty in schools would have a 

direct link to student plans after high school as evidenced by whether students applied to college 

and the types of colleges to which they applied. There were, however, very few estimates which 

would support this conclusion as a general rule. While there was a significant difference between 

the rates of college applications between students in the highest and lowest poverty settings, the 

same relationship did not hold between high and medium-poverty schools. These results give the 

impression that, in general, most schools are getting students to apply to colleges and universities 

after high school. Despite the statistically significant difference in the rates of college 

applications between high and low-poverty schools, the overall rate of college application for the 

entire sample is still around 95% of all students in the analysis sample!  

However, when examining the types of schools to which students applied to, school poverty 

was significant in several situations—even if only between low and high-poverty schools. 

Students in high-poverty schools were significantly more likely to apply to for-profit schools or 

to less-selective public schools than similar students in low-poverty schools. These results show 

us that despite the overall high rates of college application, in general, if there is a direct link 

between school poverty and college applications, it likely takes place in terms of where students 
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in different schools tend to apply—which schools do these students imagine that they would be 

accepted to. 

This study also hypothesized that the link between school poverty and college 

applications was likely to be mediated by a set of relationships which were driven by school 

poverty. First, I predicted that when comparing students who were similar at the beginning of 

high school, those who attended lower poverty schools would tend to have higher achievement 

scores than those who attended higher poverty schools. Conversely, I hypothesized that when 

comparing students who were similar in the 9th grade, students who attended lower poverty 

schools would have lower GPAs relative to the peers in their schools than students who attended 

higher poverty schools. As evidenced in both the main analyses and in subsequent, matched 

analysis, these relationships were shown to both exist and be statistically significant.  

However, in addition to the existence of the relationship, it was hypothesized that both 

test scores and relative GPA would be strongly predictive of college applications and that their 

effects would run counter to one another. The results of these analyses indicate that this is also 

the case. A student who attends a low-poverty high school from 9th – 11th grade can expect to 

have higher test scores than a similar student who attends a high-poverty school from 9th – 11th 

grade, but also to have a lower GPA relative to their peers. Moreover, these estimates indicate 

that the magnitude of the effect is stronger from relative GPA than it is for test scores, which is 

to say that relative GPA decreases to a greater degree than test scores increase given very similar 

students who attend high schools with different levels of poverty. Furthermore, these analyses 

show that these relationships tend to cancel each other out with respect to their association with 

college applications—gains in test scores are quickly undone by losses in relative standing.  
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 These countervailing effects are important to note because they highlight an issue which 

often goes unaddressed in the literature: unintended consequences. Indeed, in an examination of 

the effects of rezoning schools based on socioeconomic factors in Wake County, NC, the authors 

never address the consequences of frog-pond effects which are unavoidable (McMillian, et al., 

2018). These results provide at least two reasons why policy evaluators should be less sanguine 

about the results from Wake County. First, test scores are a means to an end and are, generally, 

meaningless unless they predict some outcome, such as whether students will apply to college or 

to which colleges students will apply. These results indicate that whatever gains are to be had 

from increasing a student’s test score via socioeconomic integration of schools, they are quickly 

nullified by the loss of relative standing.  

Secondly, changes in school poverty context, unless the change in context is 

considerable, are likely to lead to negative consequences. Estimates from these analyses indicate 

that while effects of test scores and relative GPA run counter to each other, the effects of rGPA 

are usually larger indicating some lingering negative effect once test scores are accounted for. In 

general, the difference between high and low-poverty schools is such that it negates the frog-

pond effect. However, since there is not a significant difference—in most cases—between high 

and medium-poverty schools, frog-pond effects outweigh test score gains. To put a different 

way, the frog-pond effect is strong enough that students in medium-poverty schools are less 

likely to apply to college on average than similar students in high-poverty schools. Indeed, only 

the change from high to low-poverty schools is likely to have a slightly positive benefit for 

students, if not completely negligible. These united consequences should be considered and 

addressed. 
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One additional aspect of the unintended consequences is in the form of heterogenous 

effects of test score boosts and frog-pond drags. Results show that students who are high-

performing in general (mostly As) may receive the benefits of test scores without the negative 

frog-pond effect. The test score boost to college applications, however, is only marginally 

significant in most cases which indicates that these students are already prone to applying to 

college and do not necessarily “need” the boost in test scores. On the other hand, students who 

are most likely to benefit from a boost in test scores (especially those with mostly Cs and below) 

also turn out to be the ones for whom frog-pond effects are the most salient.   

Furthermore, these results imply that organizational phenomena may play a very strong 

role in student outcomes. Test scores make for easy, measurable outcomes which in and of 

themselves are strongly associated with a number of other important outcome (i.e., high school 

graduation, college application and attendance, earnings, etc.). However, the results of this 

analysis show that being in a strong position relative to your peers may be equally as, if not 

more, important than test scores. Several studies have suggested that peer composition may 

influence aspirations; this study takes it a step further and explicitly measures how an 

individual’s grades, relative to their peers, predict students’ first choice of college application. 

While we may measure the quality of effectiveness of schools based on how well their students 

do on standardized tests, it is safe to say that we do not generally ask about how schools interface 

with students based on their relative position to their peers.  

