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Abstract

In centralized public school matching, students submit ranked lists over options. In New York City,
for example, eighth graders select from over 800 programs. Prior work documents disparities in how
students apply and where they match, and has designed informational interventions in response. How-
ever, the relationship between application decisions (the full list of schools a student submits) and match
outcomes is not fully understood, limiting the design of interventions. In this work, we contribute to this
understanding by quantifying undermatching using counterfactuals of the 2022 New York City high school
match, and by analyzing full student lists according to a theoretical model of portfolio decision-making.
First, we quantify undermatching, the difference in quality between the program a student matched with
and the best program a student could have matched to had they applied. Black or Hispanic students
undermatched 1.5X as much than their Asian or white peers, and 2x as much when comparing the
most competitive students. Disparities also exist between income groups, neighborhoods, and at-home
languages, but we do not find significant differences by sex. These disparities are larger than those in-
duced by admissions policies and geography alone. Second, we show that interpretable deviations from a
theoretically-optimal reach-match-safety strategy explain heterogeneity in undermatching, unlike demo-
graphics alone (increasing explained variance from 4% to 41%). Finally, we study simple personalized
feedback derived from our model. Changing a single program in a student’s list reduces undermatching
by 24% on average, while changing the full list reduces undermatching by 57%. In equilibrium, these
recommendations reduce disparities in match outcomes, but also increase the number of students who do
not match, suggesting a need for further incorporating congestion effects in designing recommendations.

1 Introduction

Each year, more than 70,000 eighth graders in New York City (NYC) choose which of over 800 high school
programs to apply to as part of a centralized matching process. Similar systems are used in many other large
school districts in the United States and globally. A student’s school placement is important for downstream
outcomes [2, 13, 15, 21, 32]. In NYC schools, there is substantial socioeconomic and demographic segregation
[66, 74]. In the 2022-2023 general education match, our data shows that compared to the median Asian or
white student, the median Black or Hispanic student matched to a program with 1.95x as many students
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who do not graduate, 1.43x as many students who do not enroll in college, and 0.3 standard deviations
lower school impact.*

The application process is complex [56]. In theory, the deferred acceptance algorithm used by NYC and
other large school districts [3] makes the process straightforward: with unlimited ranked lists, students can
list programs in order of their true preference. In practice, this task is daunting. Forming preferences over
800 programs is hard. And when selecting only a subset of programs, students must be strategic: applying to
only highly-selective programs, for example, leaves a student at risk of going unmatched. The NYC match
has spawned dozens of expensive consulting services and Facebook groups where (some) parents discuss
school options and admissions probabilities.

An important and natural concern is that this informational complexity exacerbates disparities in match
outcomes in addition to those caused by geography and admissions criteria. In particular, there is a concern
of undermatching: students, especially those already disadvantaged, may not apply to high quality schools
that they could have matched to and are nearby. Indeed, substantial empirical work documents demographic
disparities in how students apply. In NYC, research has found that students who are Asian, white, higher-
income, or female apply to and match with higher quality schools compared to their peers, even when
controlling for neighborhood and grades [26-28, 30]. Through a survey of NYC parents, Corradini and
Idoux [30] show that this “choice gap” is explained substantially by differential awareness of high-performing
schools.? Corradini [28] shows through administrative data that differences in application behavior cannot be
explained by summary statistics of the set of schools to which a student has positive admissions probability.
There are similar findings outside of the NYC context and in college admissions [16, 77]; for example
Larroucau et al. [53], through surveys in Chile for college admissions, document and taxonomize types of
application mistakes, including mistakes of awareness, valuations, and admission probabilities (causing not
matching or undermatching). These results show that disparities in application behavior are not driven
solely by heterogeneous preferences, differences in geography, or differences in admissions probability.

Motivated by such disparities, prior work has also designed and evaluated informational interventions,
both experimentally [26, 27] and by analyzing policy changes [28] in NYC. Corcoran et al. [27], for example,
provided students with lists of high-quality nearby schools [27]. In Chile, Larroucau et al. [53] implement
and evaluate personalized application feedback, warning students if their probability matching to none of
their choices is above 1% or if their probability of matching to their first choice is over 99%. The first
warning encourages students to list more safety programs; the latter is to encourage a student to reach for
higher quality but lower probability options as their first choice. Across these interventions, students change
their behavior in response to information. Together, this past work has clearly established that disparities
in application behavior are substantially driven by disparities in information, rather than only by differences
in preferences, admissions probabilities, and geography. As a consequence, there has been continued interest
in designing informational interventions to reduce such disparities.

