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Abstract 

We study an accelerated three-year middle school math curriculum in a large urban district that 
lets students complete Algebra I and Geometry before high school. Admission is based on 5th-
grade math scores, with a cutoff near the 80th percentile. Continued eligibility requires at least a B 
grade in the previous year; program completion is highly correlated with an index of non-cognitive 
skills. Following students for six years after high school, we find treatment effects that vary widely 
by non-cognitive skill and gender. Marginally eligible boys with high non-cognitive skills are 33 
percentage points (ppt.) more likely to complete calculus by 11th grade and 12 ppt. more likely to 
complete a STEM or business major within six years. Boys with lower non-cognitive skills take 
more advanced high school math but show no significant college effects. Like their male peers, 
girls with high non-cognitive skills are more likely to complete calculus by 11th grade (+17 ppt.). 
Their rate of STEM/business majoring is unaffected, but they shift from social sciences to core 
STEM fields. Girls in the lower two non-cognitive terciles are also strongly affected, with more 
advanced high school math, higher entry to selective four-year colleges, and more STEM/business 
degrees (+12 ppt.). 
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The question of how to structure the math curriculum in U.S. public schools is widely 

debated. Many school districts offer accelerated tracks with algebra and even geometry in middle 

school, allowing students to complete higher-level math classes in high school (see e.g., Wolfe et 

al., 2023), though access to these courses varies widely even within districts (Peters and Carter, 

2023). In the 2000’s several states attempted to push all students into algebra in 8th grade (one 

year ahead of the traditional start). Within just a few years, however, this effort was abandoned.2 

More recently some districts have tried to delay algebra until 9th grade for even high-achieving 

students, citing concerns over the impacts on low-achievers (see e.g., Huffaker et al. 2025 and 

Huffaker, 2023). Nevertheless, the demand for accelerated math in middle school is strong 

(Yoder, 2024), and enrollment in algebra and geometry in 7th and 8th grades is relatively high in 

many states.3  

 In this paper we study the impacts of a targeted accelerated math curriculum available in 

the middle schools of a large urban school district in Florida (“the District”). The curriculum, 

known as “Great Explorations in Mathematics” (GEM) offers pre-algebra in 6th grade, Algebra I 

in 7th grade, and geometry in 8th grade, accelerating students two years beyond the traditional 

curriculum, and one year beyond the advanced track offered in the District and other Florida 

districts. Eligibility for GEM is based on scores in the state’s 5th-grade math test, with a 

threshold at roughly the 80th percentile. Thus, marginally eligible participants – for whom the 

causal effects of GEM entry are identified in a regression discontinuity (RD) analysis – have 

relatively strong math skills.4 Indeed, nearly all the students who barely miss the GEM threshold 

enter the advanced math track in 6th grade. 

We use information on middle and high school course-taking and grades, combined with 

data from the National Student Clearinghouse (NSC) on college enrollment and degree 

completion, to study the effects of entry to the GEM program in 6th grade. Focusing on students 

whose 5th-grade scores are within a narrow bandwidth (±0.6𝜎𝜎′𝑠𝑠) of the entry threshold, we 

 
2 See Domina et al. (2015) for an analysis of the California initiative, which is widely perceived as having hurt 
lower-ability students. Similar findings are reported by Clotfelter et al. (2015) from an analysis of an 8th grade 
algebra initiative in North Carolina in the early 2000s. 
3 Data collected by the U.S. Department of Education (2022) show that in the 2020-21 academic year, 4.4% of 7th 
grade students and 24% of 8th grade public school students were enrolled in Algebra I. Nationwide about 4% of 8th 
grade students were enrolled in Geometry, with rates of 13% in Virginia, 10% in Florida, and 9% in Utah. 
4 The closest antecedent to our work is a recent study by Dougherty et al. (2017), which evaluates test-based 
admission to Algebra in 8th grade for students in Wake County NC. The threshold for this program is set at about the 
20th percentile of the state test. 
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follow 23,000 students for 13 years – 6 years after they would normally graduate from high 

school. Our relatively large sample and long follow-up period enable us to conduct an 

informative RD analysis of the effects of GEM on high school math attainment, college 

completion, and major choice. 

A key feature of GEM is that students must earn at least a B grade to continue in the 

program and receive high school credit for their work.  Only about one-third of marginally 

eligible entrants successfully complete all three years.  Our first main finding is that completion 

of GEM is highly correlated with an index of non-cognitive skills, formed by taking average high 

school course grades in subjects other than math and regression-adjusting for 5th-grade test 

scores in math and reading.5 Indeed, the GEM completion rate is close to zero for marginally 

eligible students with the lowest levels of non-cognitive skill (most of whom are boys), and 

around 60% for those with the highest levels (most of whom are girls). In light of these 

differences, we conduct much of our subsequent analysis stratifying students by gender and 

within-gender tercile of measured non-cognitive skill.  

At the high school level, we find a heterogeneous pattern of effects for marginally 

eligible GEM entrants.  For these students as a whole, entry to GEM leads to a rise in the number 

of advanced math classes (including AP’s) taken in high school (+0.4 courses, 𝑡𝑡 ≈ 4), a rise in 

the probability of completing calculus by 11th grade (+13 ppts, 𝑡𝑡 ≈ 5), a slightly smaller rise in 

the probability of completing calculus by 12th grade (+10 ppts, 𝑡𝑡 ≈ 4), and a rise in PSAT math 

scores of roughly 0.1σ (𝑡𝑡 ≈ 3).  The impact on early completion of calculus is particularly salient 

for students hoping to be admitted to selective science and engineering programs, since they can 

include their calculus grade in their application.6  

As might be expected given the variation in GEM completion rates, these impacts are 

unequally distributed by gender and non-cognitive (NC) skill level. For girls in the top tercile of 

NC skills we find a large positive effect on the probability of completing calculus by 11th grade 

(+18 percentage points, ppts.), but no significant effect on the number of advanced math courses 

 
5 The idea of using residualized course grades as a measure of non-cognitive ability was suggested by Jacob (2002) 
and is consistent with the conclusions of Borghans et al. (2016) that grades are more affected by non-cognitive skills 
than are achievement test scores.  A concern with the use of high school grades is that they may be affected by GEM 
participation. We show below, however, that there is no discernable discontinuity in average grades in non-math 
subjects at the GEM entry cutoff. We also find no discontinuity in any quantile of the non-cognitive index, including 
the tercile cutoffs that we use to stratify our analysis sample (see Appendix C). 
6 Elite science and engineering programs often look for evidence of successful completion of calculus – see e.g., UC 
Berkeley College of Engineering (2024).  Relatively few students in the District, however, apply to such programs. 
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or the probability of completing calculus by the end of high school, arguably reflecting the high 

rates for untreated compliers in this subgroup.7 For girls with lower NC skills, we find that GEM 

participation leads to a 0.4-0.5 course rise in the number of advanced math courses in high 

school and relatively large increases in calculus enrollment by 12th grade (+14 ppts). For boys in 

the top tercile of NC skills we find large positive effects on the probability of completing 

calculus by 11th grade (+33 ppts.) and on the probability of having any calculus by end of high 

school (+17 ppts), combined with a sizeable gain (+0.3 σ’s) in math PSAT scores. For boys in 

the lower terciles there is also an increase in the number of advanced math classes (+0.3 

courses), and a rise in the probability of completing calculus by 11th grade for the middle tercile 

group (+10 ppts), but no significant effects on the share with calculus by the end of high school. 

 At the college level, NSC data allow us to measure the type of college entered after high 

school, degree completion (including AA and BA/BS degrees), and field of the degree for 

students who complete a bachelor’s degree.  Building on the taxonomy developed by the NSF 

(2023), we identify two main sets of fields that require a more intensive math background: 

STEM (Science, Technology, Engineering, and Mathematics) and business.8 Across students as 

a whole, entry to GEM leads to no significant impact on college entry or degree completion, but 

results in a +5.5 ppt. increase (𝑡𝑡 ≈ 2.4) in the share completing a degree in STEM or business, a 

25% rise relative to the baseline rate of the untreated compliers. 

 Again, these impacts vary widely by gender and NC tercile. For girls in the top NC 

tercile, there is no effect on the share graduating with a bachelor’s degree in STEM or business 

(which is already around 45% for the untreated compliers). There is, however, a shift in majors 

within the STEM fields, with a marginally significant 7 ppt. rise in degrees in hard/life sciences 

offset by a decline in social sciences. For girls in the middle tercile of NC ability, participation in 

GEM leads to a significant 12 ppt. rise in the share who graduate with a STEM/business degree, 

attributable to a rise in the share who attain any bachelor’s degree and a fall in the share who 

earn a degree outside of STEM or business. Marginally eligible girls in the bottom tercile of NC 

 
7 For simplicity we refer to the mean potential outcome of compliers in the absence of GEM (i.e., the mean of 𝑌𝑌(0) 
in potential outcomes notation) as the mean outcome for the “untreated compliers”. 
8 See Appendix B. Following NSF, we include social sciences in STEM but exclude health-related majors such as 
nursing. We analyzed the math intensity of different majors using O*NET ratings of the math requirements for the 
occupations that each major feeds into, derived from the NCES/BLS crosswalk of college major codes and 
occupation codes.  As shown in Figure B.1, business majors lead to occupations in which the level and intensity of 
math use are comparable to those associated with majors in biology, computer science, and psychology. 
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skill show the largest responses to GEM participation, with a 14 ppt. rise in the share who enter a 

selective 4-year college after high school (𝑡𝑡 ≈ 2.4), a 13 ppt. rise in the share who earn a 

bachelor’s degree after 6 years (𝑡𝑡 ≈ 2.2), and a 14 ppt. rise in the share who graduate in STEM 

or business (𝑡𝑡 ≈ 2.8).  This pattern suggests that marginally eligible girls who lack gender-

stereotypical non-cognitive skills benefit from GEM by shifting toward more “math-centered” 

courses in high school, leading to better college options and more STEM and business degrees. 

  For boys in the top tercile of NC skill, GEM entry leads to a 12 ppt. (𝑡𝑡 ≈ 2.4) rise in the 

probability of majoring in STEM or business. Given the 43% rate for untreated compliers, this 

means that well over one-half of the treated compliers end up with a bachelor’s degree in STEM 

or business 6 years after high school. In contrast, GEM entry has no significant effects on the 

college outcomes for boys in the two lower tiers of NC ability. If anything, entry to GEM for 

marginally eligible boys in the lowest tier of NC skills is associated with slightly lower rates of 

entering a selective college (-6 ppt. effect, 𝑡𝑡 ≈ 1.4) and of completing a STEM or business 

degree (-4 ppt. effect, 𝑡𝑡 ≈ 1.9).  The low exposure of low-NC boys to the GEM curriculum, 

however, and the sensitivity of the point estimates leads us to conclude that they are unlikely to 

reflect causal effects.9   

 A concern for our RD design is that the presence of GEM could affect students who 

narrowly missed the threshold (i.e., the untreated compliers). The existing literature points to 

three potential channels for such spillovers: (1) negative peer effects, arising from the shift of the 

higher-scoring students to the GEM classes (Lefgren, 2004; Paloyo, 2020); (2) discouragement 

effects, arising from the stigma of being left out of the advanced math stream (Buser and Yuan, 

2019; Ellison and Swanson, 2023); (3) “top of the class” effects (Denning et al., 2023) arising 

because in the presence of GEM the untreated compliers become among the highest scoring 

students in their math classes. Peer and discouragement effects are a particular concern because 

they would lead to a positive bias in our RD estimate of the effect of GEM. Top of the class 

effects would work in the opposite direction.  

To address this concern, we use data from another large urban school district in the same 

state – “District B” – which has no GEM program but strongly pushes all students with above-

 
9 As we discuss further below, most of these boys left GEM after 6th grade. In addition, in the between-district 
comparisons discussed below we have to drop one cohort of students and we find that in the resulting sample the 
point estimates of the effect of GEM entry for low-NC boys fall to near zero. 
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average math scores into an advanced track with Algebra I in 8th grade. Consistent with that 

policy, rates of completion of Algebra I by 8th grade are much higher in District B than in the 

District but trend smoothly through the GEM cutoff.  

Relative to students in District B, we find that students in the District with scores below 

the GEM cutoff have lower rates of completing calculus by the end of high school, with gaps that 

become more negative just below the threshold for some groups. There are similar downward 

trends – albeit much smaller and statistically insignificant – in the between-district gaps in 

STEM/business majoring. While the pattern of gaps is suggestive of discouragement or peer 

effects, three key facts point to an alternative explanation.  First, the gaps follow linear trends or 

are flat rather than exhibiting a dip below the threshold as might be expected if there were 

negative spillovers. Second, there are no such gaps in early calculus enrollment (by 11th grade). 

Third, the gaps in STEM/business majoring for high-NC girls – the group that is a focus of 

earlier work on discouragement effects – actually narrow continuously around the GEM 

threshold. Rather than spillovers, we suspect that the between-district gaps among students who 

are ineligible for GEM reflect the differences between District B’s broad-based acceleration 

policy and the more targeted policy of the District. Our cross-district comparisons underscore the 

point that the outcomes of the untreated compliers in an RD design depend on the underlying 

policy environment and could be different in a different setting. 

Our empirical findings contribute to three main literatures. The first is a relatively small 

set of studies that have tried to identify the causal effects of accelerated math on student 

outcomes. Research on the Algebra-for-All initiative in California (Domina et al, 2015) and on a 

related initiative in North Carolina (Clotfelter et al., 2015) showed that pushing all students into 

algebra in 8th grade was harmful for weaker students – an effect that led to the suspension of the 

initiatives. Subsequent research by Dougherty et al. (2017) showed that a more targeted approach 

– leaving out the lowest-scoring quintile of students – has a positive effect on math course-taking 

of girls, including enrollment in pre-calculus in 11th grade, with little effect on boys. (They do 

not follow students to college.) Cohodes (2020) studies an accelerated curriculum for high-

achievers in 4th-6th grades and finds positive effects on high school graduation and college entry. 

She does not follow students long enough to measure degree completion, nor does she present 
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results separately by gender.10 Most recently, Huffaker et al. (2025) study the effects of a 

decision by San Francisco Unified School District to eliminate access to Algebra I or geometry 

in middle school. They find that the policy led to a reduction in the fraction of students taking 

AP calculus by 12th grade, driven by declines among Asian and Pacific Islander students, but 

they do not track students beyond high school.  

A second, related literature addresses within-school tracking more generally (see Lefgren 

2004 for an early study in economics and Betts, 2011 for a review covering much of the older 

literature). A rigorously designed experimental study of first graders in Kenya (Duflo et al., 

2011) suggested that tracking leads to test score gains for both higher and lower-ability students 

− though it does not address longer run effects. Card and Giuliano (2016) used an RD approach 

to study the impacts of access to separate “gifted and high achiever” (GHA) classrooms in 4th 

and 5th grades in the same district we study here. They complemented their RD analysis with a 

between-school analysis to address spillover effects on ineligible students and concluded that 

access to GHA classes raised the test scores of eligible non-gifted students, with no spillover 

effects on those who narrowly missed out. A recent study using data from Texas (Antonovics et 

al., 2023) shows that within-school tracking of middle and high school students is widespread in 

the state, and it appears to benefit higher-scoring students without harming lower-scoring 

students. Horvath (2025) studies classroom assignment in elementary schools in North Carolina 

and concludes that many schools assign higher and lower ability students to different classrooms 

even in early grades. Outside the U.S., Humphries et al. (2025) study the impacts of following a 

STEM track in high school on college outcomes and earnings for Swedish students. On the 

theoretical side, Ellison and Pathak (2025) address the optimal design of a tracking system when 

students differ along a single (observable) dimension of heterogeneity. An implication of their 

model is that in an optimized system there should be no discontinuity in outcomes at the 

threshold for track assignment. 