Lastly, there are a number of implications with respect to postsecondary aspirations and 

state policies. Many states have some sort of guarantee of admission to state schools for students 

who rank above a certain percentile of their class. Researchers examining Texas’ top 10% rule 

found that a guarantee of admission may have expanded the pool of applicants to schools which 
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did not normally send students to certain, more selective schools and lowered the average SAT 

score of these applicants (Fletcher & Mayer, 2014). While the results of this analysis indicate 

that there are still differences between higher and lower poverty school contexts and where 

students choose to apply—adjusting for state fixed effects—the data from Texas indicate that 

strategic public policies may be able to entice students in higher-poverty schools to apply to 

more selective schools. And with states like California dropping standardized test scores from 

public college admissions consideration, it is possible that more students from higher-poverty 

school contexts may be choosing to apply to more selective schools in California, rather than less 

selective schools. 

FURTHER RESEARCH 

 Based on the results and limitations of this study, there are a number of directions which 

could or should be followed up on in order to extend these analyses and improve the precision of 

estimates, as well as discovering any mechanisms of these frog-pond effects. Since school 

districts collect more comprehensive administrative data on their students, including test scores 

and GPAs, using large administrative data sets could provide more precise estimates of frog-

pond effects by utilizing full representative samples at the district or state-level (even over time).  

 Another possible pathway for researchers, especially those who focus on the psycho-

social aspects of schooling, may be to use this nationally representative data set to follow in the 

footsteps of Marsh and Parker (1984) whose research indicated that students in higher poverty 

context schools tended to have higher levels of self-concept compared to similar students in 

lower poverty contexts schools—they called this this the Big Fish Little Pond Effect. It may be 

possible to utilize similar measures in the HSLS to articulate a mechanism by which the frog-
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pond effect and its focus on relative position to peers leads to variations in college applications 

across school poverty contexts for very similar students.  

CONCLUSION 

School poverty and the segregation between high and low-poverty schools is a pervasive 

problem in the United States with broad-reaching implications for disparities beyond the 

schoolgrounds. For this reason, advocates have pushed for economic integration of schools as a 

way to lift the achievement of low-income students and elevate their academic trajectories. 

Research indicates in at least one school district that this kind of integration policy can have a 

positive association with tested achievement (McMillian, et al., 2018). The results of this study 

are somewhat less sanguine about the prospect of economic integration of schools as a way to 

raise the prospects of students in high-poverty contexts.  

 Lower school poverty is associated with higher test scores, but the association between 

test scores and college applications is outweighed by the frog-pond effect of lower relative class 

standing. The frog-pond effect has a net negative association—in most cases—when comparing 

high and medium-poverty schools suggesting that any program which only incrementally 

decreases school poverty is likely to have some unintended negative consequences on student 

achievement. Importantly, frog-pond effects are most strongly associated with mediocre to low-

performing students, with little to no effect on students with GPAs over 3.5—well above 

average. These results indicate that there is a small contingent of students for whom a change of 

poverty context may have a neutral to positive effect on, but that this group of students is 

relatively small. While these results suggest that a decrease in school poverty is associated with 

application to “better” colleges, this is only the case when comparing low and high-poverty 
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schools. This again suggests that only drastic changes to school poverty contexts (a politically 

fraught idea in and of itself) are likely to have large effects on student outcomes, in general.  

Given that there is still a positive association between school poverty and college 

applications net of test scores and frog-pond effects—or whether they are private or public 

schools—the results suggest that there is something about low-poverty schools that is a boon for 

students. Lower poverty schools have access to greater amounts of resources and generally have 

a more academically focused counseling culture associated with college-going behaviors 

(McDonough, 1991, 1997; Klugman, 2012; Robinson & Roksa, 2016). However, moving 

students to much lower poverty contexts increase the likelihood that students are shutout from 

many of the academic benefits of attending such schools like AP courses (Crosnoe, 2009). It 

seems unlikely that students with low class standing who are taking few to no advanced or 

college preparatory courses are likely to be pushed toward applying to the most selective 

colleges and universities. This, however, is an empirical question which can and should be 

answered by future research.  

Should we then let students languish in low-performing, high-poverty schools? 

Unsurprisingly, the answer to this question is: of course not! However, I would argue that the 

choice is not a dichotomy between economic integration and allowing students to languish. I 

would suggest that it is more important to identify the structural and organizational features of 

high-performing and/or low-poverty schools—climate, culture, processes, etc.—which are most 

predictive of academic success and work to reproduce those in preexisting schools rather than 

working to create new schools.  

 

 



 

63 

 

Works Cited 

Adelman, C. (2006). The toolbox revisited: Paths to degree completion from high school through 

college. Washington, D.C.: U.S. Department of Education. 

Alexander, K., Entwisle, D., & Olson, L. (2014). The long shadow: Family background, 

disadvantaged urban youth, and the transition to adulthood. New York: Russell Sage 

Foundation. 

Angrist, J. D., & Lang, K. (2004, December). Does school integration generate peer effects? 

Evidence from Boston's Metco program. The American Economic Review, 94(5), 1613-

1634. 

Armor, D. J., Marks, G. N., & Malatinsky, A. (2018). The impact of school SES on student 

achievement: Evidence from U.S. statewide achievement data. Educational Evaluation 

and Policy Analysis, 1-18. 

Attewell, P. (2001). The winner-take-all high school: Organizational adaptations to educational 

stratification. Sociology of Education, 74(4), 267-295. 

Baron, R. M., & Kenny, D. A. (1986). The moderator-mediator variable distinction in social 

psychological research: Conceptual, strategic , and statistical considerations. Journal of 

Personality and Social Psychology, 51, 1173-1182. 

Bodovski, K., & Farkas, G. (2007). Mathematics growth in early elementary school: The roles of 

beginning knowledge, student engagement, and instruction. The Elementary School 

Journal, 108(2), 115-130. 



 

64 

 

Borman, G. D., & Dowling, M. (2010). Schools and inequality: A multilevel analysis of 

Coleman's Equality of Educational Opportunity data. Teachers College Record, 112(5), 

1201-1246. 