The present work. However, despite this substantial work, an open question remains: How do each stu-
dent’s ranking decisions empirically translate to undermatching?. Answering this question informs the design
of interventions, both in broad policy and in how we can best build fine-grained personalized interventions.

For an individual student, we would like to understand how much better they could have applied, how
exactly they applied suboptimally, and how much behavioral changes would have changed outcomes. For
example, are there students who do not apply to any “match” programs, only applying to schools that are
either too competitive or not high-quality enough? Do these individual behaviors explain match outcomes
and undermatching in particular? Could students have made alternative decisions (using only knowledge
at the time of the application) to improve their outcomes? Empirically, would reordering programs, adding
new programs to the top of one’s list, or adding safety programs most improve one’s match? Then, in the
aggregate, we would like to understand the most common ways students undermatch, and how this varies
across and within groups.

Understanding how precisely student application lists translates to undermatching can help guide the
design of interventions. Consider the current landscape of interventions. New York City provides general
advice to students apply to many programs and also warns students who are at risk of not matching. There

1a measure provided by the city that aims to be causal

2The gap is also partially explained by preferences over the school’s racial composition, but not by family preferences over
other school characteristics, beliefs of admissions chances, or knowledge of school quality conditional on awareness.
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Figure 1: Example portfolios and recommended changes, as an illustration of personalized feedback derived
from our model. In portfolios 1 and 4, the model recommends the student apply to a less selective last choice,
as a “safety program.” In portfolio 2, the model recommends a more selective second choice, as a “reach” or
“match” program. In portfolio 3, the model recommends a less selective second choice. The optimal change
is a function of the applicant’s entire ranked list. These changes are calculated using an algorithm that finds
the optimal perturbation to a portfolio using the model of Ali and Shorrer [11], which optimizes expected
program quality (selectivity) when admissions probabilities are fully correlated and thus favors portfolios
that implement a “reach-match-safety” approach. Furthermore, in practice, individual student portfolios are
highly non-monotonic in quality (though, as shown in Figure 25, average quality measures by list position
decreases monotonically).

is research highlighting the role of suboptimal first choice applications: in Chile, Larroucau et al. [53] warn
students with high first choice admissions chances, and Cohodes et al. [26] in NYC illustrate that “an
important channel [for successful interventions] is their effect on reducing nonoptimal first choice application
strategies.” However, it is unclear whether these interventions are optimal for all students, or what the gain
from personalized feedback that considers a student’s full current application set could be. For example, we
find that in NYC, a student’s list length does not predict substantially undermatching, unless the ordering
of programs on the list is also considered. Especially as modern application systems allow for personalized
feedback, it is important to consider their design and the gain from personalization.

We make two conceptual and methodological contributions in understanding the relationship between
students’ application decisions and undermatching.

(a) Quantifying undermatching using counterfactuals. To understand how application behavior leads to
undermatching, we first need to quantify individual-level undermatching. Notice that a student cannot be
said to have truly undermatched if they would not have been admitted to other programs had they applied.
Therefore, measuring individual-level undermatching requires access to precise counterfactuals, which have
historically been unavailable in prior work on undermatching in high school or college admissions.? Leverag-
ing now-available data in New York City on individual student lottery numbers and remaining application

3In the analysis of college application undermatching in the United States, one can study application behaviors but not
admissions counterfactuals, and often even data on where a student was actually accepted is missing [77], a known limitation
[19]. For this reason, literature on college undermatching primarily considers individual colleges or categories of schools (e.g.,
“most competitive” or any “selective college”) [47, 77], in contrast to our continuous measures of undermatching based on
quality measures such as program offer rate, impact, performance, and graduation and college enrollment rates. Such work
also cannot tie an individual’s behavior to their level of undermatching. Also in the NYC High School context up through the
2016-2017 admissions cycle, Corradini [28] considers school-level (not program-level) counterfactual admissions, creating sets of
schools to which students have non-zero probability of admissions; she then shows that these choice sets cannot fully explain
the “choice gap,” that Black and Hispanic students apply to lower quality schools. We build on this work by calculating precise
individual-level counterfactual admissions for each program (a school may have multiple programs, with different admissions
criteria), using lottery numbers and other admissions-relevant information. We can do so because individual lottery numbers
and detailed admissions criteria for each program are now available to researchers.
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(a) Offer rate for match and counterfactuals (b) Undermatching across groups