 
10 An older study by Altonji (1995) studied the effects of high school course-taking on college completion and 
wages. He used the mean shares of students taking different courses in a students’ high school as instrumental 
variables, potentially identifying the effects of access to course options. He found relatively small effects of math or 
science courses on college outcomes or wages. Özek (2021) studies the impacts of a “remediation track” offered to 
students who score below a threshold in their 7th-grade math test. He finds that entry to the track raises 8th-grade test 
scores of marginally eligible students but has negative impacts on participation in more advanced math classes in 
high school, and no effects on college-related outcomes. 
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Finally, we also contribute to the literature on college major choice (see Altonji et al., 

2016).  Much of that literature is concerned with obtaining credible estimates of the returns to 

different majors (e.g., Kirkebøen et al, 2016; Campos et al. 2026); another important strand 

focuses on the gender differences in major choice (see McNally 2020 for a recent review). 

Women are less likely than men to graduate in science, technology, engineering and math 

(STEM) fields, and in business-related fields.11  While there is a positive correlation between 

math preparation in high school and entry to STEM fields in college (see e.g., Speer, 2017; Card 

and Payne, 2021), there is almost no causal evidence that increases in math preparation lead to a 

rise in STEM majoring.12 Our results suggest that exposure to an accelerated math curriculum in 

middle school affects the major choices of relatively high-scoring students of both genders who 

have the non-cognitive skills to benefit from the curriculum. 

I.  Background 

a.  Conceptual framework 

How does entry to an accelerated math program affect college outcomes?  We assume 

that the primary mechanism is through the accumulation of math skills.  Students who 

successfully complete courses like pre-calculus with strong grades can include that information 

in their college applications and are more likely to be admitted to selective colleges (where 

STEM majors are more readily available), and to programs like engineering that screen for math 

preparation. In addition, we believe that students with stronger math skills and the experience of 

successfully completing harder math classes in high school are more likely to succeed in college 

courses like calculus and statistics that mediate entry to fields like computer science, business 

and other constrained majors.  

Following the literature on skills production (e.g., Heckman et al., 2006) we assume that 

math skills at the end of high school (𝑌𝑌𝐻𝐻) depend on a combination of cognitive ability and the 

initial level of skills (both proxied by the 5th grade test score in math 𝑇𝑇𝑚𝑚) and non-cognitive 

ability (𝑁𝑁).  The effect of GEM entry (indicated by 𝐺𝐺 ∈ {0,1}) can then be modelled as a shift in 

the production function: 

 
11 Some studies – e.g., Cimpian and King (2024) -- focus on a narrower subset of STEM subjects (physics, 
engineering and computer science), which are the fields with the lowest shares of female students. 
12 Owen (2023) conducts an RCT among college students informing them of their relative performance on STEM-
antecedent courses but finds no effect on major choice.  
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   𝑌𝑌𝐻𝐻 = 𝑓𝑓(𝑇𝑇𝑚𝑚, 𝑁𝑁) + 𝑔𝑔(𝑇𝑇𝑚𝑚,𝑁𝑁) ∙ 𝐺𝐺 + 𝜖𝜖                                            (1) 

where 𝜖𝜖 incorporates all other factors.  As discussed below, entry to GEM depends on 𝑇𝑇𝑚𝑚, with a 

discontinuity at the threshold score (380 points), which we can normalize to 0. In an interval ±𝑅𝑅 

around the threshold, equation (1) implies that 

                       𝐸𝐸[𝑌𝑌𝐻𝐻|𝑇𝑇𝑚𝑚, 𝐺𝐺, 𝑁𝑁;−𝑅𝑅 ≤ 𝑇𝑇𝑚𝑚 ≤ 𝑅𝑅] ≈ ℓ(𝑇𝑇𝑚𝑚;𝑁𝑁) + 𝛽𝛽(𝑁𝑁) ∙ 𝐺𝐺                        (2) 

where ℓ(𝑇𝑇𝑚𝑚;𝑁𝑁) is a continuous piece-wise linear control function that can change slope at 

𝑇𝑇𝑚𝑚 = 0.  The impact of GEM for students with a given range of non-cognitive ability, 𝛽𝛽(𝑁𝑁), can 

then be estimated using a fuzzy RD approach (Lee and Lemieux 2010), in which there is a first-

stage model relating GEM entry to an indicator for having a test score above the GEM threshold, 

and a structural equation based on (2) relating the outcome to GEM participation, which is 

estimated by 2SLS.  

 GEM is a 3-year program with “off-ramps” for students who fail to achieve at least a B 

grade in the previous year. Arguably, the impacts of GEM on the accumulation of math skills by 

the end of high school will depend on the amount of time a student spends in the program.  This 

suggests that we might expect bigger effects of GEM entry on the high school outcomes of 

students who are more likely to complete GEM. This is only part of the story, however, because 

different students have different rates of skill accumulation even in the absence of GEM. For 

example, as we show below, nearly one-half of girls with relatively high non-cognitive skills 

who narrowly miss the GEM threshold enroll in calculus by 12th grade. We wouldn’t necessarily 

expect large causal effects of GEM entry on calculus participation for these girls, given their 

high enrollment rates in the absence of GEM.  

 At the college level, a production-of-skills framework suggests that we could use a 

framework based on (1) and (2) to model outcomes like “successful completion of a bachelor’s 

degree in a STEM or related field.”  Of interest here is whether there are particular components 

of 𝑌𝑌𝐻𝐻 – such as completion of calculus – that are most relevant for certain college outcomes. 

Suppose that the impact of GEM on a discrete college outcome of interest 𝑌𝑌𝐶𝐶  is mediated 

through a particular discrete high school outcome 𝑌𝑌𝐻𝐻.  Then, looking across subgroups, we 

might expect that the treatment effect of GEM entry on 𝑌𝑌𝐶𝐶  for a given subgroup would be 

proportional to the impact on 𝑌𝑌𝐻𝐻.   
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 Implicit in the specification of (1), and in the implementation of an RD model based on 

(2), is that the presence of GEM has no effect on students who are ineligible for the program.13 A 

concern about tracking programs in general is that there may be classroom-level peer effects that 

depend on the average ability or achievement of students in the class.  In that case, the 

assignment of higher-achieving students to a different classroom could have a negative effect on 

lower-achieving students (see e.g., Lefgren 2004), causing an upward bias in the estimated effect 

of GEM entry.14 Related mechanisms are “discouragement effects” that cause students who miss 

the GEM threshold to put less effort into math classes (Ellison and Swanson, 2023), and “top of 

the class” effects (Denning et al., 2023) that lead to greater engagement and achievement for 

students who narrowly miss qualifying for GEM threshold. 

To address these concerns, we use data from another large urban school district where we 

can follow students from 4th grade to the end of college. This district – which we refer to as 

“District B” – has two main tracks in middle school math, with most of the students who score in 

the upper half of the statewide math test in 5th grade participating in the upper track. It has no 

GEM program or third track for very high scoring students. We fit a series of local linear 

reduced-form RD models for the two districts that include full interactions of the control function 

and the GEM eligibility indicator with an identifier for the District, while adjusting for 

differences in the observable characteristics of students measured prior to 5th grade. These 

models allow us to see how outcomes of students with the same 5th-grade math score differ 

between the two districts. Negative peer effects or discouragement effects among students in the 

District who miss the GEM threshold will be evidenced by a negative between-district gap in 

outcomes that is largest for students with scores just below the GEM threshold. 

b. District setting and the GEM program 

 The District is one of the 10 largest school districts in the country, serving around 20,000 

students per grade. Its student body is racially diverse; just under one-half are eligible for the 

federal free- and reduced-price lunch (FRL) program. During the past two decades, the District 

 
13 Formally, this is identical to the question of whether there are stable unit treatment effects (SUTVA) when trying 
to evaluate a particular intervention. 
14 A deeper concern raised by Oakes (1985) is that the curriculum of the lower track will change once the upper 
track is introduced. We do not believe this is likely to have happened in our setting given the curriculum rules in 
Florida, but if the advanced track classes are “watered down” when GEM is offered, it could have a negative impact 
on the math skill development of students who miss the GEM cutoff. 
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operated approximately 140 elementary schools with grades K-5, about 80 mainstream middle 

schools offering grades 6-8, and 70 conventional high schools. It also has a wide variety of 

charter and special service schools. 

 Mainstream middle schools in the District offer three primary tracks of mathematics 

instruction (taught in separate classrooms): regular, advanced and GEM. There is also a fourth 

(remedial) course stream with additional instructional time for weaker students. As shown in the 

flowchart in Figure 1, both the regular and advanced streams follow the standard math 

curriculum prescribed by the State of Florida in grades 6-8.15 Students in the advanced track who 

perform well in 7th-grade math, however, can accelerate by taking Algebra I in 8th grade. The 

third track, known as Great Explorations in Mathematics (or GEM), compresses the standard 3-

year middle school math curriculum into 6th grade, and offers Algebra I in 7th grade and 

Geometry in 8th grade. GEM is offered in all the District’s mainstream middle schools, including 

those located in lower-income neighborhoods. 

 To qualify for GEM, students must have a 5th-grade score of 380 or above in Math and 

300 or above in Reading on the Florida Comprehensive Assessment Tests (FCAT’s).16 Entry to 

GEM also requires a teacher’s recommendation and parental consent. Students must earn at least 

a B grade to stay in the program in 7th and 8th grades; otherwise, they return to the advanced 

track (as shown in Figure 1). This off-ramp feature addresses concerns that some students who 

meet the 5th-grade threshold may struggle with the faster pace of GEM. Even those who only 

spend a year in GEM, however, have an extra pathway to completing Algebra 1 by the end of 

middle school relative to those who miss the cutoff (see Figure 1). 

 Appendix Table A1 shows how the pathways in Figure 1 map to course-taking patterns 

through the end of high school. The table reports the distribution of math course enrollments in 

each grade from 7th through 12th for four groups of students defined by their 6th-grade math track 

and, for GEM entrants, by whether they successfully completed the 3-year sequence. Panel A 

shows that students in the regular track follow the conventional sequence closely: 90% take 

Algebra 1 in 9th grade, 73% take Geometry in 10th grade, and 45% take Algebra II in 11th grade, 

 
15 The content of the regular and advanced courses is based on a curricular planning system operated by the State of 
Florida, known as CPALMS. The “advanced” track courses in the Flowchart correspond to “accelerated” courses in 
current CPALMS terminology. 
16 The statewide tests have changed over time but the GEM cutoff in math has remained at about the 80th percentile 
of the math test, while the minimum standard for the reading test has remained at around the median. 
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with fewer than 3% enrolling in any calculus class before the end of high school. Of those who 

start out in the advanced track (Panel B), just under half take Algebra 1 in 8th grade and 

Geometry in 9th, but only ~13% reach a calculus class by 12th grade. For the students who enter 

GEM but leave the program before completing it (Panel C), the modal math course in 9th grade is 

Geometry, with 63% enrolled (somewhat more than in the advanced track group), followed by 

Algebra II in 10th (52%) and pre-calculus in 11th (25%). Overall rates of calculus enrollment for 

this group are roughly double those of the advanced-track group (e.g., 13.7% vs. 7.6% enroll in 

AP Calculus). Finally, Panel D shows the enrollment patterns of successful GEM completers – 

nearly all of whom take Algebra II in 9th grade. This group typically goes on to take pre-calculus 

in 10th grade (65%) and some type of calculus in 11th grade, with 12th-grade enrollments spread 

across AP Calculus BC, AP Statistics, and dual enrollment math courses. Overall, rates of 

calculus enrollment are quite high among GEM completers, with 53% taking AP Calculus AB 

and 30% taking AP Calculus BC by the end of high school.   

c. Regression Discontinuity Model 

 Building on equation (2) we use a “fuzzy RD” approach (Lee and Lemieux, 2010) to 

analyze the effect of entering GEM in 6th grade on outcomes of marginally eligible students. 

Specifically, we estimate local linear first-stage models for entering GEM in 6th grade using data 

for students with math scores in a symmetric bandwidth (BW) around the 380-point threshold, 

i.e., those with scores in the interval [380 − 𝐵𝐵𝐵𝐵, 380 + 𝐵𝐵𝐵𝐵].  Likewise, we estimate local 

linear reduced-form models for jumps in our outcomes at the 380-point threshold. Our IV 

estimator of the treatment effect of GEM entry on the mean outcome of the compliers is the ratio 

of the reduced form and first stage discontinuities at the entry threshold, which we implement 

using two-stage least squares. Our baseline models have no controls other than cohort fixed 

effects (4 dummies) to allow for trends over time in GEM participation and in college outcomes, 

but we show below that combinations of baseline characteristics that predict our main outcome 

trend smoothly at the 380-point threshold. 

 For our main analysis, we focus on a bandwidth of 30 points, which is equivalent to 

±0.6𝜎𝜎′𝑠𝑠 (standard deviation units) of the statewide math test.  The first-stage and reduced-form 

relationships are all relatively close to linear, so (as we show below) our estimates of the 

discontinuities in the first-stage and reduced-form models are relatively stable across 

bandwidths. We also present estimates using alternative bandwidths, including the one selected 
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by the algorithm of Calonico et al. (2014; hereafter, CCT): in most cases the CCT choice is close 

to 30.  

III. Data and Analysis Sample 

a. Data Sources 

We obtained anonymized student-level data from the District’s centralized record system 

for all children who were in 5th grade between the 2003 and 2007 academic years. These records 

contain information on gender, age, race/ethnicity, and FRL status. They also include state-wide 

achievement test scores in reading and math for grades 3-8; course enrollments for grades 6-12, 

and course grades for middle and high school. We obtain information on college enrollment and 

degree completion from data reported to the District by the National Student Clearinghouse 

(NSC), which are available for all students who completed high school in the District.   

Starting from this sample of 5th graders, we derive our main analysis sample in a series of 

steps summarized in Appendix Table A2.  We start in column 1 with 106,170 children who were 

in 5th grade in the District in the academic years 2003-2007. About 43% participated in the FRL 

program; their racial composition is 34% White non-Hispanic (“White”), 36% Black non-

Hispanic (“Black”), and 23% Hispanic. We then eliminate the roughly 20% of 5th grade students 

who were not also in grades 4 and 6 in the District (column 2).  This has little effect on the 

characteristics of the sample. Next, we eliminate the roughly 30% of students who were present 

from 4th to 6th grades but left the District before 12th grade (column 3). This leads to a rise in the 

4th-grade test scores of the remaining group, and a slight increase in the share of girls (51% vs. 

49%). About 17% participated in GEM and 29% participated in the advanced math track math 

class in 6th grade, leaving about 51% in the regular math track and 3% in remedial math. 

A concern for our RD design is that students who enter GEM may be more or less likely 

to stay in the District and be (potentially) matched to the NSC data, leading to differential 

selection biases on the two sides of the 380-point threshold for GEM entry. We investigate this 

issue in Appendix Figure A1, where we plot the probability of being included in the analysis 

sample against 5th-grade math scores. For the population as a whole (Panel A), the estimated 

discontinuity at the GEM threshold is very small (-0.001) and statistically insignificant (𝑡𝑡 ≈

−0.1). The estimates are similarly small for both boys and girls. 

Column 1 of Table 1 shows the characteristics and school outcomes of the roughly 

56,000 students who meet these sample criteria. Panel A presents demographic and 4th-grade test 
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scores, as in Appendix Table A2. Panel B shows outcomes in middle and high school. In 8th 

grade, about a third of these students were enrolled in Algebra I (well above the national average, 

but about equal to the average for Florida as a whole). In high school, about a quarter took pre-

calculus and 15% took calculus (of any kind, including AP). The data in Panel C show that just 

over 80% of District 5th graders who were present in grades 4-6 and remained in the District for 

at least six more years  graduated from high school “on time” (7 years after 5th grade); just over 

60% enrolled in any college in the year after normal high school completion; 41% earned a 

college degree over the next 6 years; 28% earned a bachelor’s degree in this window; and 16% 

(or about 57% of all those who earned a bachelor’s degree) earned a degree in STEM or business 

fields.  

 For our RD analysis sample shown in column 2 of Table 1, we focus on students who 

were in the sample described in column 1 and had a 5th-grade math score within 30 points of the 

GEM threshold of 380 points. This subset of nearly 23,000 students has a 30% FRL rate, 

significantly below the district-wide rate of 42% in column 1.  Relative to the overall District 

population, the analysis sample also over-represents White students and under-represents Black 

students, reflecting racial differences in test scores. Not surprisingly, students with scores near 

the GEM cutoff had higher math scores and higher reading scores in 4th grade than the average 

student in the district-wide sample. About 29% ultimately entered GEM in 6th grade. Most of the 

others were in the advanced track math class in 6th grade; only 22% were in the regular math 

stream.  