Carlson, D., Bell, E., & A, L. M. (2020). Socioeconomic-based school assignment policy and 

reacial segregation levels: Evidence from the Wake County Public School System. 

American Educational Research Journal, 57(1), 258-304. 

Clotfelter, C., Ladd, H. F., Vigdor, J., & Wheeler, J. (2007). High-poverty schools and the 

distribution of teachers and principals. North Carolina Law Review, 85, 1345-1380. 

Crosnoe, R. (2009). Low-income students and the socioeconomic composition of public high 

schools. American Sociological Review, 74, 709-730. 

Cunha, F., & Heckman, J. J. (2007). The technology of skill formation. Washington, D.C.: 

National Bureau of Economic Research. 

Dale, S. B., & Krueger, A. B. (2002). Estimating the payoff to attending a more selective 

college: An application of selection on observables and unobservables. Quarterly Journal 

of Economics, 117(4), 1491-1527. 

Davis, J. A. (1966). The campus as a frog pond: An application of the theory of relative 

deprivation. American Journal of Sociology, 72(1), 17-31. 

Denning, J. T., Murphy, R., & Weinhardt, F. (2019). Class rank and long-run outcomes 

(EdWorkingPaper No. 19-73). Retrieved from Annenberg Institute at Brown University. 

Retrieved from http://edworkingpapers.com/ai19-73 



 

65 

 

Domina, T., Pharris-Ciurej, N., Penner, A. M., Penner, E. K., Brummet, Q., Porter, S., & 

Sanabria, T. (2018). Is free and reduced-price lunch a valid measure of educational 

disadvantage. Educational Researcher, 1-17. 

Duncan, G. J., Dowsett, C. J., Claessens, A., Magnuson, K., Huston, A. C., Klebanov, P., . . . C, 

J. (2007). School readiness and later achievement. Developmental Psychology, 43(6), 

1428-1446. 

Duncan, G. J., Magnuson, K., Kalil, A., & Ziol-Guest, K. (2012). The importance of early 

childhood poverty. Social Indicators Research, 108, 87-98. 

Eagan, K., Stolzenberg, E. B., Bates, A. K., Aragon, M. C., Suchard, M. R., & Rios-Aguilar, C. 

(2015). The American freshman: National norms fall 2015. Los Angeles: Cooperative 

Institutional Research Program. 

Engberg, M. E., & Wolniak, G. C. (2010). Examining the effects of high school contexts on 

postsecondary enrollment. Research in Higher Education, 51, 132-153. 

Engberg, M. E., & Wolniak, G. C. (2014). An examination of the moderating effects of the high 

school socioeconomic context on college enrollment. The High School Journal, 97(4), 

240-263. 

Espenshade, T. J., Hale, L. E., & Chung, C. Y. (2005, October). The frog pond revisited: High 

school academic context, class rank, and elite college admissions. Sociology of 

Education, 78, 269-293. 



 

66 

 

Farkas, G., Sheehan, D., & Grobe, R. P. (1990). Coursework mastery and school success: 

Gender, ethnicity, and poverty groups within an urban school district. American 

Educational Research Journal, 27(4), 807-827. 

Fletcher, J. M., & Mayer, A. (2014). Tracing the effects of guaranteed admission through the 

college process: Evidence from a policy discontinuity in the Texas 10% plan. 

Contemporary Economic Policy, 169-186. 

Goldsmith, P. R. (2011). Coleman revisited: School segregation, peers and frog ponds. American 

Educational Research Journal, 48(3), 508-535. 

Hanushek, E. A., Kain, J. F., Markman, J. M., & Rivkin, S. G. (2003). Does peer ability affect 

student achievement? Journal of Applied Econometrics, 18, 527-544. 

Harwell, M., & LeBeau, B. (2010). Student eligibility for a free lunch as an SES measure in 

education research. Education Researcher, 39(2), 120-131. 

Hoxby, C., & Avery, C. (2012). The missing "one-offs": The hidden supply of high-achieving, 

low-income students. 2013(1). doi:10.3386/w18586 

Indiana University Center for Postsecondary Research. (2020, July 25). Undergraduate Profile 

Classification. Retrieved from The Carnegie Classification of Institutions: 

https://carnegieclassifications.iu.edu/classification_descriptions/undergraduate_profile.ph

p 

Jennings, J. L., Deming, D., Jencks, C., Lopuch, M., & Schueler, B. E. (2015). Do differences in 

school quality matter more than we thought? New evidence on educational opportunity in 

the twenty-first century. Sociology of Education, 88(1), 56-82. 



 

67 

 

Kahlenberg, R. D. (2001). All together now: Creating middle-class schools through public 

school choice. Washington, D.C.: Brookings Institution Press. 

Kahlenberg, R. D. (2007). Socioeconomic school integration. North Carolina Law Review, 85, 

1545-1594. 

Kelly, S. (2008). What types of students' effort are rewarded with high marks? Sociology of 

Education, 32-52. 

Klugman, J. (2012). How resource inequalities among high schools reproduce class advantages 

in college destinations. Research in HIgher Education, 53, 803-830. 

Klugman, J., & Lee, J. C. (2018). Social closure, school socioeconomic composition, and 

inequality in college enrollments. Social Science Research. Retrieved from 

https://doi.org/10.1016/j.ssresearch.2018.12.021 

Kozlowski, S. W., & Klein, K. J. (2000). A multilevel approach to theory and research in 

organizations: Contextual, temporal, and emergent processes. In K. J. Klein, & S. W. 

Kozlowski, Multilevel Theory, Research, and Methods in Organizations (pp. 3-90). San 

Francisco: Jossey-Bass. 

Kozol, J. (2012). Savage inequalities: Children in America's schools. Crown. 

Lauen, D. L., & Gaddis, S. M. (2013). Exposure to classroom poverty and test score 

acheivement: Contextual effects or selection? American Journal of Sociology, 118(4), 

943-979. 



 

68 

 

Marsh, H. W., & W, P. J. (1984). Determinants of student self-concept: Is it better to be a 

relatively large fish in a small pond even if you don't learn to swim as well? Journal of 

Personality and Social Psychology, 47(1), 213-231. 

Martinez, J. F., Stecher, B., & Borko, H. (2009). Classroom assessment practices, teacher 

judgments, and student achievement in mathematics: Evidence from the ECLS. 

Educational Assessment, 14(2), 78-102. 

McCaffrey, D. F., Griffin, B. A., Almirall, D., Slaughter, M. E., Ramchand, R., & Burgette, L. F. 

(2013). A tutorial on propensity score estimation for multiple treatments using 

generalized boosted models. Statistics in Medicine, 32(19), 3388-3414. 

McDonough, P. M. (1991). Who goes where to college: Social class and organizational context 

effects. Annual Meeting of the American Educational Research Association (pp. 1-34). 

Chicago: American Educational Research Association. 

McDonough, P. M. (1997). Choosing colleges: How social class and schools structure 

opportunity. SUNY Press. 

McMillian, M. M., Fuller, S., Hill, Z., Duch, K., & Darity Jr, W. A. (2018). Can class-based 

substitute for race-based student assignment plans? Evidence from Wake Count, North 

Carolina. Urban Education, 53(7), 843-874. 

Meyer, J. W. (1970). High school effects on college intentions. American Journal of Sociology, 

76(1), 59-70. 

National Center for Education Statistics. (2011, August). High school longitudinal study of 2009 

(HSLS:09): Base-year data file documentation. Washington, D.C.: National Center for 



 

69 

 

Education Statistics. Retrieved from High School Longitudinal Study of 2009: 

https://nces.ed.gov/surveys/hsls09/surveydesign.asp 

National Center for Education Statistics. (2018). The condition of education 2018. Washington 

D.C.: Institute of Education Sciences. 

National Student Clearinghouse Research Center. (2017). High school benchmarks: National 

college progression rates. National Student Clearinghouse. 

Nicholson, L. M., Slater, S. J., Chriqui, J. F., & Chaloupka, F. (2014). Validating adolescent 

socioeconomic status: Comparing school free or reduced price lunch with community 

measures. Spatial Demography, 2(1), 55-65. 

Palardy, G. J. (2013). High school socioeconomic segregation and student attainment. American 

Educational Research Journal, 50(4), 714-754. 

Palardy, G. J. (2015). High school socioeconomic composition and college choice: Multilevel 

mediation via organizational habitus, school practices, peer and staff attitudes. School 

Effectiveness and School Improvement, 26(3), 329-353. 

Parents Involved in Community Schools v. Seattle School District No. 1, 551 U.S. 701 (United 

States Supreme Court 2007). 

Pattison, E., Grodsky, E., & Muller, C. (2013). Is the sky falling? Grade inflation and the 

signaling power of grades. Educational Researcher, 42(5), 259-265. 

Payne, C. M. (2008). So much reform so little change: The persistence of failure in urban 

schools. Cambridge: Harvard Education Press. 



 

70 

 

Quick, K. (2016, April 15). How to achieve socioeconomic integration in schools. Retrieved 

from The Century Foundation: https://tcf.org/content/facts/achieve-socioeconomic-

integration-schools/ 

Reardon, S. F. (2011). The widening academic achievement gap between the rich and the poor: 

New evidence and possible explanations. In R. J. Murnane, & G. J. Duncan, Whither 

Opportunity: Rising Inequality, Schools and Children's Life Chances (pp. 91-116). New 

York: Russell Sage Foundation. 

Reardon, S. F., Yun, J. T., & Kurlaender, M. (2006). Implications of income-based school 

assignment policies for racial school segregation. Educational Evaluation and Policy 

Analysis, 28(1), 49-75. 

Robinson, K. J., & Roksa, J. (2016). Counselors, information, and high school college-going 

culture: Inequalities in the college application process. Research in Higher Education, 

845-868. 

Rosenqvist, E. (2018). Two functions of peer influence on upper-secondary education 

application behavior. Sociology of Education, 91(1), 72-89. 

Rumberger, R. W., & Palardy, G. J. (2005). Does segregation still matter? The impact of student 

composition on academic achievement in high school. Teachers College Record, 107(9), 

1999-2045. 

Sacerdote, B. (2011). Peer effects in education: How might they work, how big are they and how 

much do we know thus far? In Handbook of the Economics of Education, Volume 3 (pp. 

249-277). Elsevier B.V. 



 

71 

 

Sacerdote, B. (2014). Experimental and quasi-experimental analysis of peer effects: Two steps 

forward? Annual Review of Economics, 6, 253-272. 

Saporito, S., & Sohoni, D. (2007). Mapping educational inequality: Concentrations of poverty 

among poor and minority students in public schools. Social Forces, 85(3), 1227-1253. 

Scott, W. R. (2015). Higher education in America: Multiple field perspectives. In M. W. Kirst, & 

M. L. Stevens, Remaking college: The changing ecology of higher education (pp. 19-38). 

Stanford: Stanford University Press. 

Sirin, S. R. (2005). Socioeconomic status and academic achievement: A meta-analyitic review of 

research. Review of Educational Research, 75(3), 417-453. 