 The remaining six columns of Table 1 show the mean characteristics of students in our 

RD analysis sample separately by gender and tercile of non-cognitive skills.  We return to a 

discussion of these subsamples in the next section. 

IV. RD Analysis of GEM Entry 

a. Validity of RD Design and First Stage 

 We begin our empirical analysis by checking the potential validity of an RD design 

around the GEM cutoff. Panel A of Figure 2 presents a standard check proposed by Lee (2008), 

which uses the predetermined characteristics of students to predict our main outcome variable 

(obtaining a bachelor’s degree in STEM or business within 6 years of high school graduation), 
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then plots the average predicted probabilities by 5th-grade math score.17  (We use 1-point bins in 

this and all subsequent plots, reflecting the granularity of the underlying FCAT scores). The 

figure shows that the predicted probabilities rise steadily with 5th-grade math scores, with no 

jump at the GEM threshold. We also constructed similar figures by gender and tercile of non-

cognitive skill. These are reported in Appendix Figure A2 and are all relatively smooth at the 

380-point threshold.  

As a second check, we looked for any discontinuity in the density of test scores around 

the GEM threshold, as suggested by McCrary (2008). Plots of the density, shown in Appendix 

Figure A3, show no sign of bunching or other manipulation of the scores, which is expected 

given that the test is administered statewide and graded electronically. 

 In panel B of Figure 2 we show the relationship between 5th-grade math scores and GEM 

entry. For reference, we also plot the relationship between test scores and the probability that a 

student enters GEM or advanced math in 6th grade. Starting with GEM (shown in blue), we note 

three features. First, the relationships to the right and left of the 380-point cutoff are nearly 

linear, apart from a small upward trend in GEM participation for students with scores up to 6 

points below the threshold.18 Second, among the students with scores near the cutoff, there are 

both “always takers” (as evidenced by the ~10% GEM entry rate for students with scores just 

below the 380 cutoff) and “never takers” (as evidenced by the roughly 40% of students with 

scores just above the 380 cutoff who do not enter GEM). Third, there is a large jump in the 

probability of GEM entry – around 50 ppts. in magnitude – implying that our RD design has a 

powerful first stage (𝑡𝑡 ≈ 18.2 for the pooled sample). 

 One explanation for the rather high share of never-takers is that the rules for GEM 

specify that the student must have a math score above the GEM threshold and score 300 or more 

on the 5th-grade reading test. Over 90% of students who barely satisfy the math threshold have 

reading scores of 300 or more, however, so the latter requirement excludes relatively few 

students. More significantly, many students who score above both test thresholds are not 

assigned to GEM, reflecting two types of non-compliance.  On one hand, it appears that students 

 
17 Specifically, we use student demographic characteristics (gender, age, race/ethnicity, FRL status, English 
Language Learner status), gifted status, and 4th-grade math and reading scores to predict the probability of a STEM 
or business degree for students with math scores below the GEM threshold. Then we use predictions from this 
model for all students in our analysis sample. 
18 This appears to be driven by a practice of filling the 6th-grade GEM classroom with nearly-eligible students at 
schools where relatively few students meet the 380 threshold. 
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with 5th grade math scores just a little above the GEM threshold and relatively weak 4th grade 

math scores are less likely to enter GEM – presumably reflecting teachers’ and/or parents’ 

concerns over their true math ability. On the other hand, non-compliance rates also vary by 

school and are typically higher in schools with lower FRL rates and higher shares of students in 

the upper quintile of 5th-grade math scores. We suspect that some schools may limit GEM 

enrollment to ensure that class sizes are roughly equal for all three math tracks, effectively 

raising the threshold for GEM entry. 

 In contrast to the large jump in GEM enrollment at the 380-point threshold, the green line 

in panel B of Figure 2 shows there is a much smaller jump – only about 3 ppts. – in the 

probability that students enter GEM or the advanced math track in 6th grade.  This implies that 

most of the GEM compliers (≈ 94%) come from the advanced track. 

b. Persistence in GEM 

 As noted above, eligibility for the second and third years of GEM requires at least a B 

grade in the previous year. Panels C and D of Figure 2 plot the probabilities of taking Algebra I 

in 7th grade (i.e., remaining on the GEM track for 7th grade), and of taking and successfully 

completing algebra by 8th grade – which is possible for students who remain in GEM at least 

through 7th grade, as well as for students in the advanced track who perform relatively well in 

their 7th-grade math class.  Looking first at the share who remain in GEM (the blue line), we see 

a roughly 25 ppt. jump at the threshold for GEM entry, with about 40% of students who scored 

just above 380 points entering Algebra I in 7th grade. Since the rise in GEM entry at the cutoff is 

about 60 ppts., we infer that only about two-thirds of marginally eligible GEM entrants 

successfully completed the first year of the program and entered Algebra I by 7th grade.  

Looking next at the share of students who took algebra by 8th grade (yellow line in panel 

C) we see around a 70% rate for students who were marginally eligible for GEM, and a 60% rate 

for those who were marginally ineligible, implying that eligibility for GEM only raises the share 

taking Algebra I in middle school by 10 ppts.  The green line in panel C shows the share of 

students who successfully completed Algebra I (earning a grade of B or better) by 8th grade. This 

is lower than the share who enrolled in the course. Interestingly, the ratio of the probability of 

successful completion to the share enrolled is around 68% for students just to the left or right of 

the GEM threshold, so the success rate in the course is not much affected by GEM. 
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Finally, panel D shows the fractions of students who enrolled in or earned at least a B 

grade in geometry in 8th grade. Both rates are very low to the left of the threshold but rise 

substantially at the threshold, with around 30% of marginally eligible students taking geometry, 

and 21% completing the course with a B or better grade. Comparing the latter to the 60-ppt. 

jump in GEM entry (Panel B), we infer that only about a third of marginally eligible entrants 

managed to successfully complete all three years of the program. Even among students with 

math scores near the upper limit of our analysis sample (400-410 points) who have a GEM entry 

rate of 80%, the success rate in the program is only around 63%. 

Why do so many students who entered GEM fail to successfully complete all three years?  

Part of the answer is that the 5th-grade statewide test is a noisy measure of their math ability. But 

another important factor identified in the existing literature is non-cognitive skill (see e.g. Jacob, 

2002; Heckman et al., 2006; Becker et al. 2010, Card et al., 2026). Good course grades, as 

required by GEM, require a combination of math skills and the ability to complete class 

assignments and exams. Even students with high math ability may lack these skills, making it 

unlikely they can complete GEM.   

Unfortunately, our available data do not include direct measures of non-cognitive skills, 

or even of course grades until 6th grade. Building on Jacob (2002), we therefore use mean grades 

in high school classes other than math, adjusted for cognitive skills as measured by 4th-grade 

tests in reading and math, as an index of non-cognitive skills.19 An obvious concern with this 

measure is that it is potentially affected by GEM participation. In Appendix C we analyze this 

possibility by looking at how the mean value of this noncognitive index, and its quantiles, vary 

with 5th-grade math test scores. Reassuringly, we find that these are all quite flat across the range 

math test scores near the GEM cutoff. 

The importance of noncognitive (NC) skills in the successful completion of GEM is 

shown in Figure 3. Here, we take students with marginally eligible 5th-grade math test scores 

(between 380 and 385 points) and divide them into quintiles of NC skills. The left panel shows 

the fraction of students in each NC quintile who enter GEM in 6th grade: this ranges between 60 

and 68% and is nearly constant across the quintiles. The right panel shows the rate of successful 

completion of GEM, which in contrast is very highly correlated with NC skills. For the bottom 

 
19 We exclude non-academic courses such as physical education. We have also experimented with excluding science 
class grades from the index.  This has almost no effect on the results. 
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quintile group, the probability of successful completion of GEM is under 10% while the rate for 

the top quintile is over 40%.  

As shown in Appendix Figure C1, the distribution of measured NC skills is shifted to the 

right (by about 0.5σ’s) for girls relative to boys. Thus, most of the marginally eligible students in 

the bottom quintile of NC skills are boys (73%) and most of those in the top quintile are girls 

(65%).  Even within quintile, however, rates of successful completion of GEM are about 6 ppts. 

higher for girls than boys. We suspect that at least part of this gap reflects gender differences in 

how well high school grades measure non-cognitive skills in middle school.  In light of these 

differences, and also well-known differences in college major choices between men and women, 

in the remainder of the paper we examine heterogeneity by gender and NC skill, classifying girls 

and boys into gender-specific terciles of our simple index of noncognitive skills. 

Columns 3-8 of Table 1 show the demographic characteristics and average schooling 

outcomes for the resulting six subgroups of our main analysis sample. The data in panel A reveal 

that FRL participants and Black students are less likely to be classified in the higher NC terciles, 

while Hispanic students are more evenly distributed across the terciles.  The 4th-grade math test 

scores of the 6 subgroups are relatively similar (from a high of +0.76σ’s above the statewide 

mean for high-NC boys to a low of +0.60σ’s above the mean for low-NC girls), while the 

reading scores are a little more widely dispersed (from a high of +0.66σ’s for high-NC girls to a 

low of +0.44σ’s for low-NC boys).   

Consistent with the data in panel A of Figure 3, GEM entry rates are quite similar for the 

6 groups, but rates of completing Algebra I by the end of 8th grade or of successfully completing 

GEM are quite different. About 62% of high-NC girls complete algebra by 8th grade with a grade 

of B or better; 21% of these girls successfully complete GEM. By comparison, only 17% of low-

NC boys complete algebra with a B or better, and only 6% successfully complete GEM. 

The differences across the six subgroups persist into high school and beyond. About 40% 

of high-NC girls and boys complete calculus by the end of high school while only 5% of low-NC 

boys do so.  Likewise, 20% of high-NC boys and 17% of high-NC girls complete AP Calculus 

AB with a score of 3 or better (enough to qualify for college credit at many colleges), while only 

1% of low-NC boys or girls do so.  Rates of degree completion and majoring choices also vary 

widely across NC terciles and between males and females.  Within 6 years of high school 

completion, rates of completing a bachelor’s degree range from 73% for high-NC girls to 7% for 
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low-NC boys; rates of completing a bachelor’s degree in STEM or business range from 44% for 

high-NC boys to 5% for low-NC boys. 

c. Impacts of GEM Entry on Math Courses in Middle School 

 With this background, we turn to an analysis of the impacts of GEM entry on subsequent 

student outcomes. We begin by summarizing the impacts of GEM entry on the timing and 

successful completion of Algebra 1 and Geometry, using a fuzzy RD approach.  For students as a 

whole, the first stage and reduced forms are illustrated in Figure 2.  Row 1 of Table 2 presents 

the corresponding first-stage estimate (column 1) and 2SLS estimates of the effects of GEM 

entry (columns 2-6). Given the first-stage estimate of 0.508, the treatment effect estimates are 

essentially twice as big as the reduced-form jumps show in panels C and D of Figure 2. For 

reference, the number in square brackets in each row shows the mean outcome for the untreated 

compliers. As noted in the discussion of Figure 2C and 2D, these rates range from very close to 0 

for geometry to around 65% for enrollment in algebra by 8th grade. 

 Turning to the effects on our six subgroups, Appendix Figure A4 presents first-stage plots 

by gender and tercile of NC index. All six figures look very similar to Figure 2B, with relatively 

low rates of GEM participation to the left of the 380-point threshold and large jumps in the 

probability of entering GEM at the cutoff, of roughly 50-55 ppt in magnitude. We also see that 

for all six subgroups, there is a much smaller rise (<5 ppt) in the probability of GEM or advanced 

track math in 6th grade, implying that most of the students who enter GEM would otherwise have 

enrolled in the advanced track. 

 Rows 2-7 of Table 2 show that indeed the estimated first-stage impacts of passing the 

380-point threshold are very similar across groups. However, the impacts of GEM entry vary 

widely, with a negative correlation between the treatment effects and the underlying means of 

the outcomes for the untreated compliers in a particular subgroup. For example, column 4 

presents impacts on the probability of earning at least a B grade in Algebra I by 8th grade. The 

treatment effects are substantially larger for groups with lower means in the absence of GEM. 

For low-NC girls, with a mean for untreated compliers of 31.5%, GEM has an effect of +20 ppts. 

For high-NC girls, with a mean for untreated compliers of 77.1%, GEM has only a + 5 ppt. 

effect. The implication is that access to the accelerated GEM curriculum raises the average rate 

of successful completion of algebra before high school while equalizing differences across 
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higher and lower NC groups.  For the high- and middle-NC tiers it also has a larger effect on 

boys than girls, equalizing the gender gap in early completion of algebra.  

 One issue for students entering a more advanced curriculum is that teachers tend to 

reward relative rather than absolute performance in assigning grades. A student who is near the 

top of the class in the advanced math track may be closer to the middle in the GEM track, 

leading to lower grades.  Columns 1-3 of Table 3 show the effects of GEM entry on math GPAs 

in 6th through 8th grades. For the overall sample and all subgroups there are large negative 

impacts of entering GEM on 6th-grade math GPAs, on the order of 0.7 of a letter grade. There are 

also negative, but smaller, effects on 7th-grade math GPAs, but close to a zero impact on 8th-

grade GPAs, with even slightly positive effects for low-NC students (most of whom are no 

longer in GEM). The fact that the grade effect is close to zero by 8th grade suggests that there is 

no lasting negative impact of entering the GEM track for most students. 

d. Impacts of GEM Entry on Math Courses in High School 

 Next, we look at impacts on high school math. Table 4 summarizes the impacts of GEM 

entry on 8 outcomes: enrollment in Algebra II by 9th grade (which is only possible for students 

who have already completed Algebra I and Geometry, i.e., those who successfully completed 

GEM); the total number of advanced math courses that a student has enrolled in by 12th grade; 

enrollment in pre-calculus; enrollment in any calculus; early enrollment in calculus by 11th 

grade; enrollment in any AP calculus class; enrollment in AP calculus BC (the second AP class 

in calculus); and enrollment in AP statistics. Panel A of Figure A5 plots the shares of students 

taking calculus by 11th grade (blue circles) and by 12th grade (red triangles). There is a clear 

upward discontinuity in both rates at the GEM entry threshold. Looking in row 1 of Table 4, we 

see about a +10 ppt. increase in any calculus associated with GEM entry, and a larger 13 ppt. 

gain for early calculus. Both estimates are highly significant (𝑡𝑡′𝑠𝑠 around 4). Panel C of Figure A5 

shows the sensitivity of the estimated impacts to bandwidth choices. Given the near linearity of 

the reduced form plots, the estimates are quite stable for bandwidths between 10 and 40 points; 

the CCT-selected bandwidths are 25 and 27, respectively, just slightly below our default 

bandwidth of 30. The other estimates in row 1 suggest that the average responses to GEM entry 

include a rise in the number of advanced math classes taken by 12th grade (+0.4 courses), a 7 ppt. 

impact on the probability of taking pre-calculus (from a baseline rate for the untreated compliers 

of 48%), and modest rises in the probabilities of taking AP classes in calculus and statistics.  
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 As would be expected given the findings in Table 3, the impacts on high school math 

outcomes vary widely across our 6 key subgroups.  These estimates are shown in rows 2-7 of 

Table 4; the reduced-form relationships for calculus enrollment by subgroup are shown in Panels 

A and B of Figure 4.  A particularly interesting comparison is between high-NC girls and high-

NC boys. The untreated complier means for girls in this category are relatively high, with an 

average of 2.7 advanced math classes in high school, an 80% rate of taking pre-calculus, a 48% 

rate of taking any calculus, and a 23% rate of early calculus (i.e., by 11th grade). The 

corresponding means for the boys are systematically lower – contrary to the fear of many 

analysts that girls with good math skills tend to select out of advanced math at a higher rate than 

similar boys (see e.g., Kim et al., 2018). The treatment effects of GEM entry are generally larger 

for the boys (and sometimes much larger, as in the +33-ppt. impact on early calculus versus a 17-

ppt. impact for the girls). Thus, for marginally eligible students with high NC skills, entry to 

GEM narrows – or even reverses – the pre-existing gender gaps in favor of girls. 