Spreeuwenberg, M. D., Bartak, A., Croon, M. A., Hagenaars, J. A., Busschbach, J. J., Andrea, 

H., . . . Stijnen, T. (2010). The multiple propensity score as control for bias in the 

comparison of more than two treatment arms: An introduction from a case study in 

mental health. Medical Care, 48(2), 166-174. 

U.S. Department of Education, National Center for Education Statistics. (2015). Integrated 

Postsecondary Education Data System (IPEDS). 

van Ewijk, R., & Sleegers, P. (2010). The effect of peer socioeconomic status on student 

achievement: A meta-analysis. Educational Research Review, 5, 134-150. 

White, K. R. (1982). The relation between socioeconomic status and academic achievement. 

Psychological Bulletin, 91(3), 461-481. doi:10.1037/0033-2909.91.3.461 

Woodruff, D. J., & Ziomek, R. L. (2004). Differential grading standards among high schools. 

ACT, Inc. 



 

72 

 

Zhang, L. (2005). Do measures of college quality matter? The effect of college quality on 

graduates' earnings. The Review of Higher Education, 28(4), 571-596. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

73 

 

APPENDIX A: FIGURES 

 

 

 

 
 
 
 
 

 
 
 

Figure 1a

Figure 1b

-.012 .160

-.016

-.024 -.361

School 

Poverty

Tested 

Achievement

Class Standing

College 

Applications

Hypothesized Relationship Between School Poverty, Tested Achievement, Class Standing 

and College Applications

Hypothesized Relationship Between School Poverty, Tested Achievement, Class Standing 

and College Applications: With Estimates of Not Applying to College High vs. Low-

poverty Schools (Table 2 and Table 3, Model 7)

Math Test 

Score

School 

Poverty
Did Not Apply

rGPA



 

74 

 

 

 
 
 

 

0
.2

.4
.6

.8
1

P
ro

b
a

b
ili

ty

Fig. 2 Propensity of School Poverty Condition: High Poverty Students

Note: Boxplots represent the distribution of propensities for each condition
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APPENDIX B: TABLES 
 

 

Table 1

Mean SD Mean SD Mean SD Mean SD

9th Grade Math Achievement (std) .217 .955 -.114 .932 .111 .938 .456 .913

Socioeconomic Status (std) .194 .799 -.255 .692 .059 .721 .514 .760

Female .510 .512 .517 .503

White .595 .475 .632 .634

Black .083 .126 .074 .066

Hispanic .144 .235 .116 .115

Asian .085 .068 .067 .105

Native American/Pacific Islander .009 .015 .010 .007

Multiple Race/Ethnicities .084 .082 .101 .074

Percent Minority 30.547 27.049 50.447 31.055 27.547 24.204 22.136 20.549

Urban School .274 .312 .195 .305

Suburban School .362 .253 .358 .420

Small Town School .117 .130 .158 .085

Rural School .247 .304 .289 .190

Public School .797 .985 .980 .583

Catholic School .135 .013 .015 .275

Other Private School .068 .002 .005 .142

11th Grade Math Achivement (std) .206 .968 -.179 .915 .086 .926 .484 .936

11th Grade rGPA (std) .159 .914 .199 .986 .147 .985 .085 .615

11th Grade GPA 2.951 .747 2.746 .798 2.894 .777 3.093 .666

High Poverty School .240

Medium Poverty School .296

Low Poverty School .463

Observations 10570 2540 3130 4900

Note: Socioeconomic status (SES) is a standardized composite of family income, parent education, and 

parent occupation. Standardized variables are standardized across the full sample of study participants at 

Mean = 0 and SD = 1, analysis group is subsample of the full survey group and means/SDs of standardized 

variables reflect the level of standardization. School level variables represent the portion of the sample 

which belong in each category with the exception of the final variables in the full sample whcih show the 

percentage of schools which are high, medium, and low-poverty schools. School poverty levels are in 

keeping with NCES definitions and reference the percent of students in a school who qualify for 

free/reduced price lunches (High, >50%; Medium, 25% - 50%; Low, <25%).

Descriptive Statistics for Analysis Sample Divided by School Poverty Levels

Full  Sample High Poverty
Medium 

Poverty
Low Poverty
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Table 2

High Poverty - - - - - - - - - - - -

Medium Poverty .144*** .010 .098** -.018 -.008 -.148*** -.024 -.141*** .257*** .065** .274*** .082***

Low Poverty .348*** .034 .219*** -.052 -.085*** -.416*** -.050** -.361*** .663*** .167*** .634*** .160***

Student Controls N Y N Y N Y N Y N Y N Y

School Controls N N Y Y N N Y Y N N Y Y

OLS Estimates of School Poverty on Possible Mediators of the Association Between School Poverty and College Applications

Note: GPA is the cumulative 11th grade GPA as meaured on submitted school transcripts, rGPA is measured as the difference between an 

individual's GPA and the average of the GPAs of respondents in their respective schools. GPA is measured in grade points (0-4 scale), rGPA and 

math score are standardized across the national sample. Student level variables: 9th grade standardized math scores, SES, gender (M/F), 

racial/ethnic identification. School level variables: percent minority students, urbanicity, school control. All models control for state fixed effects. 

Significance levels: * p <.05, ** p<.01, *** p<.001.