 For students in the mid-tier of NC skills, the gender gaps for the untreated compliers are 

reversed, as are gaps in the treatment effects. For mid-NC students, the gender gaps among the 

untreated compliers tend to favor boys – e.g., 20.1% of untreated mid-NC boys enroll in calculus 

by 12th grade, versus 15.7% of girls. The treatment effects of GEM entry, however, are larger for 

the girls, in many cases reversing the gender gap to favor girls.  For example, among treated 

complier girls, the share who enroll in calculus by 12th grade is 30.6% (=15.7+14.9), while 

among treated complier boys the share is 24.1% (=20.1+4.0).  

Finally, among students in the lowest tier of NC skills, the untreated compliers of both 

sexes have relatively low rates of taking advanced math and AP courses: just under 1 class in 

total for the girls and less than ½ of a class for the boys. Entry to GEM leads to positive 

treatment effects that are larger for girls than boys – for example +11 versus +8 ppt. effects on 

the probability of taking pre-calculus, respectively, though rates of completion of calculus and 

AP math classes remain low for both genders. 

 Columns 4 and 5 of Table 3 look at the effects of entering GEM on high school GPAs in 

math and non-math courses.  The impacts on math GPAs are slightly negative for students as a 

whole and for 5 of the 6 subgroups, suggesting that the push of students into more advanced 

math classes may have lowered their grades slightly, though even the largest effect – for low-NC 
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girls – is only -0.11 grade points (on a mean of 2.25), and is not significant (𝑡𝑡 = 1.2). The 

impacts on average grades in non-math subjects are all very close to zero.   

Column 6 of Table 3 presents estimates of the effect of GEM entry on PSAT math scores 

(expressed as percentiles in the national distribution). The average impact of GEM entry is 

positive (+3.0 percentiles, 𝑡𝑡 = 3.0), with particularly large effects on high-NC boys (+6.2 

percentiles 𝑡𝑡 = 3.2) and low-NC boys (+7.3 percentiles 𝑡𝑡 = 2.3), and a marginally significant 

effect on middle-NC girls (+3.5 percentiles 𝑡𝑡 = 1.9).  These gains suggest that the exposure to 

more advanced math classes associated with GEM entry may help students perform better on the 

PSAT exam.  As shown in column 7, we also find a marginally significant effect of GEM entry 

on the likelihood that students achieve a score of 3 or higher on the AP Calculus AB exam.  

Interestingly, the effects are largest for the 2 subgroups with the biggest gains in math PSAT 

scores, supporting the view that GEM entry led to gains in their math achievement. 

e. Impacts of GEM Entry on College Outcomes 

 Next, we turn to college-level outcomes. Table 5 presents the estimated impacts of GEM 

entry on 6 outcomes: graduation from high school on time (7 years after completing 5th grade); 

graduation on time and entering college the next year; graduation on time and entering a 

selective college; earning any degree (associate or bachelor’s degree) within 6 years of on-time 

high school graduation; and earning a bachelor’s degree in a STEM field or business within 6 

years. Again, for each group of students and each outcome we also show the mean for the 

untreated compliers: for example, pooling all students, 96.2% graduated high school on time.  

Panel B of Appendix Figure 5 plots the reduced form for attaining any degree within 6 

years, and attaining a STEM or business degree, while panel D shows the estimated treatment 

effects of GEM entry on these two outcomes, using the full sample of students and bandwidths 

of 10 to 40 points. The reduced form for attaining a bachelor’s degree shows no evidence of a 

jump at the GEM entry threshold; the associated treatment effects are close to 0 for the full range 

of bandwidths. By comparison, the reduced form for attaining a STEM or business degree shows 

a jump of around 2-3 ppt; the associated treatment effects are close to 5 ppts. for the full range of 

bandwidths. 

Returning to Table 5, row 1 summarizes the impacts of GEM entry on college outcomes 

for the pooled sample. The estimated impacts on high school graduation and college entry are 

very close to zero. The average impacts on entering a selective college, earning any degree, or 
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earning a bachelor’s degree are all weakly positive, but not significantly different from zero (𝑡𝑡′𝑠𝑠 

in the neighborhood of 1). Consistent with the estimates in Appendix Figure 5, however, the 

impact on completing a STEM or business degree is positive and significant at conventional 

levels (estimate = 5.5 ppts.; 𝑡𝑡 ≈ 2.4), implying about a 25% increase in STEM/business degrees 

relative to the untreated compliers. To put this estimate in context, we found in Table 4 that entry 

to GEM led to a 9.5 ppt. increase in the probability of completing calculus by end of high school. 

So, the net impact on STEM or business is about one-half as big as the effect on any calculus. 

Table 6 presents a more detailed analysis of degree outcomes, distinguishing between 3 

main categories of STEM: math, engineering, physical sciences and computer science (column 

2); life sciences (column 3); and social sciences (column 5). We also show impacts on degrees in 

business (column 4), health (column 6), and other non-STEM fields (column 7). Using the 

estimated treatment effects of GEM entry from row 1, we infer that the 5.5 ppt increase in 

STEM/ business degrees came from a combination of a 2.3 ppt. rise in bachelor’s degree 

completion, a 1.2 ppt. reduction in health-related degrees, and a 1.9 ppt reduction in other non-

STEM degrees. Within the STEM/business fields, there were gains in all 4 sub-categories shown 

in the table, with 36% (=2.0/5.5) coming from a rise in social science degrees; 31% (=1.7/5.5) 

coming from a rise in life science degrees, 22% (=1.2/5.5) coming from a rise in business 

degrees, and 11% (=0.6/5.5) coming from engineering, physical sciences and math. 

As we have found at the middle school and high school levels, GEM entry has very 

different effects by gender and NC tercile. Panels C and D of Figure 4 plot the reduced forms for 

completing any bachelor’s degree and completing a STEM/business degree for the 6 subgroups. 

The associated treatment effects, summarized in rows 2-7 of Table 5 show that GEM has very 

small effects on high-NC girls, arguably because even in the absence of GEM these girls have 

high rates of entering a selective college (82.2%), earning a bachelor’s degree in 6 years (81.0%) 

and earning a STEM or business degree (45.3%).   

There are also no significant effects of GEM entry on the probability of entering a 

selective college or earning a bachelor’s degree for high-NC boys, but there is a +11.9 ppt. effect 

on completion of STEM/business degrees (visually evident in panel D of Figure 4) which pushes 

their rate from 42.8% in the absence of GEM (a little below the rate for high-NC girls) to 54.7% 

(a little above the rate for high-NC girls).  
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In contrast to the null effects for high-NC girls, GEM had larger effects on the college 

outcomes of mid-NC girls, and its largest effects on low-NC girls. Our estimates imply that 

GEM raised the share of low-NC girls entering selective colleges by 14.1 ppts. (a 60% increase 

relative to the untreated compliers); increased their rate of completion of a bachelor’s degree by 

13.1 ppts. (a 70% increase relative to the untreated compliers); and increased their rate of 

completion of degrees in STEM or business by 13.6 ppts. (a 270% increase relative to the 

untreated compliers).  By comparison, GEM entry had no significant effects for mid- and low-

NC boys on any of the outcomes in Table 5. 

It is also interesting to look at the subgroup-specific impacts of GEM on the detailed 

categories of STEM (Table 6). For high-NC girls we see only a small, insignificant +1.8 ppt. 

effect on STEM/business as a whole, but within STEM we see a moderately large reduction in 

the share completing a degree in Social Sciences (-6.5 ppts., 𝑡𝑡 ≈ 1.3) offset by a rise in “pure” 

STEM fields (columns 2 and 3) that totals 7.1 ppts. (𝑡𝑡 ≈ 1.8) – around 40% over the base rate. 

For high-NC boys the significant 11.9 ppt. rise in STEM/business degrees arises from a small 

increase in any degree completion and a nearly 9 ppt. diversion from health and other non-STEM 

fields. Within the STEM fields, the largest gain is for social science degrees, which rise by 8 

ppts. (𝑡𝑡 ≈ 2.5). High-NC boys also see an increase in pure STEM degrees that is similar in 

magnitude to the effect for high-NC girls (+7.2 ppts., 𝑡𝑡 ≈ 1.6).  

For mid-NC girls, the GEM-associated rise in STEM/business majors is attributable 

about equally to a 6-ppt. rise in any degree completion and a 5.3-ppt. diversion from health and 

other non-STEM fields (though neither point estimate is significantly different from zero). For 

these girls there is a marginally significant rise in business degrees (+6.7 ppts., 𝑡𝑡 ≈ 2.0) and an 

imprecisely estimated rise in social sciences (+5.4 ppts., 𝑡𝑡 ≈ 1.2), but no change in life or 

physical sciences. For low-NC girls, GEM has no negative effect on completion of non-STEM 

degrees but instead leads to a net shift from non-degree completion to a mix of life sciences, 

social sciences, and business.  

Finally, for low-NC boys there are no significant effects on any of the components of 

STEM, and indeed the estimated impacts of STEM on degree completion and STEM/business 

degree completion are both negative. Looking at the reduced-forms in panels C and D of Figure 

4, and taking account of the fact that most of these boys spent only a year in GEM, we believe 

the negative point estimates are unlikely to reflect true causal effects of GEM entry. We return to 
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this issue below when we study differences in college outcomes between students in the District 

and those in District B, which has no GEM program. 

f. Summarizing Heterogeneity by Non-Cognitive Skill and Gender 

 The results in Tables 2, 3, and 4 suggest that there is wide heterogeneity in the impacts of 

GEM entry by NC tercile and gender. We summarize this heterogeneity in Figure 5, where we 

plot the first stages for entering GEM and the means of 5 main outcomes for the treated and 

untreated compliers in each of the 6 subgroups against their NC skill index. The vertical distance 

between the means for the treated and untreated compliers is the treatment effect of GEM entry 

for that subgroup. To aid in the interpretation of the gaps, we show a confidence interval around 

the mean for the treated compliers with the width of the 95% confidence interval for the GEM 

treatment effect. Thus, if the interval excludes the mean for untreated compliers, the treatment 

effect of GEM entry is significantly different from zero at conventional levels. 

 Panel A of Figure 5 plots the probabilities of entering GEM, which as noted earlier are 

quite similar for the six subgroups. Panel B shows the probabilities of successfully completing 

GEM (i.e., completing geometry by 8th grade with at least a B grade). The means for the 

untreated compliers are essentially zero, while the means for the treated compliers range from 

just a few percent for low-NC boys to just over 60% for high-NC girls. The relationship between 

our NC skill index and the probability of completing GEM for marginally qualified entrants is 

nearly linear, confirming the importance of non-cognitive skills for GEM persistence.   

 Panel C presents the means for completing calculus by end of high school. For this 

outcome the means of the untreated compliers rise systematically with NC skills, though middle-

NC girls and high-NC boys under-perform relative to the trend for the other subgroups.  

Interestingly, these two groups have relatively large positive treatment effects, particularly high-

NC boys, for whom the mean of the treated compliers is close to 60%.  In contrast, high-NC 

girls, who have the highest calculus enrollment rate in the absence of GEM, have only small 

boost from GEM.  These patterns are similar for calculus by the end of 11th grade (shown in 

panel D), though GEM also has a positive effect on the share of high-NC girls who complete 

calculus early. 

 Panel E shows the mean rates of completing a bachelor’s degree within 6 years of high 

school graduation. Degree completion is very strongly correlated with levels of NC skills, 

ranging from only a few percents for low-NC boys to just over 80% for high-NC girls. GEM 
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entry does not have a large effect on this outcome, apart from the marginally significant gain for 

low-NC girls.  Finally, panel F shows rates of completion of a degree in STEM or business. For 

the untreated compliers there is again a very strong positive correlation with NC skills, ranging 

from close to zero for low-NC boys to 45% for high-NC girls. Entry to GEM boosts the rates of 

STEM/business majoring by low- and mid-NC girls and high-NC boys, with a pattern of 

treatment effects that closely parallels the effects on completing calculus in panel C.  Indeed, the 

correlation across subgroups in the treatment effects is 0.70, and a simple regression implies that 

each 1 ppt. increase in calculus enrollment is associated with a 0.7 ppt rise in the probability of 

majoring in STEM or business.20 

 The cross-group relationship between the GEM treatment effect on STEM/business 

majoring and the effect on enrolling in calculus by 12th grade is stronger than the relationship 

with the treatment effect on enrolling in calculus by 11th grade (ρ=0.39), suggesting that it is any 

calculus in high school, rather than early calculus, that mediates entry to math intensive majors.  

Interestingly, GEM’s impacts on early calculus are more highly correlated with the treatment 

effects on obtaining a degree in the pure STEM fields (ρ=0.59).  Notably, both high-NC girls and 

high-NC boys have large effects on early calculus and ≈ 7 ppt. rises in majoring in pure STEM. 

The connection is consistent with the fact that some of these fields enroll students directly out of 

high school and look for evidence of strong math skills in their admission decisions. 

 Overall, the patterns in Figure 5 point to two main conclusions. First, among students 

with 5th-grade math scores near the 80th percentile (the GEM cutoff), non-cognitive skills are 

highly correlated with persistence in GEM, calculus enrollment in high school, and the 

probability of graduating with a bachelor’s degree in STEM/business. Second, the treatment 

effects of GEM entry tend to be higher for students in the middle range of NC skills, with 

negligible impacts on the group with the lowest NC skills (who typically leave GEM after the 

first year) and relatively small effects on the group with the highest NC skills (high-NC girls).  

V. Spillover Effects on Untreated Compliers? 

Our RD analysis relies on comparisons between students whose 5th-grade math scores are 

just above or just below the 380-point GEM threshold. As noted in Section I, the presence of 

 
20 Interestingly, there is no such relationship across groups between the treatment effects of GEM entry on 
probability of successfully completing Algebra I by 8th grade (i.e., earning a grade of B or better) and the probability 
of taking calculus by end of high school. The correlation across the 6 groups in these effects is −0.10. 
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GEM could affect students just below the cutoff through peer effects, discouragement effects, or 

top-of-the-class effects, leading our RD estimators to overstate or understate the true effect of 

GEM on the treated compliers. In this section we present a between-district comparison that can 

potentially detect such spillover effects.  

At the outset, it is worth noting that the reduced-form plots in Figure 4 do not suggest 

large spillovers on the untreated compliers. The scatter of points just to the left of the GEM 

threshold shows no evidence of concavity for any of the 6 group, as might be expected if 

students who narrowly missed GEM were discouraged in pursuing math, or convexity, as might 

be expected if they benefitted from the removal of their higher-scoring classmates. A particularly 

interesting subgroup is high-NC girls, for whom there is no discontinuity in enrolling in calculus 

by 12th grade, or in attaining a STEM or business degree.  Given the findings of Buser and Yuan 

(2019) and Ellison and Swanson (2023) on math competitions, one might suspect that these girls 

would be particularly sensitive to discouragement effects. Similarly, significant peer effects 

would be expected to lead to lower achievement by high-NC girls who are ineligible for GEM.21 

Yet, there appears to be no long-term disadvantage of narrowly missing the GEM threshold for 

high-NC girls. 

Nevertheless, to pursue a deeper investigation, we use data from another large urban 

school district in Florida where we can follow students from 4th grade to the end of college. This 

district – which we refer to as “District B” – has only two main tracks in middle school math, 

with no GEM program or third track for very high scoring students. However, District B’s 

criteria for placing students in advanced math are less selective than the District’s. Among 

students in our sample cohorts whose math scores were within 30 points of the GEM threshold, 

District B assigned nearly all (96%) to the advanced track, while the District assigned only 80% 

to the advanced and GEM tracks combined. Similarly, District B pushed students into early 

algebra at much higher rates than the District.22 This difference is illustrated by the patterns in 

 
21 While some studies find evidence of classroom peer effects, we note that two influential studies of elite public 
high schools, by Abdulkadiroglu et al. (2014) and Dobbie and Fryer (2014), find no discontinuity in outcomes 
between marginally eligible and ineligible students, despite large differences in peer test scores at the admission 
threshold. Likewise, in Card and Giuliano (2016) we found no evidence of peer effect arising from tracking in 4th 
and 5th grades. 
22 Appendix Table D1 presents some comparisons of student characteristics in the two districts. Here, and in the rest 
of this section, we combine data from our main District analysis sample with data from District B that meet the same 
sample criteria. Data from District B are only available for cohorts in 5th grade after 2004: thus, we also restrict our 
District sample by dropping the first cohort of students. 
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the top row of Figure 6, where we show the fractions of students in each of the six subgroups 

who enroll in Algebra I by 8th grade in the District and in District B, conditional on 5th-grade 

math scores. To help interpret the graphs, we fit local linear models for the two districts using 

data ±30 points from the GEM cutoff, allowing for intercept and slope shifts at the GEM cutoff 

in the District and for slope shifts in District B.23  

On average, over 85% of students in District B with scores near the GEM threshold enroll 

in Algebra in middle school – versus around 60% of students in the District with scores just 

below the cutoff, and 70% of students in the District with scores just above (see panel C of 

Figure 2). Across the six subgroups, the levels of Algebra enrollment in the two districts vary 

widely, but the pattern of differences between the two districts is similar, with higher enrollment 

in District B for students on either side of the cutoff and no discontinuity, versus a ≈ 10 ppt. 

jump in the District associated with entry to GEM (for all groups except high-NC girls).  Among 

high-NC boys, for example, nearly 100% of those in District B with scores near the cutoff enroll 

in algebra by 8th grade, versus 70% of those in the District with scores below the cutoff and 

nearly 80% for those with scores above the cutoff.   