11th Grade GPA 11th Grade rGPA (std) 11th Grade Math (std)
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Table 3

Baseline Probability .074 .047 .065 .042 .036 .039 .034

High Poverty - - - - - - -

Medium Poverty -.012 .003 -.019** .000 -.004 .002 -.003

Low Poverty -.086*** -.022*** -.060*** -.010 -.019*** -.007 -.016**

11th Grade rGPA(std) -.028*** -.024***

11th Grade Math (std) -.023*** -.012***

Student Controls N Y N Y Y Y Y

School Controls N N Y Y Y Y Y

Marginal Effect of 11th Grade Relative, GPA, and 11th Grade Math Achievement on the Probability of Not Applying to College

Direct Association Mediated Pathway

Note: GPA is the cumulative 11th grade GPA as meaured on submitted school transcripts, rGPA is measured as the difference between an 

individual's GPA and the average of the GPAs of respondents in their respective schools. Both rGPA and 11th grade math score are 

standardized across the national sample. Student level controls: 9th grade math, SES, race/ethnicity, and gender. School level controls: 

urbanicity, school control (public, private, or catholic), and percent minority. Student level variables: 9th grade standardized math scores, 

SES, gender (M/F), racial/ethnic identification. School level variables: percent minority students, urbanicity, school control. All models 

control for state fixed effects. Significance levels: * p <.05, ** p<.01, *** p<.001.
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Table 4

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Baseline Probability .078 .049 .070 .045 .036 .040 .034

Medium Poverty -.018** .001 -.023*** -.000 -.006 .003 -.004

Low Poverty -.090*** -.030*** -.069*** -.014* -.027*** -.009 -.022***

rGPA (std) -.039*** -.034***

11th Grade Math (std) -.032*** -.018***

Baseline Probability .031 .026 .031 .026 .025 .024 .023

Medium Poverty -.014** -.005 -.013** -.005 -.007 -.003 -.005

Low Poverty -.033*** -.014** -.029*** -.010 -.017** -.007 -.014**

rGPA (std) -.018*** -.015***

11th Grade Math (std) -.017*** -.012***

Baseline Probability .221 .216 .215 .209 .210 .205 .207

Medium Poverty -.032* .002 -.031* .007 -.012 .016 -.003

Low Poverty -.159*** -.095*** -.102*** -.026 -.077*** -.011 -.062**

rGPA (std) -.124*** -.110***

11th Grade Math (std) -.105*** -.076***

Baseline Probability .063 .069 .064 .070 .074 .072 .075

Medium Poverty -.027** -.021* -.020* -.015 -.017 -.014 -.016

Low Poverty -.044*** -.034** -.033** -.023 -.028* -.022 -.027

rGPA (std) -.009* -.007

11th Grade Math (std) -.012** -.011*

Baseline Probability .388 .422 .400 .434 .439 .442 .445

Medium Poverty -.037 -.003 .037 -.004 .014 -.013 .006

Low Poverty .157*** .072*** .140*** .053* .101*** .040 .089***

rGPA (std) .121*** .108***

11th Grade Math (std) .096*** .065***

Baseline Probability .029 .032 .030 .032 .034 .033 .034

Medium Poverty -.001 .001 .000 .003 .003 .004 .004

Low Poverty -.003 .001 -.006 -.001 -.002 .000 -.000

rGPA (std) -.002 -.000

11th Grade Math (std) -.010** -.011**

Baseline Probability .191 .186 .191 .185 .182 .184 .182

Medium Poverty .055** .025 .050** .015 .025 .007 .018

Low Poverty .173*** .100*** .099*** .021 .050** .009 .035

rGPA (std) .071*** .058***

11th Grade Math (std) .080*** .062***

Student Level Controls N Y N Y Y Y Y

School Level Controls N N Y Y Y Y Y

Note: Estimates are average marginal effects of multinomial logistic regression and should be interpreted as the 

difference in the probability of the given outcome relative to the baseline probability for its own respective 

category. Student level variables: 9th grade standardized math scores, SES, gender (M/F), racial/ethnic 

identification. School level variables: percent minority students, urbanicity, school control. All models control 

for state fixed effects. Significance levels: * p < .05, ** p < .01, *** p < .001

Non-

Selective, 

Private 4-

Year 

Colleges 

(NSPV4)

Selective, 

Private 4-

Year 

Colleges 

(SPV4)

Marginal Effects of Multinomial Logit Model Predicting First Choice College Application

Not Applied

For-Profit  

Colleges 

(FP)

2-Year 

Colleges 

(2Y)

Non-

Selective, 

Public 4-

Year 

Colleges 

(NSP4)

Selective, 

Public 4-

Year 

Colleges 

(SP4)
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Table 5

Baseline Probability .001 .001 .001 .001

Medium Poverty -.000 -.000 -.000 -.000

Low Poverty -.001 -.001 -.001 -.001

rGPA -.001 -.001

11th Grade Math -.001** -.001*

Baseline Probability .003 .003 .003 .003

Medium Poverty -.002 -.002 -.002 -.002

Low Poverty -.003 -.003 -.002 -.002

rGPA -.000 .000

11th Grade Math -.001 -.001

Baseline Probability .043 .042 .038 .037

Medium Poverty .005 .002 .008 .006

Low Poverty -.013 -.021* -.005 -.011

rGPA -.023* -.016

11th Grade Math -.036*** -.035***

Baseline Probability .028 .028 .028 .028

Medium Poverty -.014 -.013 -.014 -.013

Low Poverty -.028 -.025 -.027 -.024

rGPA .008 .009

11th Grade Math -.005 -.005

Baseline Probability .569 .570 .576 .577

Medium Poverty -.003 .000 .001 .005

Low Poverty .017 .027 .022 .034

rGPA .029 .031

11th Grade Math -.029 -.031

Baseline Probability .019 .019 .018 .018

Medium Poverty -.001 -.001 .001 .002

Low Poverty -.013 -.012 -.009 -.007

rGPA .004 .006

11th Grade Math -.013** -.013**

Baseline Probability .337 .337 .336 .336

Medium Poverty .016 .014 .006 .002

Low Poverty .041 .035 .022 .012

rGPA -.016 -.028

11th Grade Math .086*** .087***

Marginal Effect Estimates of the Probability of College Application by GPA Bin

>3.5

Not Applied

For-Profit  

Colleges

2-Year 

Colleges

Non-

Selective, 

Public 4-

Year 

Colleges

Selective, 

Public 4-

Year 

Colleges

Non-

Selective, 

Private 4-

Year 

Colleges

Selective, 

Private 4-

Year 

Colleges

Note: Estimates are average marginal effects of multinomial logistic regression and should be 

interpreted as the difference in the probability of the given outcome between each category 

and the referent category with respect to the given baseline probability. All models control 

for the full spectrum of student and school level controls. Student level variables: 9th grade 

standardized math scores, SES, gender (M/F), racial/ethnic identification. School level 

variables: percent minority students, urbanicity, school control. All models control for state 

fixed effects. Significance levels: * p < .05, ** p < .01, *** p < .001



 

81 

 

 

Table 5 (cont.)

Baseline Probability .032 .031 .030 .029

Medium Poverty -.005 -.006 -.004 -.004

Low Poverty -.011 -.016* -.009 -.013*

rGPA -.017*** -.014**

11th Grade Math -.019*** -.017***

Baseline Probability .021 .021 .019 .019

Medium Poverty .005 .005 .006 .006

Low Poverty .001 -.001 .002 .001

rGPA -.005 -.003

11th Grade Math -.014*** -.013***

Baseline Probability .197 .196 .194 .194

Medium Poverty -.005 -.012 .002 -.005

Low Poverty -.056* -.079** -.045 -.066**

rGPA -.076*** -.066***

11th Grade Math -.077*** -.071***

Baseline Probability .078 .077 .078 .078

Medium Poverty -.009 -.012 -.008 -.011

Low Poverty -.026 -.035* -.024 -.034*

rGPA -.033** -.031**

11th Grade Math -.016* -.013

Baseline Probability .456 .458 .461 .462

Medium Poverty -.012 -.005 -.019 -.012

Low Poverty .068* .093** .059* .082**

rGPA .085*** .075***

11th Grade Math .075*** .069***

Baseline Probability .032 .032 .032 .032

Medium Poverty .006 .006 .001 .007

Low Poverty -.000 -.001 .001 .000

rGPA -.002 -.001

11th Grade Math -.007 -.007

Baseline Probability .185 .185 .185 .185

Medium Poverty .020 .025 .015 .020

Low Poverty .024 .039 .016 .029

rGPA .048** .040**

11th Grade Math .057*** .053***

Marginal Effect Estimates of the Probability of College Application by GPA Bin

3.5 - 2.5

Not Applied

For-Profit  

Colleges

2-Year 

Colleges

Non-

Selective, 

Public 4-

Year 

Colleges

Selective, 

Public 4-

Year 

Colleges

Non-

Selective, 

Private 4-

Year 

Colleges

Selective, 

Private 4-

Year 

Colleges

Note: Estimates are average marginal effects of multinomial logistic regression and should be 

interpreted as the difference in the probability of the given outcome between each category 

and the referent category with respect to the given baseline probability. All models control 

for the full spectrum of student and school level controls. Student level variables: 9th grade 

standardized math scores, SES, gender (M/F), racial/ethnic identification. School level 

variables: percent minority students, urbanicity, school control. All models control for state 

fixed effects. Significance levels: * p < .05, ** p < .01, *** p < .001
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Table 5 (cont.)

Baseline Probability .195 .188 .193 .187

Medium Poverty .015 -.011 .020 -.006

Low Poverty -.048* -.085*** -.038 -.078**

rGPA -.123*** -.119***

11th Grade Math -.050*** -.036**

Baseline Probability .063 .065 .064 .065

Medium Poverty -.026* -.030* -.026* -.030*

Low Poverty -.037** -.044** -.036* -.043**

rGPA -.016** -.016*

11th Grade Math -.008 -.006

Baseline Probability .436 .453 .439 .455

Medium Poverty .019 .012 .022 .015

Low Poverty .030 .010 .035 .015

rGPA -.037 -.035*

11th Grade Math -.019 -.017

Baseline Probability .064 .062 .064 .063

Medium Poverty -.015 -.007 -.016 -.008

Low Poverty .005 .017 .004 .016

rGPA .034 .034***

11th Grade Math .007 .005

Baseline Probability .158 .151 .156 .150

Medium Poverty .004 .022 -.002 .016

Low Poverty .035 .069* .024 .058*

rGPA .094*** .089***

11th Grade Math .054*** .045***

Baseline Probability .027 .027 .027 .027

Medium Poverty -.002 -.001 -.002 -.000

Low Poverty .013 .016 .014 .017

rGPA .007 .007

11th Grade Math -.004 -.004

Baseline Probability .058 .053 .057 .053

Medium Poverty .006 .015 .004 .012

Low Poverty .002 .018 -.001 .014

rGPA .042*** .040***

11th Grade Math .019** .015*

Marginal Effect Estimates of the Probability of College Application by GPA Bin

<2.5

Not Applied

For-Profit  

Colleges

2-Year 

Colleges

Non-

Selective, 

Public 4-

Year 

Colleges

Selective, 

Public 4-

Year 

Colleges

Non-

Selective, 

Private 4-

Year 

Colleges

Selective, 

Private 4-

Year 

Colleges

Note: Estimates are average marginal effects of multinomial logistic regression and should be 

interpreted as the difference in the probability of the given outcome between each category 

and the referent category with respect to the given baseline probability. All models control 

for the full spectrum of student and school level controls. Student level variables: 9th grade 

standardized math scores, SES, gender (M/F), racial/ethnic identification. School level 

variables: percent minority students, urbanicity, school control. All models control for state 

fixed effects. Significance levels: * p < .05, ** p < .01, *** p < .001
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Table 6

High vs. 