The differences between the two districts are summarized in Figure 7.  Here, we show 

estimated between-district gaps in different outcomes from models of the form: 

                𝑌𝑌 =  𝑎𝑎0 + 𝑎𝑎1𝑇𝑇𝑚𝑚 + 𝑎𝑎2𝑇𝑇𝑚𝑚[𝑇𝑇𝑚𝑚 ≥ 0] + 

                           (𝑏𝑏0 + 𝑏𝑏1𝑇𝑇𝑚𝑚 + 𝑏𝑏2[𝑇𝑇𝑚𝑚 ≥ 0] + 𝑏𝑏3𝑇𝑇𝑚𝑚[𝑇𝑇𝑚𝑚 ≥ 0])𝐷𝐷 + 𝜂𝜂                     (3)                                    

where 𝑇𝑇𝑚𝑚 is a student’s 5th-grade math score (recentered at the GEM cutoff) and 𝐷𝐷 is an 

indicator for students in the District (versus District B). The coefficients 𝑏𝑏0, 𝑏𝑏1, 𝑏𝑏2, 𝑏𝑏3 

parameterize the gap in mean outcomes between the two districts at each test score 𝑇𝑇𝑚𝑚 as a 

linear function of the test score, with a potential jump and change in slope at the GEM cutoff. 

We fit this model using a sample that combines our main analysis sample from the District and a 

parallel sample from District B, and we use the gender-specific NC terciles from the District to 

classify District B students into six parallel gender-NC subgroups.  

To adjust for differences in observed covariates between students with similar 5th-grade 

math scores in the two districts, we reweight District B observations by 𝑝𝑝/(1 − 𝑝𝑝), where 𝑝𝑝 is a 

propensity score for being in the District, estimated separately for each gender-NC subgroup 

 
23 In models that allow for intercept shifts in District B, the shift is never significantly different from zero. 
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within 5-point bins of the 5th-grade math score.24 Because all subgroups show little-to-no overlap 

for observations with 𝑝𝑝 > 0.9 (see Appendix Figure D1), we also trim each sample to exclude 

observations in this range.25 To assess how well this approach balances the covariates most 

relevant to our main outcome, we use the baseline characteristics used in the propensity score 

model to construct a predicted probability that students complete a bachelor’s degree in a STEM 

or business field.26 In Appendix Figure D2, we plot these predicted probabilities against 5th-

grade math scores for students in the two districts after reweighting and trimming the data. The 

means are very similar in the two districts across all values of 5th-grade math scores, although we 

see slightly higher values among high-scoring students in District B for girls in the middle NC 

tercile. 

While the evidence in Appendix Figure D2 is reassuring, it is important to keep in mind 

that the projection of student outcomes on a locally linear function of test scores would not 

necessarily have the same intercept or slope in the two districts, even if the math curriculums 

were the same and the observed student characteristics were perfectly balanced. Evidence on the 

intergenerational transmission of occupations (Beller and Hout, 2006; Greenberg et al., 2024) 

and college majors (Dahl et al., 2020) suggests that the probabilities of completing different 

types of college degrees depend on parental education, income, and occupation. We have only 

crude controls for family background based on race/ethnicity and FRL eligibility. If the 

distributions of parental education and occupations differ between districts conditional on these 

controls, we might expect differences in the relationship between the probability of completing a 

STEM degree and 5th grade math scores. Similarly, degree completion and major choices also 

depend on the programs offered by local colleges and universities (Acton et al., 2026), and jobs 

available at local employers (Weinstein, 2022). If these differ between the districts it could also 

lead to differences in the projection of our main outcomes on 5th-grade scores. As we show in 

Appendix Table D2, however, the average characteristics of adults and parents in the two 

 
24 For each sample, the propensity score is estimated using a logit model that includes quadratics in 4th-grade reading 
and math scores, student age, FRL status, English language learner status, gifted status, and cohort fixed effects. 
25 Further analysis reveals that the excluded observations (with 𝑝𝑝 > 0.9) are primarily Black students who are 
English Language learners, which is consistent with relatively large differences between districts in the population 
shares of Blacks and immigrants (see Appendix Table D2). 
26 This index is analogous to the one plotted in Figure 2A (for the pooled District sample) and Appendix Figure A2 
(for the District subsamples) except that here, we use only the four cohorts that are available in both districts. As 
before, the models are fit to observations in the District RD sample with scores below the GEM threshold, and the 
coefficient estimates are used to predict the outcome for the full sample of students in the District and District B. 
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districts are remarkably similar, apart from higher shares of immigrants and Black families in the 

District.27 In particular, the distributions of education, household income, and industry of work, 

and the share of adults with degrees in STEM or business are very similar between the districts. 

Moreover, the two districts have quite similar local colleges and universities.  

The top row of Figure 7 shows fitted values for the covariate-adjusted, between-district 

gap in enrollment in Algebra I by 8th grade. We note the large gaps for students with scores close 

the threshold, the discontinuities in the gap for all groups except high-NC girls, and the fact that 

middle school algebra enrollment rates in the District only catch up with those in District B for 

students with scores near the upper end of the range of our analysis sample. While District B’s 

middle school curriculum channels most higher-scoring students into Algebra I in 8th grade, it 

does not include a pathway to early geometry. Among students with 5th-grade math scores in the 

380-400 range (i.e., 0-20 points above the GEM cutoff) less than 5% of girls or boys in District 

B enroll in Geometry by 8th grade. In contrast, in the District, this fraction is around 35% (see 

panel D of Figure 2). 

Given the differences in the middle school math sequence between the District and 

District B, it is interesting to ask how the longer run outcomes of students with different 5th-

grade math scores compare in the two districts. In particular, we focus on the question of whether 

students in the District with scores just below the GEM cutoff do relatively worse in the District 

than in the District B – as might happen if there are significant negative peer effects or 

discouragement effects caused by moving the higher-scoring students to the GEM track.   

The lower panels in Figure 6 show the fractions of students in the two districts who enroll 

in calculus by 12th grade and by 11th grade, and the fractions who complete a STEM or business 

major 6 years after high school graduation; the lower panels in Figure 7 show the associated 

between-district gaps in these outcomes at each value of 𝑇𝑇𝑚𝑚.  Looking first at calculus by the end 

of high school, we note that there is indeed evidence that students with scores below the GEM 

cutoff tend to have lower rates of calculus enrollment in the District relative to their counterparts 

in District B. The rates are most similar for the low-NC groups, and the gaps are largest for the 

high-NC groups – especially high-NC boys. For three groups (low-NC boys and girls and high-

NC boys) there is also some evidence that the gap is more negative just below the cutoff. On the 

 
27 Consistent with this difference, and as noted above, Black children who are English language learners make up a 
large share of those excluded when we trim observations with 𝑝𝑝 > 0.9 from our sample.  
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whole, however, we view the evidence for calculus enrollment as inconsistent with spillover 

effects on students who just miss GEM eligibility. First, instead of displaying a dip in the District 

relative to District B just below the GEM cutoff (as might be expected if there were negative 

spillovers), the enrollment gaps either trend linearly as 𝑇𝑇𝑚𝑚 approaches the threshold from below 

or are flat over the range of scores below the cutoff.28  Second, in light of the wide gaps in 

algebra enrollments seen in the first row of Figures 6 and 7, the gaps in calculus enrollment 

appear linked to District B’s policy of broad access to early algebra rather than any spillover 

effects within the District. Similarly, a likely explanation for the widening of the gap below the 

cutoff (e.g., for high-NC boys) is that early algebra is more likely to lead to calculus in high 

school for students with higher math scores.     

The third panel in Figures 6 and 7 compares rates of enrollment in calculus by 11th grade 

for students in the two districts. Here, the patterns are more similar across our six groups. For 

low- and middle-NC students, rates of early calculus in District B are very low. Even for high-

NC students, early enrollment in calculus is relatively rare in District B, with rates below 5% for 

those with math scores near the GEM threshold.  By comparison, students in the District have 

higher rates of early calculus, with jumps at the GEM threshold for all groups but low-NC boys. 

The between-district gaps in Figure 7 are all positive and increasing with math test scores before 

and after the GEM threshold. These patterns do not show any evidence of spillover effects on 

students who narrowly miss qualifying for GEM. 

Finally, the bottom panels in Figures 6 and 7 show rates of completion of a STEM or 

business degree. Looking first at the unadjusted means in Figure 6, rates of STEM/business 

degree completion look remarkably similar in the two districts for students below the cutoff.  The 

covariate-adjusted gaps in Figure 7 reveal some evidence of negative trends in the District 

relative to District B in the range of scores below the cutoff. Interestingly, these trends largely 

mirror the patterns in calculus enrollment discussed above. However, Figure 7 also confirms that 

among observably similar students in the two districts with scores in the 30-point range below 

the cutoff, differences in STEM/business degree earning are mostly small and insignificant – 

even for high-NC boys for which the calculus enrollment gap is relatively large.  

 
28 Arguably, there is some evidence of a dip in the figure for low-NC girls, where the mean gap is negative only in 
the 5-point bin below the cutoff; however, there is also evidence of a downward trend over the full range of scores 
below the threshold. 
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Our main conclusion from these between-district comparisons is that there do not appear 

to be large spillover effects on students in the District who were marginally ineligible for GEM. 

The outcomes for high-NC girls – a group that might have been expected to exhibit 

discouragement effects, given the literature on math competitions – trend smoothly through the 

GEM threshold. And the patterns of early calculus enrollment suggest that outcomes for 

marginally ineligible students are in line with patterns for the broader group of students with 

scores below the cutoff for GEM. We do see lower rates of enrollment in calculus by the end of 

high school for students in the District with scores below the GEM threshold relative to 

comparable students in District B. However, we believe that these gaps are attributable to the 

broader-based acceleration policy of District B, rather than to spillover effects within the 

District.  

Another feature of the between-district comparisons is the pattern of outcomes for 

students with math scores above the GEM threshold. Looking at the bottom rows of Figures 6 

and 7, we note that in three cases (low-NC girls, mid-NC girls, and high-NC boys), there is clear 

evidence of a jump at the GEM cutoff in the District relative to District B, reflecting the 

treatment effects noted in the discussion of Table 5.29 In all three cases, the treatment effect 

results in a positive gap between the districts in the rate of STEM/business majoring for students 

with scores above the GEM threshold.   

The pattern of between-district gaps at scores above the threshold is particularly 

interesting for high-NC girls.  While there is no discontinuity in STEM/business majoring for 

high-NC girls at the cutoff, below the cutoff the rates for this group are high relative to other 

groups in the District.  In Figure 7, we see that there is also a positive between-district gap in 

STEM/business majoring for high-NC girls that, while insignificant below the cutoff, increases 

monotonically with the math score, leading to a relatively large divergence further above the 

threshold. Interestingly, these patterns of STEM/business degree completion mirror some 

distinctive patterns in math enrollments for this group. In particular, a combination of relatively 

high rates below the threshold (compared to other groups in the District) and a lack of threshold-

 
29 We also note that there is no negative discontinuity in STEM/business majoring for low-NC boys in the District, 
contrary to the small negative discontinuity seen in row 7 of Table 5 and in panel D of Figure 4. This difference 
arises from the exclusion of the 2004 cohort from the samples used in our cross-district comparisons. 
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crossing effects is also seen in early algebra and calculus by 12th grade, while a relatively steep 

positive trend above the threshold is also seen in early calculus.   

Together, these patterns suggest that girls in the District with high noncognitive skills and 

math scores near the cutoff are neither helped nor hurt by their access to GEM: they enroll in 

calculus and earn degrees in STEM/business at similar rates on both sides of the GEM cutoff, 

and their rates of STEM/business degree earning are also similar to comparable girls in District 

B. At higher levels math ability, however, the STEM/business degree rates of these girls surpass 

those of their District B counterparts. The between-district gap in early calculus is also especially 

large, suggesting that the GEM policy supports math-oriented pursuits among girls with high 

non-cognitive skills and high math ability.30   

VI. Summary and Conclusions 

 There is much disagreement about how to structure the math curriculum in American 

middle and high schools. On one hand, the science and engineering programs at many selective 

schools ask for evidence of mastery of advanced math in high school, especially calculus. This 

leads the parents of higher-achieving students to demand access to algebra and geometry in 

middle school so their children have a pathway to calculus by the end of high school. On the 

other hand, previous efforts to push “algebra for all” in middle school are perceived as having 

failed, especially for weaker students. A possible resolution to this conundrum is the availability 

of targeted acceleration programs like the GEM program we study in this paper.  

 GEM is a three-year program that compresses the standard 6th- and 7th-grade curriculum 

into a single year, leading to Algebra I in 7th grade and Geometry in 8th grade. Admission is 

limited to students who score above the 80th percentile on the statewide 5th-grade math test, and it 

has “off-ramps” after 6th and 7th grade that allow students to return to the conventional advanced 

math track if they are struggling. In fact, only a third of marginal GEM entrants actually 

complete all three years, but 70% complete algebra by the end of 8th grade. 

We use the admission threshold for GEM to conduct a regression discontinuity-based 

analysis of the effects of entering GEM on subsequent course taking and grades in middle and 

high school, and on post-secondary outcomes, including degree completion and majoring in 

 
30 Under the assumptions posed by Ellison and Pathak (2025) about the upper and lower tracks in a model with a 
single index of skills, these patterns are consistent with the District’s math placement policies being “optimal” for 
high-NC girls.  
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more math-intensive fields (STEM and business). We have three main findings. First, among 

students with 5th-grade math scores in a relatively narrow range around the GEM threshold, 

persistence in the GEM program, math course outcomes in high school, college degree 

attainment, and STEM/business majoring are all highly correlated with a simple index of non-

cognitive skills based on (adjusted) course grades in high school classes other than math. 

Controlling for this index, they are also higher for girls than boys, leading us to investigate the 

variation in the treatment effects of GEM entry by gender and NC skill tercile.  Second, entry to 

GEM leads to a rise in the average number of advanced math classes in high school, with a 

relatively large effect on the probability of completing calculus by 11th grade and a slightly 

smaller effect on the probability of completing calculus by 12th grade.  These average impacts 

are concentrated among students in the middle-ranges of NC skills; we find little effect on any 

calculus-related outcome for the lowest NC boys, while for the highest NC girls, GEM affects 

only the timing and level of calculus enrollment among marginal entrants.  Third, entry to GEM 

has no effect on the average rate of attaining a bachelor’s degree within 6 years of high school 

graduation, but leads to a 5-6 ppt. increase in the share of students who major in STEM or 

business. Across groups, the gains in STEM/business majoring are highly correlated with the 

gains in calculus enrollment by the end of high school, suggesting a causal pathway from 

advanced math completion in high school to math intensive major choices in college. 