Medium 

Poverty

High vs. 

Low 

Poverty

Medium vs. 

Low 

Poverty

9th Grade Math 

(std)
-.003 .002 .008

Socioeconomic 

Status (std)
-.007 .001 .005

Female -.000 .004 -.000

White .009 .050 -.002

Black .009 -.064 .015

Hispanic .027 -.067 .150

Asian .015 -.062 -.076

Native 

American/Pacific 

Islander

-.013 -.048 -.022

Multiple 

Races/Ethnicities
.008 -.002 -.069

Group Mean Differences in Predictive Variables Conditional on Propensities

Note: Differenes in continuous and dichotomous variables are results of OLS 

and logistic estimates, respectively. No group means were statisitically 

significant after conditioning for propensity scores. 
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Table 7

11th 

Grade 

GPA

11th 

Grade 

rGPA 

(std)

11th Grade 

Math (std)

High Poverty - - -

Medium Poverty -.019 -.146*** .096***

Low Poverty -.057 -.371*** .171***

OLS Estimates of School Poverty on Possible Mediators of School 

Poverty and College Applications Conditional on Propensity Scores

Note: GPA is the cumulative 11th grade GPA as meaured on submitted 

school transcripts, rGPA is measured as the difference between an 

individual's GPA and the average of the GPAs of respondents in their 

respective schools. GPA is measured in grade points (0-4 scale), rGPA 

and math score are standardized across the national sample. Student level 

variables: 9th grade standardized math scores, SES, gender (M/F), 

racial/ethnic identification. School level variables: percent minority 

students, urbanicity, school control. All models control for state fixed 

effects. Significance levels: * p <.05, ** p<.01, *** p<.001.
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Table 8

Baseline Probability .045 .037 .042 .034 .029 .031 .028

High Poverty - - - - - - -

Medium Poverty .000 .000 -.002 -.001 -.004 .001 -.003

Low Poverty -.021*** -.017*** -.012* -.008* -.015*** -.006 -.013**

11th Grade rGPA(std) -.022*** -.020***

11th Grade Math (std) -.018*** -.009***

Student Controls N Y N Y Y Y Y

School Controls N N Y Y Y Y Y

Marginal Effect of 11th Grade Relative GPA and 11th Grade Math Achievement on the Probability of Not Applying to College 

Conditional on Propensity Scores

Direct Association Mediated Pathway

Note: GPA is the cumulative 11th grade GPA as meaured on submitted school transcripts, rGPA is measured as the difference 

between an individual's GPA and the average of the GPAs of respondents in their respective schools. Both rGPA and 11th grade 

math score are standardized across the national sample. Student level variables: 9th grade standardized math scores, SES, gender 

(M/F), racial/ethnic identification. School level variables: percent minority students, urbanicity, school control. All models 

control for state fixed effects. Significance levels: * p <.05, ** p<.01, *** p<.001.
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Table 9

Model 1 Model 2 Model 3 Model 4

Baseline Probability .037 .029 .034 .028

Medium Poverty -.001 -.006 .001 -.004

Low Poverty -.011* -.022*** -.007 -.019***

rGPA -.032*** -.028***

11th Grade Math -.027*** -.015***

rGPA * Math

Baseline Probability .026 .025 .024 .024

Medium Poverty -.005 -.007 -.003 -.005

Low Poverty -.010 -.017** -.007 -.014**

rGPA -.018*** -.016***

11th Grade Math -.017*** -.012***

rGPA * Math

Baseline Probability .205 .206 .203 .204

Medium Poverty .005 -.013 .015 -.005

Low Poverty -.028 -.079*** -.013 -.064**

rGPA -.124*** -.110***

11th Grade Math -.105*** -.075***

rGPA * Math

Baseline Probability .068 .073 .070 .073

Medium Poverty -.015 -.017 -.015 -.016

Low Poverty -.024 -.029* -.023 -.027

rGPA -.010* -.008

11th Grade Math -.012** -.010*

rGPA * Math

Baseline Probability .439 .444 .446 .449

Medium Poverty -.004 .013 -.013 .006

Low Poverty .049* .095*** .037 .084***

rGPA .115*** .104***

11th Grade Math .092*** .062***

rGPA * Math

Baseline Probability .032 .034 .033 .034

Medium Poverty .002 .002 .003 .003

Low Poverty -.001 -.003 .000 -.000

rGPA -.002 -.000

11th Grade Math -.011*** -.011**

rGPA * Math

Baseline Probability .192 .189 .190 .188

Medium Poverty .018 .029 .011 .021

Low Poverty .026 .055** .014 .041*

rGPA .071*** .058***

11th Grade Math .079*** .061***

rGPA * Math

Note: Estimates are average marginal effects of multinomial logistic regression and should be 

interpreted as the difference in the probability of the given outcome and the baseline 

probability in its own respective category. Each model controls for the full spectrum of student 

and school level controls. Student level variables: 9th grade standardized math scores, SES, 

gender (M/F), racial/ethnic identification. School level variables: percent minority students, 

urbanicity, school control. All models control for state fixed effects. Significance levels: * p < 

.05, ** p < .01, *** p < .001
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