 A widespread concern with tracking programs like GEM is that they could harm lower-

performing students who miss out on the advanced track. These concerns have led some school 

districts to eliminate math tracking in middle school, despite the resulting problems in meeting 

the suggested math preparation for more selective engineering and science programs. To address 

this concern, we use data from a second large school district in the same state (District B), which 

has regular and advanced tracks in middle school math but not a third upper track like GEM for 

the highest performers in math. In comparison to the District, the policies in District B lead to a 

much higher share of students with 5th grade scores around the GEM threshold who enroll in 

algebra in 8th grade.  We also find interesting differences between the districts in the relation 

between 5th-grade scores and completion of calculus in high school, particularly for high NC 

boys, who may benefit from the more inclusive acceleration policy in District B.  Taking the 

evidence as a whole, however, we conclude that GEM has no large spillover effects on 

marginally ineligible students, supporting the internal validity of our RD design. 
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 Overall, we conclude that a targeted accelerated math curriculum like GEM has the 

potential to help raise participation in advanced math classes in high school and increase the 

share of students who major in more math-intensive fields in college. Based on the evidence 

from GEM, we suspect the gains from any accelerated curriculum are likely to vary substantially 

with the non-cognitive skills of students. That opens up the question of whether targeting should 

be based solely on test scores or should take account of course grades that also reflect non-

cognitive skills. A related question is whether it would be useful to add a component to the 

advanced curriculum that addresses non-cognitive skill formation. A growing body of research 

suggests that non-cognitive skills are increasingly important in the labor market and are 

complementary with cognitive skills, particularly for high-cognitive-ability workers (e.g., 

Deming, 2017; Edin et al., 2022).  
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Notes: This figure illustrates various math pathways available to students in all District middle schools. 

Figure 1. Math pathways in middle school 
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Figure 2. Predicted outcome, GEM entry, and GEM progression, by fifth-grade math score, pooled sample 

Notes: This figure plots sample means of the dependent variable at each value of 5th-grade math score along with fitted values from local 
linear RD models with a symmetric bandwidth of 30.  The dependent variables (by panel) are: A) an index of pre-determined student 
characteristics, constructed as the predicted probability of graduating from high school on time and earning a bachelor’s degree in a STEM 
or business field within 6 years; B) indicators for entering the GEM program in 6th grade (the treatment variable, in blue circles) and for 
entering either GEM or advanced math (in green triangles); C) indicators for enrolling in Algebra I in middle school (by 7th or 8th grade) 
and for completing it with a grade of B or better by the end of 8th grade; D) indicators for enrolling in Geometry in 8th grade and for 
completing it with a B grade or better (i.e., successfully completing the 3-year GEM sequence).  
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Figure 3. Shares of barely eligible students who enter GEM in 6th grade and who complete GEM 
successfully, by quintile of non-cognitive index 

 
Notes: Panel A plots means of an indicator for entering GEM in 6th grade by quintile of a noncognitive index for the sample 
of observations with fifth-grade math scores between 380-385 (i.e., within 5 points above the GEM eligibility threshold). 
Panel B plots means of an indicator for successfully completing all three years of the GEM track by taking Geometry in 8th 
grade and earning a grade of B or better.  
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Figure 4. Reduced-form relationships for intermediate and post-secondary outcomes, by gender and noncognitive skill 

Notes: This figure plots sample means of the dependent variable at each value of 5th-grade math score, along with fitted values from local linear RD models with 
a symmetric bandwidth of 30, stratifying the sample by gender by gender-specific tercile of the noncognitive skill index. The dependent variables are indicators 
for: enrolling in any calculus by the end of high school (Panel A); enrolling in calculus by 11th grade (Panel B), earning a bachelor’s degree in any field within 
6 years of on-time high school graduation (Panel C), and earning a bachelor's degree in a STEM or business major within 6 years (Panel D).  

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Girls

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Boys

A. Calculus by Gr 12

0.00

0.20

0.40

0.60

0.80

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Girls

0.00

0.20

0.40

0.60

0.80

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Boys

B. Calculus by Gr 11

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Girls

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Boys

C. BA/BS in Any Field

0.00

0.20

0.40

0.60

0.80

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Girls

0.00

0.20

0.40

0.60

0.80

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

Boys

D. BA/BS in STEM/Bus

42



Figure 5. First stage estimates and complier mean outcomes, treated vs. untreated, by gender and noncognitive skill 

Notes: Panel A plots the first-stage RD estimates for entering GEM in 6th grade separately for six groups defined by gender and gender-specific 
terciles of noncognitive index against the complier mean of the noncognitive index.  Panels B-F plot estimated mean outcomes for treated (GEM) 
and untreated (No GEM) compliers against the complier mean of the noncognitive index, along with recentered 95% confidence intervals for the 
2SLS estimated treatment effects of GEM entry. 
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Figure 6. Between-district comparison of reduced-form relationships, by gender and noncognitive skill 
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Figure 7. Between-district, covariate-adjusted differences, by gender and noncognitive skill 
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Notes: Each panel plots the estimated outcome gap between the District and District B against the 5th-grade math score, for the indicated gender-
NC subgroup. Solid lines are linear fits to data on each side of the cutoff (vertical dashed line), allowing the gap to jump and change slope; markers 
are mean differences within 5-point bins of the math score. District B observations are reweighted using inverse probability weights and 𝑝𝑝-
scores>0. 9 are trimmed (see section V for details). Shaded areas are 90% and 95% confidence bands; standard errors are clustered on middle school. 
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District-
wide 

sample

Main 
analysis 
sample

High 
Noncog 

Girls

High 
Noncog 

Boys

Mid 
Noncog 

Girls

Mid 
Noncog 

Boys

Low 
Noncog 

Girls

Low 
Noncog 

Boys

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

A. Baseline characteristics

Female 0.51 0.49 1.00 0.00 1.00 0.00 1.00 0.00

Free or reduced price lunch (FRL) recipient 0.42 0.30 0.24 0.21 0.28 0.28 0.40 0.39

White (non-Hispanic) 0.35 0.44 0.46 0.50 0.44 0.46 0.39 0.42

Black (non-Hispanic) 0.35 0.22 0.18 0.13 0.24 0.21 0.31 0.28

Hispanic 0.23 0.24 0.25 0.26 0.23 0.25 0.23 0.24

Gifted 0.07 0.10 0.10 0.12 0.10 0.10 0.10 0.09

Fourth grade (baseline) test scores

Math score (standardized) 0.14 0.67 0.67 0.76 0.66 0.71 0.60 0.65

Reading score (standardized) 0.13 0.57 0.66 0.54 0.66 0.50 0.62 0.44

School peer characteristics

Average fourth grade math & reading scores 0.06 0.12 0.17 0.18 0.13 0.13 0.05 0.06

Fraction FRL recipients 0.43 0.38 0.34 0.33 0.37 0.38 0.45 0.44

Fraction GEM eligible 0.19 0.21 0.22 0.22 0.21 0.21 0.19 0.19

B. Mean intermediate outcomes

Math track in 6th grade

GEM (treatment) 0.17 0.29 0.27 0.31 0.30 0.31 0.30 0.28

Advanced 0.30 0.52 0.55 0.50 0.52 0.50 0.52 0.50

Regular 0.52 0.22 0.20 0.20 0.20 0.22 0.22 0.28

Middle school course enrollments and grades

Take algebra 1 by 8th grade 0.34 0.57 0.68 0.64 0.63 0.53 0.54 0.42

Complete algebra 1 with A or B by 8th grade 0.24 0.40 0.62 0.54 0.48 0.33 0.30 0.17

Take algebra I by 7th grade 0.14 0.23 0.24 0.27 0.24 0.23 0.21 0.17

Take geometry in 8th grade 0.12 0.19 0.22 0.24 0.20 0.18 0.16 0.11

Complete geometry with A or B by 8th grade 0.10 0.15 0.21 0.22 0.18 0.12 0.11 0.06

6th grade math GPA 2.79 3.10 3.55 3.35 3.32 2.98 2.91 2.51

7th grade math GPA 2.71 2.99 3.52 3.29 3.20 2.84 2.78 2.35

8th grade math GPA 2.63 2.88 3.41 3.21 3.07 2.74 2.60 2.25

High school course enrollments & grades

Take algebra 2 in 9th grade 0.15 0.24 0.33 0.32 0.26 0.21 0.19 0.12

Number of advanced math courses 0.97 1.51 2.33 2.20 1.68 1.33 0.94 0.58

Take pre-calculus 0.26 0.41 0.62 0.58 0.46 0.38 0.27 0.18

Take any calculus 0.14 0.22 0.39 0.40 0.22 0.17 0.09 0.05

Take any calculus by 11th grade 0.09 0.14 0.25 0.24 0.13 0.10 0.06 0.03

Take any AP/IB calculus 0.10 0.16 0.29 0.31 0.14 0.12 0.05 0.03

Take AP calculus - BC 0.04 0.05 0.10 0.12 0.03 0.03 0.01 0.01

Take AP statistics 0.07 0.10 0.17 0.18 0.11 0.09 0.05 0.03

High school math GPA (all math courses) 2.20 2.49 3.20 3.00 2.67 2.34 2.04 1.69

High school GPA (non-math academic courses) 2.66 2.93 3.63 3.44 3.21 2.83 2.48 1.98

High school GPA (all academic courses) 2.56 2.83 3.54 3.35 3.10 2.72 2.39 1.91

College board exams

Take AP calculus exam + scored 3 or better 0.06 0.08 0.17 0.20 0.05 0.05 0.01 0.01

PSAT math percentile 47.5 63.2 67.5 71.2 62.3 63.8 56.1 56.8

Note: Table continues; see notes on next page.

Table 1. Estimated means for main analysis sample and subgroups
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Table 1, Cont'd. Estimated Means for Main Analysis Sample and for Untreated Compliers
District-

wide 
sample

Main 
analysis 
sample

High 
Noncog 

Girls

High 
Noncog 

Boys

Mid 
Noncog 

Girls

Mid 
Noncog 

Boys

Low 
Noncog 

Girls

Low 
Noncog 

Boys

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

C. Mean post-secondary outcomes

Transition to college

Graduate high school on time 0.83 0.93 1.00 0.99 0.99 0.98 0.88 0.74

+ enroll in any college within 1 year 0.62 0.74 0.89 0.86 0.84 0.76 0.66 0.46

+ enroll in selective college within 1 year 0.29 0.46 0.73 0.67 0.57 0.41 0.26 0.11

College degree(s) earned within 6 years

Any degree 0.41 0.54 0.82 0.72 0.67 0.47 0.38 0.18

Bachelor's (BA or BS) in any field 0.28 0.41 0.73 0.61 0.52 0.30 0.22 0.07

Bachelor's in STEM or Business field 0.16 0.24 0.41 0.44 0.26 0.19 0.10 0.05

Bachelor's degree with major in:

math, engineering, physical sciences, comp. science 0.03 0.04 0.04 0.14 0.02 0.05 0.01 0.01

life sciences 0.03 0.05 0.12 0.07 0.06 0.03 0.02 0.00

business 0.05 0.08 0.11 0.15 0.09 0.08 0.03 0.02

social sciences 0.05 0.07 0.14 0.08 0.10 0.04 0.05 0.01

health (nonSTEM) 0.03 0.04 0.10 0.02 0.07 0.01 0.03 0.00

nonSTEM (all other) 0.09 0.13 0.23 0.15 0.20 0.10 0.10 0.02

Number of observations 56,003 22,754 3,732 3,852 3,732 3,853 3,732 3,853

Notes: The first column shows means of variables for all students in the district who meet the sample inclusion criteria (see Appendix Table A2, column 3).
Column 2 shows means for the main analysis sample (math scores between 350 and 410). The remaining columns show means for six subgroups defined by
gender and gender-specific tercile of a noncognitive index. 
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Took by 
7th grade 
(GEM)

Took by 
8th grade

Earned B 
or better by 

8th gr.

Took by 
8th grade 
(GEM)

Earned B 
or better by 

8th gr.

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

1. Pooled 0.508 0.573 0.184 0.136 0.438 0.328
(N=22,754) (0.028) (0.033) (0.036) (0.029) (0.033) (0.026)

[0.040] [0.647] [0.453] [0.019] [0.010]

2. Girls, High Noncog 0.525 0.746 0.037 0.052 0.696 0.583
(N=3,732) (0.040) (0.035) (0.053) (0.061) (0.040) (0.044)

[0.055] [0.869] [0.771] [0.034] [0.030]

3. Boys, High Noncog 0.498 0.637 0.168 0.129 0.531 0.453
(N=3,853) (0.032) (0.055) (0.062) (0.068) (0.061) (0.057)

[0.038] [0.738] [0.611] [0.020] [0.022]

4. Girls, Mid Noncog 0.528 0.620 0.186 0.132 0.522 0.417
(N=3,732) (0.037) (0.047) (0.061) (0.062) (0.052) (0.048)

[0.031] [0.707] [0.573] [0.003] [0.000]

5. Boys, Mid Noncog 0.517 0.517 0.229 0.176 0.381 0.246
(N=3,853) (0.044) (0.052) (0.064) (0.060) (0.051) (0.047)

[0.040] [0.589] [0.351] [0.012] [0.001]

6. Girls, Low Noncog 0.513 0.538 0.235 0.200 0.358 0.255
(N=3,732) (0.030) (0.052) (0.058) (0.048) (0.052) (0.047)

[0.038] [0.587] [0.315] [0.020] [0.004]

7. Boys, Low Noncog 0.472 0.396 0.248 0.146 0.159 0.041
(N=3,853) (0.043) (0.055) (0.064) (0.053) (0.050) (0.037)

[0.041] [0.393] [0.095] [0.024] [0.006]

Notes: Column (1) shows first-stage estimates for the probability of entering the GEM track in 6th grade.
Entries in columns (2)-(6) are 2SLS estimates for the effect of entry into GEM in 6th grade for the marginally
eligible compliers (i.e., they are estimates of β in equation 3). Standard errors (in parentheses) are clustered on
the school where the student was enrolled in 6th grade. Square brackets contain estimated means for untreated
compliers.

Table 2. Estimated treatment effects for marginal GEM entrants on middle school math course 
enrollments

First stage 
(GEM 
entry)

Algebra I Geometry
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6th   
grade 
math   
GPA 

7th   
grade 
math   
GPA  

8th   
grade 
math   
GPA  

HS            
math   
GPA

HS           
non-math 

GPA

PSAT 
math   
pctile

 AP calc 
exam score 

≥3 

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

1. Pooled -0.672 -0.382 -0.056 -0.054 -0.012 3.032 0.029
(N=22,754) (0.082) (0.051) (0.054) (0.047) (0.032) (1.010) (0.014)

[3.416] [3.176] [2.961] [2.575] [3.009] [67.724] [0.065]

2. Girls, High Noncog -0.610 -0.460 -0.143 -0.041 0.008 1.126 0.062
(N=3,732) (0.091) (0.075) (0.087) (0.072) (0.022) (1.881) (0.047)

[3.817] [3.708] [3.468] [3.238] [3.706] [73.790] [0.146]

3. Boys, High Noncog -0.503 -0.284 -0.025 0.022 0.036 6.221 0.120
(N=3,853) (0.114) (0.100) (0.107) (0.085) (0.038) (1.916) (0.046)

[3.505] [3.353] [3.167] [3.050] [3.453] [74.248] [0.141]

4. Girls, Mid Noncog -0.572 -0.393 -0.120 -0.047 0.022 3.513 0.017
(N=3,732) (0.093) (0.083) (0.099) (0.056) (0.022) (1.855) (0.030)

[3.557] [3.338] [3.168] [2.731] [3.270] [66.548] [0.032]

5. Boys, Mid Noncog -0.715 -0.338 -0.175 -0.067 -0.010 -0.631 -0.025
(N=3,853) (0.104) (0.096) (0.093) (0.060) (0.026) (2.297) (0.032)

[3.314] [3.021] [2.915] [2.387] [2.901] [72.094] [0.060]

6. Girls, Low Noncog -0.774 -0.494 0.112 -0.111 -0.008 1.852 -0.016
(N=3,732) (0.137) (0.109) (0.108) (0.095) (0.064) (2.483) (0.011)

[3.315] [3.073] [2.700] [2.256] [2.572] [60.769] [0.017]

7. Boys, Low Noncog -0.825 -0.307 0.042 -0.028 -0.041 7.322 0.030
(N=3,853) (0.132) (0.132) (0.119) (0.080) (0.072) (3.119) (0.013)

[2.996] [2.583] [2.360] [1.791] [2.135] [56.637] [0.000]

College boards

Table 3. Estimated treatment effects for marginal GEM entrants on grades and college board scores

Notes: Table entries are 2SLS estimates for the effect of entry into GEM in 6th grade for the marginally eligible
compliers (i.e., they are estimates of β in equation 3). All models include 4 dummy variables for the student's cohort.
Standard errors (in parentheses) are clustered on the school where the student was enrolled in 6th grade. Square
brackets contain estimated means for untreated compliers.

Course grades/GPA
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Algebra 2 
by 9th 
grade

Number 
advanced 

math 
courses

Pre-
calculus

Any 
calculus

Any 
calculus    
by 11th   
grade

Any         
AP 

calculus

AP 
calculus 

BC

AP 
statistics

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

1. Pooled 0.333 0.394 0.070 0.095 0.134 0.068 0.029 0.039

(N=22,754) (0.025) (0.094) (0.030) (0.025) (0.023) (0.019) (0.014) (0.016)
[0.127] [1.563] [0.478] [0.221] [0.092] [0.145] [0.035] [0.105]

2. Girls, High Noncog 0.483 0.189 -0.087 0.056 0.173 0.131 0.084 0.041

(N=3,732) (0.059) (0.235) (0.060) (0.061) (0.063) (0.060) (0.044) (0.043)

[0.237] [2.667] [0.801] [0.478] [0.232] [0.304] [0.068] [0.196]

3. Boys, High Noncog 0.474 0.712 0.186 0.236 0.330 0.178 0.077 0.085

(N=3,853) (0.054) (0.159) (0.058) (0.048) (0.055) (0.049) (0.048) (0.045)

[0.154] [2.182] [0.614] [0.380] [0.131] [0.263] [0.075] [0.151]

4. Girls, Mid Noncog 0.385 0.526 0.105 0.149 0.144 0.063 0.008 0.054

(N=3,732) (0.054) (0.146) (0.055) (0.043) (0.035) (0.042) (0.022) (0.041)

[0.113] [1.707] [0.520] [0.157] [0.059] [0.106] [0.019] [0.102]

5. Boys, Mid Noncog 0.329 0.353 0.047 0.040 0.097 0.027 0.002 0.009

(N=3,853) (0.043) (0.127) (0.058) (0.040) (0.034) (0.040) (0.023) (0.039)

[0.077] [1.420] [0.497] [0.201] [0.070] [0.133] [0.039] [0.102]

6. Girls, Low Noncog 0.235 0.413 0.107 0.076 0.045 0.008 -0.002 0.028

(N=3,732) (0.050) (0.142) (0.055) (0.041) (0.034) (0.025) (0.013) (0.030)

[0.108] [0.925] [0.275] [0.085] [0.055] [0.049] [0.005] [0.057]

7. Boys, Low Noncog 0.112 0.294 0.080 0.043 0.032 0.029 0.015 0.031

(N=3,853) (0.053) (0.156) (0.050) (0.046) (0.028) (0.027) (0.009) (0.024)

[0.075] [0.456] [0.163] [0.028] [0.007] [0.018] [0.004] [0.028]

Notes: Table entries are 2SLS estimates for the effect of entry into GEM in 6th grade for the marginally eligible compliers (i.e., they are
estimates of β in equation 3). All models include 4 dummy variables for the student's cohort. Standard errors (in parentheses) are
clustered on the school where the student was enrolled in 6th grade. Square brackets contain estimated means for untreated compliers.

Table 4. Estimated treatment effects for marginal GEM entrants on high school math course enrollments
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Graduate 
high school 

on time

Graduate HS 
& enter 

college on 
time

Enter 
selective 

college on 
time

Earn any 
degree in 
6 years

Earn any 
bachelors 
degree in 
6 years

Bachelors in 
STEM/ 

business in 
6 years

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

1. Pooled -0.009 0.006 0.018 0.022 0.023 0.055
(N=22,754) (0.012) (0.021) (0.024) (0.020) (0.020) (0.023)

[0.962] [0.776] [0.514] [0.561] [0.437] [0.232]

2. Girls, High Noncog 0.000 0.036 0.013 0.006 -0.009 0.018
(N=3,732) (0.007) (0.036) (0.046) (0.041) (0.042) (0.063)

[0.995] [0.895] [0.822] [0.851] [0.810] [0.453]

3. Boys, High Noncog 0.002 0.008 0.031 -0.002 0.031 0.119
(N=3,853) (0.008) (0.047) (0.047) (0.052) (0.055) (0.049)

[0.996] [0.871] [0.708] [0.776] [0.652] [0.428]

4. Girls, Mid Noncog 0.003 0.066 0.057 0.050 0.066 0.124
(N=3,732) (0.010) (0.039) (0.055) (0.066) (0.063) (0.050)

[0.993] [0.819] [0.632] [0.691] [0.561] [0.199]

5. Boys, Mid Noncog 0.001 0.003 -0.035 0.011 -0.028 -0.008
(N=3,853) (0.017) (0.047) (0.062) (0.076) (0.068) (0.056)

[0.988] [0.836] [0.526] [0.517] [0.352] [0.216]

6. Girls, Low Noncog -0.025 -0.016 0.141 0.093 0.131 0.136
(N=3,732) (0.040) (0.062) (0.058) (0.067) (0.060) (0.049)

[0.914] [0.675] [0.229] [0.342] [0.181] [0.049]

7. Boys, Low Noncog -0.019 -0.040 -0.061 -0.004 -0.027 -0.041
(N=3,853) (0.050) (0.066) (0.045) (0.051) (0.024) (0.021)

[0.878] [0.548] [0.156] [0.182] [0.065] [0.048]

Notes: Table entries are 2SLS estimates for the effect of entry into GEM in 6th grade for the marginally eligible compliers (i.e.,
they are estimates of β in equation 3). All models include 4 dummy variables for the student's cohort. Standard errors (in
parentheses) are clustered on the school where the student was enrolled in 6th grade. Square brackets contain estimated means
for untreated compliers.

Table 5. Estimated treatment effects for marginal GEM entrants on college entry and degree earning
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STEM/ 
business

Math, engr., 
phys.sci., 
comp.sci.

Life 
sciences

Business
Social 

sciences
Health Non-STEM

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

1. Pooled 0.055 0.006 0.017 0.012 0.020 -0.012 -0.019
(N=22,754) (0.023) (0.011) (0.009) (0.014) (0.017) (0.011) (0.014)

[0.232] [0.045] [0.054] [0.077] [0.057] [0.046] [0.159]

2. Girls, High Noncog 0.018 0.026 0.043 0.005 -0.065 -0.060 0.030
(N=3,732) (0.063) (0.026) (0.035) (0.048) (0.049) (0.037) (0.056)

[0.453] [0.029] [0.140] [0.105] [0.187] [0.124] [0.241]

3. Boys, High Noncog 0.119 0.044 0.028 -0.026 0.080 -0.020 -0.068
(N=3,853) (0.049) (0.042) (0.034) (0.039) (0.032) (0.016) (0.040)

[0.428] [0.144] [0.075] [0.181] [0.028] [0.025] [0.199]

4. Girls, Mid Noncog 0.124 0.003 0.001 0.067 0.054 -0.002 -0.051
(N=3,732) (0.050) (0.018) (0.023) (0.033) (0.045) (0.039) (0.044)

[0.199] [0.014] [0.074] [0.053] [0.059] [0.083] [0.276]

5. Boys, Mid Noncog -0.008 -0.031 0.004 0.010 0.009 0.003 -0.024
(N=3,853) (0.056) (0.027) (0.020) (0.050) (0.023) (0.013) (0.035)

[0.216] [0.080] [0.031] [0.078] [0.028] [0.016] [0.120]

6. Girls, Low Noncog 0.136 0.015 0.042 0.034 0.048 0.005 -0.006
(N=3,732) (0.049) (0.013) (0.017) (0.020) (0.037) (0.022) (0.029)

[0.049] [-0.008] [0.005] [0.012] [0.041] [0.029] [0.100]

7. Boys, Low Noncog -0.041 -0.010 -0.019 -0.007 -0.006 -0.004 0.019
(N=3,853) (0.021) (0.012) (0.009) (0.020) (0.013) (0.007) (0.020)

[0.048] [0.007] [0.006] [0.033] [0.003] [0.005] [0.012]

Notes: Table entries are 2SLS estimates for the effect of entry into GEM in 6th grade for the marginally eligible compliers (i.e., they
are estimates of β in equation 3). All models include 4 dummy variables for the student's cohort. Standard errors (in parentheses) are
clustered on the school where the student was enrolled in 6th grade. Square brackets contain estimated means for untreated compliers.

Table 6. Estimated treatment effects for marginal GEM entrants on earning field-specific bachelor's degree 
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Figure A1. Reduced-form relationships for meeting sample criteria 

 

 
Notes: This figure plots means of an indicator for meeting the inclusion criteria for the main 
analysis sample (see Appendix Table A2), using all students who enrolled in the District for 
5th grade between 2003 and 2007. It also shows fitted values from a local linear RD model 
with a symmetric bandwidth of 30. Panel A pools girls and boys while Panels B and C show 
the relationships separately by gender. Each panel also reports the estimated discontinuity at 
the GEM threshold of 380; parentheses contain standard errors, clustered on elementary school. 
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Figure A2. Reduced-form relationships for the predicted probability of 
completing a bachelor’s degree in STEM or business, by gender and noncognitive skill 

 
Notes: The figure plots sample means, along with fitted values from local linear RD models with symmetric bandwidths of +/- 30 points, of an index 
of observable pre-treatment characteristics. The index is constructed as the predicted probability of graduating high school on time and completing 
a bachelor’s degree in a STEM or business field within 6 years, from models fit to observations in our RD sample with 5th-grade math scores below 
the threshold, separately for each gender-NC group. The model includes: second-order polynomials in 4th-grade math and reading test scores; student 
age; and indicators for student gender, four race/ethnicity categories, FRL status, English Language Learner status, gifted status, and cohort. 
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coef:  0.000 
    se: (0.008) 

coef:  0.008 
    se: (0.006) 

coef:  0.003 
    se: (0.004) 

coef: -0.013 
    se: (0.006) 

coef:  0.002 
    se: (0.008) 

coef:  0.001 
    se: (0.004) 



 
 

Figure A3: Histograms of running variable 

 
Notes: This figure shows the frequency distribution of 5th-grade math scores for all 
students in the studied cohorts who enrolled in a District school for 5th-grade, as in column 
(1) of Appendix Table A2, (Panel A) and for students in the main RD analysis sample 
(Panel B). The dashed vertical lines in each panel indicate the threshold. 
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Figure A4. First-stage relationships for GEM entry, by gender and noncognitive skill 

  
Notes: This figure plots sample means of an indicator for participating in the GEM program in sixth grade (the treatment variable, in blue circles) and 
an indicator for participating in either GEM or advanced-track math (in green triangles) at each value of 5th-grade math score (the running variable), 
along with fitted values from local linear RD models with a symmetric bandwidth of 30. 
 
 

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

GEM or ADV
GEM

A. High-Noncog Girls

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

GEM or ADV
GEM

B. Mid-Noncog Girls

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

GEM or ADV
GEM

C. Low-Noncog Girls

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

GEM or ADV
GEM

D. High-Noncog Boys

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

GEM or ADV
GEM

E. Mid-Noncog Boys

0.00

0.20

0.40

0.60

0.80

1.00

fra
ct

io
n

350 360 370 380 390 400 410
5th grade math score

GEM or ADV
GEM

F. Low-Noncog Boys



Figure A5. Reduced-form relationships and 2SLS estimates by bandwidth 

 
Notes: Panels A and B plot sample means of the dependent variable at each value of 5th-grade math score (the running 
variable), along with fitted values from local linear RD models with a symmetric bandwidth of 30.  Panels C and D 
plot 2SLS estimates and 95% confidence intervals, for the treatment effect of GEM entry on the dependent variable, 
for symmetric bandwidths between 10 and 40. Estimates that use the CCT symmetric bandwidth are highlighted with 
larger markers and thicker lines. 
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Course 7th 8th 9th 10th 11th 12th All 7th 8th 9th 10th 11th 12th All

Pre-algebra/middle school math 99.6 92.1 98.0 52.6

Remedial 5.2 5.8 9.6 5.6 2.3 0.8 19.6 0.6 0.7 1.8 1.3 0.3 0.1 3.6

Algebra I 0.4 7.7 89.7 24.3 6.2 2.7 96.0 2.0 46.5 60.7 5.4 1.3 0.9 97.8

Geometry 0.1 13.1 72.9 29.4 13.3 92.7 0.9 49.4 51.8 9.6 4.2 97.2

Algebra II 1.5 16.6 45.1 22.7 67.7 9.7 43.9 39.4 12.5 90.2

Other math (see note) 10.0 5.2 23.9 49.5 58.4 3.9 7.9 19.4 32.1 46.9

Other advanced math (see note) 0.0 0.7 4.5 16.4 15.4 0.0 4.2 14.6 26.8 33.9

Pre-calculus 0.0 1.4 5.5 6.8 10.7 0.0 7.3 18.7 10.7 31.8

AP statistics 0.0 0.0 0.2 1.7 1.4 0.0 0.1 1.1 6.5 6.3

Non-AP calculus 0.0 0.1 0.8 1.4 1.8 0.0 0.9 3.9 5.0 8.4

AP calculus AB 0.0 0.0 0.3 1.1 1.1 0.0 0.0 2.9 6.2 7.6

AP calculus BC 0.0 0.0 0.0 0.2 0.2 0.0 0.0 0.4 2.1 2.0

0.0 0.0 0.3 2.3 1.8 0.0 0.0 1.9 8.2 7.3

No math course 0.6 1.2 3.8 17.0 0.3 0.7 4.0 15.9

Course 7th 8th 9th 10th 11th 12th All 7th 8th 9th 10th 11th 12th All

Pre-algebra/middle school math 51.4 21.5 0.1 0.0

Remedial 0.2 0.4 0.3 0.1 1.0 0.1 0.1 0.1 0.3

Algebra I 48.6 54.4 31.2 1.8 0.3 0.3 98.7 99.9 0.0 4.2 0.1 100.0

Geometry 24.1 63.1 24.2 4.0 2.4 98.6 99.9 2.4 0.6 0.1 100.0

Algebra II 32.1 52.2 22.8 7.2 95.4 0.1 96.8 6.4 1.5 0.7 98.6

Other math (see note) 4.5 14.3 17.8 21.1 43.1 8.1 8.0 3.2 2.5 17.1

Other advanced math (see note) 1.1 10.6 21.8 28.2 43.7 11.9 20.6 14.9 17.4 47.9

Pre-calculus 0.6 18.9 25.4 12.0 47.9 4.7 65.1 15.5 4.3 81.6

AP statistics 0.2 2.4 11.0 10.5 0.1 6.5 7.7 27.2 34.4

Non-AP calculus 2.3 9.1 7.3 15.6 13.9 18.6 5.0 34.2

AP calculus AB 0.2 7.6 9.2 13.7 5.4 41.6 12.4 53.1

AP calculus BC 1.0 4.4 4.3 0.4 10.3 26.0 29.7

0.1 3.1 10.6 8.9 0.2 8.2 20.0 17.6

No math course 0.4 1.0 6.5 22.3 0.1 1.0 6.9 22.6

Notes: Table entries show, for students in each group and grade level as indicated by the column headers, the percentage enrolled in each high school math course or
group of courses. The category "other math" (four row) includes an "Integrated Math" course that covers topics from algebra and trigonometry plus data analysis, and
courses such as "Liberal Arts Math" and "Math College Readiness" that emphasize practical math skills or college preparation for non-STEM majors. The category "other
advanced math" (fifth row) includes probability and statistics (excluding AP statistics), math analysis, trigonometry, and other related courses. Because students can
enroll in multiple math course in the same year, the column entries sum to >100. Cell shading is relative to the proportion of sample observations in a given column who
are enrolled in each course, with the modal course being shaded in dark green and also highlighted in bold font. Statistics are calculated using all students who meet the
sample criteria prior to bandwidth selection (see Appendix Table A1, column 3), of whom N=28,220 enrolled in the regular track in 6th grade (Panel A); N=16,344
enrolled in the advanced track (Panel B); N=4,185 entered GEM in 6th grade but did not complete the full sequence by taking geometry in 8th grade and earning a B or
better (Panel C); and N=5,475 completed the GEM sequence successfully (Panel D). Students who enroll only in remedial math in 6th grade (N=1,861) are not
represented in the table.

Appendix Table A1.  Math Course Enrollment Distributions in Middle and High School                                                                                
by Grade Level and Middle School Math Track/GEM Status

Dual enrolment math

Grade Level Grade Level

Grade Level Grade Level

Dual enrolment math

C. Entered GEM, did not complete D. Completed GEM successfully

B. Enrolled in advanced track in 6th gradeA. Enrolled in regular track in 6th grade



(1) (2) (3)
Demographic characteristics

female 0.50 0.50 0.51
FRL 0.43 0.43 0.42
White 0.34 0.34 0.35
Black 0.36 0.36 0.35
Hispanic 0.23 0.23 0.23
Gifted 0.07 0.07 0.07

Baseline achievement
grade 4 math score (standardized) 0.11 0.11 0.14
grade 4 reading score (standardized) 0.10 0.10 0.13

School peer characteristics (6th grade)
avg grade 4 math & reading scores 0.05 0.05 0.06
fraction FRL 0.43 0.43 0.43
fraction GEM eligible 0.18 0.18 0.19

Math track in 6th grade
GEM (treatment) 0.16 0.16 0.17
advanced math 0.28 0.28 0.29
regular math 0.50 0.50 0.51
remedial math only 0.05 0.05 0.03

Number of observations 106,170 82,249 56,003

Appendix Table A2. Sample Criteria & Sample Means

Notes: The sample in column 1 includes five cohorts of students who entered 5th grade in
2003-2007. Column 2 is restricted to students who were observed in 4th grade (and have 4th-
grade test scores) and were also observed in 6th grade the following year (2004-2008).
Column 3 is limited to students who were enrolled in (or had graduated from) a District high
school six years later (2010-2014) -- allowing their college enrollment to be tracked with the
District's NSC data -- and for whom math course enrollment is observed for grades 6-8 plus
at least one year of high school.

Followed  
Through 
HS Grad 

Year

All in 
Grade 5

Observed 
in Grades     

4-6



Appendix B: Classification of majors and constructions of main outcome variable 

To construct our primary outcome variable, we start by classifying CIP codes associated with the 
bachelors’ degrees in our sample as either STEM or non-STEM using the NSF/NCSES taxonomy at 
the 2-digit level (NSF, 2023). We then combine 2-digit CIP codes into 18 detailed categories, 6 
broader categories, and an indicator for majors that are classified as either STEM or Business. Our 
main outcome is an indicator for earning a bachelor’s degree within 6 years in any STEM or 
Business-related field. 

Appendix Table B1 lists our 18 detailed major categories and their corresponding 2-digit CIP codes, 
along with their classification into one of six broader categories that we use for subfield analysis 
and the binary classification on which we base our main outcome variable: STEM/Business or non-
STEM.   

The indicated (STEM/Business) group in our main outcome includes all 2-digit CIP codes that fall 
under NSF’s definition of STEM plus one 2-digit CIP code (52, Business) that is not considered 
STEM. It does not include majors that are considered “Science/Engineering related” by NSF – the 
most populous of which is health (51). Other S/E related majors are multi-disciplinary fields that 
are very sparsely populated in our sample. 

The decision to bundle business (but not health) with STEM in our main outcome variable is 
motivated by the relative math intensity of these majors and STEM majors. We measure math 
intensity using O*NET ratings of the math requirements for occupations that each major feeds into. 
O*NET provides two Mathematics Knowledge ratings: (1) a job’s “math level,” measuring the 
degree of complexity and advancement of math knowledge required, and (2) it’s “math 
importance,” measuring how crucial mathematical facts and principles for daily job performance. 
(Appendix Table B2 shows the descriptions of each rating.) For each 6-digit CIP code, and for each 
math knowledge concept, we construct the mean rating across all 2018 SOC occupations that are 
linked to the CIP code via the NCES/BLS CIP-SOC crosswalk. (Pre-2020 CIP codes were 
normalized to CIP-2020 using the NCES vintage crosswalk.) 

Figure B.1. plots, for each of the 18 categories in Table B.1, the average math importance score 
against the average math level score, averaging over all bachelor’s degrees in our main analysis 
sample. The markers are weighted by the frequency of each major group in our sample. On average, 
business majors in our sample have a higher math importance score and a higher math level score 
than some of the fields officially classified as STEM. Health, on the other hand, has a lower math 
level score than any STEM field and its math importance score lies below that of STEM fields 
except for the social sciences. The dashed red lines formalize our decision rule for constructing our 
main outcome: all major groups with a math level rating of 4 (“High-Intermediate”) or higher and a 
math importance rating of 3 (“Important”) or higher are classified as “STEM/Business.” All others 
are classified as non-STEM. 

 

 



Appendix Table B.1: Detailed major categories and broader classifications for outcome variables 

Binary classification Classification for subfield analysis Detailed major category CIP code(s) 
STEM/Business Math, Engineering, Physics & CS  Engineering 14.xxxx 
STEM/Business Math, Engineering, Physics & CS Computer science 11.xxxx 
STEM/Business Math, Engineering, Physics & CS Mathematics & statistics 27.xxxx 
STEM/Business Math, Engineering, Physics & CS Physical sciences 40.xxxx 
STEM/Business Life sciences Agriculture 01.xxxx 
STEM/Business Life sciences Natural resources 03.xxxx 
STEM/Business Life sciences Biology 26.xxxx 
STEM/Business Business Business 52.xxxx 
STEM/Business Social sciences Economics 45.06xx 
STEM/Business Social sciences Psychology 42.xxxx 
STEM/Business Social sciences Other social sciences 

(excl. economics) 
45.xxxx 
(~45.06xx) 

Non-STEM Health Health professions 51.xxxx 
Non-STEM Other non-STEM Communication 09.xxxx 
Non-STEM Other non-STEM Security/protective svcs. 43.xxxx 
Non-STEM Other non-STEM Visual/performing arts 50.xxxx 
Non-STEM Other non-STEM Education 13.xxxx 
Non-STEM Other non-STEM All other non-STEM all others 

 
 
Figure B.1. Average O*NET math knowledge scores by 2-digit CIP code for sample with bachelor’s 
degree earned within 6 years of on-time high-school graduation 

 
 
 



Table B.2. Definitions of O*NET math knowledge ratings 

Rating Short description Detailed description 
 A. Math Level Scale 

1 Basic 
Required to perform simple, repetitive tasks like adding two numbers or 
counting inventory. 

2 Low-Intermediate 
Required to handle routine tracking, balance registers, or perform basic 
shop arithmetic. 

3 Intermediate Level 
Required to calculate standard dimensions, compute simple 
percentages, or maintain basic business logs. 

4 High-Intermediate 
Required to apply basic statistics, analyze local trend data, or compute 
structural areas. 

5 Advanced 
Required to use algebra, geometry, or operational formulas to solve 
standard technical and financial problems. 

6 Very Advanced Required to apply calculus, diƯerential equations, or complex regression 
models to system design and predictive forecasting. 

7 Expert 
Required to derive new mathematical equations, develop cutting-edge 
statistical theories, or solve abstract operational theorems. 

 B. Math Importance Scale 
1 Not Important Not required for job performance. 
2 Fairly Important Occasionally used for minor tasks. 
3 Important A moderate requirement for performing day-to-day duties. 
4 Very Important A significant part of the core responsibilities. 
5 Extremely Important A primary, constant requirement for the job. 

Source: https://www.onetonline.org/help/online/scales  

 



Appendix C: Distribution of noncognitive skill index and tests to rule out sample selection 
when stratifying on noncognitive index 

The noncognitive index is constructed as the residual from a regression of high school GPA in academic 
subjects, excluding math, on quadratics in 5th-grade math & reading test score, their interaction, and 
cohort fixed effects.  

In Figure C.1, Panel A shows the distribution of the index separately for girls and boys with vertical 
lines indicating the gender-specific terciles used to stratify our main RD analysis sample into six 
subgroups. Panel B illustrates that the gender gap in the noncognitive distribution is fairly stable across 
values of the 5th-grade math score. 

Figure C.1. Distribution of noncognitive index by gender 

A. Histograms of noncognitive index for girls and boys                            
in main RD sample 

B. Box plot of noncognitive index for girls and boys                                   
by 5th-grade math score 

 



Figure C.2. Reduced-form estimates for the effect of GEM threshold crossing on having a 
noncognitive score in the top (top 2) gender-specific tercile(s) 

 
Notes: The figure plots means of an indicator for being in the top tercile (dark green circles) or in the top two terciles (dark 
blue triangles) of the gender-specific distribution of the noncognitive index against 5th-grade math scores, separately for 
girls (Panel A) and boys (Panel B) in the main RD analysis sample. It also shows fitted values from local linear RD models 
with a symmetric bandwidth of 30.  

 

Figure C.3. Reduced-form effect of GEM placement on Pr(Noncog > cutpoint) 

 
Notes: This figure tests whether GEM assignment shifts the likelihood that a student's non-cognitive skills index exceeds an 
arbitrary cutpoint, across a range of cutpoints. Each panel sweeps 41 cutpoints spanning the 10th–90th percentile of the 
noncognitive index within that gender's RD-bandwidth sample (±30 points). At each cutpoint, the navy line plots a local 
linear, uniform-kernel reduced-form estimate of GEM assignment on an indicator for exceeding that cutpoint, clustered by 
school-grade; values above zero mean GEM raises the probability of scoring above the cutpoint. Shaded bands show 
pointwise (dark) and uniform sup-t (light) 95% confidence intervals from 500 cluster bootstrap replications. Dashed red lines 
mark that gender's own 33rd and 67th percentile — the tercile cutpoints used in the heterogeneity analysis. 



 
Appendix D: Descriptive Statistics for Between-District Analysis 

Figure D1. Propensity score distributions by district and by gender/tercile of noncognitive index 

 
Note: Each panel shows the district-specific distributions of a propensity score for being in the District from a logit model, 
estimated within 5-point bins of the 5th-grade math score, separately for each gender-noncog subgroup. The model includes 
quadratics in 4th-grade reading and math scores, student age, and dummies for FRL status, race/ethnicity, English-language 
learner status, gifted status, and cohort fixed effects.  

 
Figure D2. Predicted probability of earning a STEM/business degree 

by district and by gender/tercile of noncognitive index 

 
Note: Each panel plots the mean of an index of observables, constructed as the predicted probability of earning a STEM or 
business degree within 6 years of on-time high school graduation, against 5th-grade math score, by district, for the indicated 
subgroup. The outcome is constructed from models fit separately for each subgroup to District observations in the RD sample 
below the GEM threshold (i.e., 5th-grade math scores between 350-420); it includes quadratics in 4th-grade reading and math 
scores, a quadratic in age, indicators for gender, free lunch status, race and Hispanic ethnicity, English learning status, and 
gifted status, and cohort dummies (as in Appendix Figure A2). District B observations are reweighted to match the District 
using inverse probability weights 𝑤 = 𝑝/(1 − 𝑝) where 𝑝 is the propensity score for the District (see Appendix Figure D1 
note); observations with 𝑝 > 0.9  are trimmed. Lines are weighted linear fits estimated separately on either side of the GEM 
cutoff (dashed vertical line), within a ±30-point bandwidth.  



The District District B 

(1) (2)

A. Baseline characteristics

Female 0.49 0.49

Free or reduced price lunch (FRL) recipient 0.30 0.31

White (non-Hispanic) 0.44 0.60

Black (non-Hispanic) 0.23 0.10

Hispanic 0.25 0.20

Gifted 0.10 0.28

Fourth grade (baseline) test scores

Math scale score (standardized at state level) 0.82 0.77

Reading scale score (standardized at state level) 0.54 0.63

B. Mean intermediate outcomes

Math track in 6th grade

GEM (treatment) 0.28 0.00

Advanced 0.53 0.96

Regular 0.22 0.05

Middle school course enrollments and grades

Take algebra 1 by 8th grade 0.56 0.86

Complete algebra 1 with A or B by 8th grade 0.40 0.69

Take algebra I by 7th grade 0.21 0.03

Take geometry in 8th grade 0.18 0.03

6th grade math GPA 3.10 3.35

7th grade math GPA 3.00 3.30

8th grade math GPA 2.88 2.95

High school course enrollments & grades

Take algebra 2 in 9th grade 0.24 0.10

Number of advanced math courses 1.51 1.94

Take pre-calculus 0.42 0.03

Take any calculus 0.22 0.24

Take any calculus by 11th grade 0.14 0.02

Take any AP/IB calculus 0.15 0.24

Take AP calculus - BC 0.05 0.04

Take AP statistics 0.10 0.22

High school math GPA (all math courses) 2.49 2.58

High school GPA (non-math academic courses) 2.93 2.93

High school GPA (all academic courses) 2.83 2.86

C. Mean post-secondary outcomes

Transition to college

Graduate high school on time 0.93 0.89

+ enroll in any college within 1 year 0.74 0.74

+ enroll in selective college within 1 year 0.45 0.44

College degree(s) earned within 6 years

Any degree 0.54 0.52

Bachelor's (BA or BS) in any field 0.41 0.38

Bachelor's in STEM or Business field 0.24 0.23

Bachelor's degree with major in:

math, engineering, physical sciences, comp. science 0.046 0.046

life sciences 0.049 0.046

business 0.082 0.074

social sciences 0.068 0.065

health (nonSTEM) 0.038 0.042

nonSTEM (all other) 0.129 0.108

Number of observations 18,775 11,649

Appendix Table D1. Sample means for between-district analysis

Note: Column 1 reports variable means for students in the District in the main RD analysis sample (math scores between
350 and 410) excluding the 2004 cohort. Column 2 reports means for students in the same cohorts in District B who
meet the same sample criteria. 



The District District B The District District B The District District B

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

White 64.8 74.8 55.7 68.1 58.6 70.5

Black 25.2 16.4 32.1 21.3 29.9 19.6

Hispanic (any race) 24.3 23.3 27.1 27.4 29.6 25.9

Immigrant 30.7 14.7 12.0 6.0 46.0 22.4

Immigrant Mother -- -- 42.5 20.3 -- --

Has 2 parents in household -- -- 62.7 61.3 -- --

Mother married -- -- -- -- 67.0 66.4

Education (age 24+ only)

  Mean years of education 10.4 10.4 -- -- 10.6 10.4

  Share with BA 14.3 14.2 -- -- 15.2 14.7

  Share with grad degree 7.7 7.4 -- -- 7.6 7.0

  Share BA+  STEM/Bus major 56.8 56.8 -- -- 49.1 49.4

Household income (current $)

   Mean HH income 77,979 74,211 81,700 79,799 84,038 80,820

   Share < 30k 23.3 25.0 22.2 25.2 20.0 24.1

   Share 30-50k 18.4 20.3 18.3 19.3 18.2 19.2

   Share 50-75k 19.8 19.3 19.9 17.4 20.0 17.2

   Share 75-110k 17.9 17.2 17.7 17.6 18.8 18.4

   Share over 110k 20.6 18.2 21.9 20.6 23.1 21.1

Occupation (earners only)

  Share in science/engineering 2.3 2.9 -- -- 2.0 2.7

  Share in finance and related 1.9 2.0 -- -- 3.2 3.6

Industry (earners only)

 Share in construction 5.4 5.1 -- -- 1.6 2.0

 Share in manufacturing 3.8 4.2 -- -- 4.2 4.2

 Share in profession services 9.6 9.2 -- -- 11.9 11.1

 Share in education 5.5 5.8 -- -- 11.9 13.3

 Share in health-related ind's 7.3 7.1 -- -- 18.7 17.8

Characteristics of 
Population

Characteristics of 
Children Age 6-17

Characteristics of 
Mothers w/ Children Age 

6-17

Notes: based on tabulations of 2007-2010 American Community Survey microsamples. Sample sizes for overall
populations are 65,602 for the District and 49,114 for District B. Household income is calculated by summing incomes
of all residents of the household. Mothers are identified by an ACS variable ("PAOC") that indicates if a female
resident of a household lives with own children in different age ranges.

Appendix Table D2: Characteristics of overall population, children, and mothers in the District and District B
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