Figure 2: (a) Average offer rate (for the applicant’s match and counterfactuals) and (b) undermatching
(difference between match and counterfactuals) by race/ethnicity. Figure (a) shows that on average, Asian
and white students match to more selective programs than do Black and Hispanic students. Furthermore,
the gaps in where students could be admitted (in (a), differences in dark blue bars) are much smaller than
where they are matched, due to application behavior (in (a), differences in light blue bars). Counterfactual
matches are restricted to those as geographically close as the student’s actual match. Analogously, figure (b)
shows that Black and Hispanic students undermatch more relative to Asian and white students; that is, there
is a larger gap between the offer rate of the program they matched to and the lowest offer rate program they
could have matched to. Both figures also show these effects when restricting counterfactuals to programs in a
student’s portfolio. These latter effects are thus due to list inversions in which students list higher offer rate
programs earlier than lower offer rate programs, and account for about one third of undermatching. Error
bars show 95% nonparametric bootstrap CI.

data (such as academic performance and diversity characteristic eligiblity) in combination with detailed
publicly-available information about how programs rank students, we can accurately compute precise coun-
terfactual match outcomes at the individual level for most programs—where students would have matched,
if either one or many students changed their application behavior.

With these counterfactuals, we can define and measure undermatching as the difference in program
quality between where a student actually matched and the highest quality program they would have been
accepted to had they applied and that is also nearby geographically (i.e., no longer commute distance than
their actual match). For example, if an applicant matched to a program with measured quality as 0.4 but
could have matched to one with quality 0.6 had they applied, their individual undermatching level would
be 0.2. Our definition of undermatching isolates the effects of application behavior from those of admission
policies and the geographic availability of high-quality programs, since it compares applicant outcomes to
counterfactuals holding fixed everything but application behavior. This measure—by taking into account
where individuals would have been admitted—allows us to measure how undermatching correlates with char-
acteristics that are used by programs to make admissions decisions, such as lottery number, Free/Reduced
Lunch eligibility, and neighborhood. Without precise counterfactuals, it would be unclear whether correla-
tions between behavior and these characteristics are because students know if they will be admitted. By
considering only geographically nearby programs, the measure further accounts for differences explainable
by geography and commute preferences.

We quantify undermatching with respect to several measures of quality: program offer rate, graduation
rate, college enrollment rate, NYC-provided measures of school performance and impact, and an average
of NYC-provided school quality scores on different features (performance and impact scores combined with
survey ratings from each school’s community of the degree of rigorous instruction, collaborative teachers,
supportive environment, effective school leadership, strong family-community ties, and trust). An advantage
of studying New York City public school matching is that a wide variety of such measures exist, are provided



by the city to parents, and have been validated as being important to parents (e.g., the features used in
our combined measure include those identified in the survey by Corradini and Idoux [30]). Thus, while
each applicant’s preferences may not be fully captured by such scores, undermatching according to these
metrics is an important measure for policy, and our measurements further quantify how big the differences
between individual preferences and the metrics would need to be to provide a preference-driven explanation
of applicant behavior.*

In Section 2.1, we quantify undermatching in the 2022-23 NYC high school match, showing disparities in
undermatching across different groups of students. Quantifying undermatching allows us to then study the
sources of undermatching and the potential effects of interventions, as discussed next.

(b) Analyzing full application lists. To then understand how interventions can reduce disparities in un-
dermatching, we would like to quantify the preventable sources of undermatching. Of course, in hindsight,
a student could have applied to exactly the single highest quality program they would have been admitted
to, but in practice, they must make decisions ex ante, under uncertainty. To fully understand the space of
possible interventions, we would also like to understand how a student’s full list of programs contributes
to undermatching (does undermatching arise primarily from the beginning, middle, or end of lists? from
not reaching or not listing safety programs?), and how sources of undermatching vary across students and
groups (do different demographic groups tend to undermatch for the same or different reasons?). To do this,
we build on a recent theoretical model of Ali and Shorrer [11], who characterize optimal “portfolios” under
correlated uncertainty in admissions and show that they contain a mix of reach, match, and safety choices.

We use this model empirically in two ways. In Section 2.2, we quantify the extent to which different
groups of students deviate from this strategy by examining three interpretable behaviors indicative of “no
reach,” “no match,” and “no safety.” While the theory tells us that each of these are mistakes a student
can make, it does not tell us which of the mistakes are most common in practice. Different mistakes require
different interventions. The theory also shows that longer lists allow students to implement a more effective
reach-match-safety strategy. We examine the extent to which longer lists help students in practice, by
considering a measure of effective list length. Then, in Section 2.3, we study an empirical instantiation of
Ali and Shorrer’s model in our setting, where we assume students have a uniform prior over a common score
used by programs to make admissions; students are admitted to a program if and only if their score is below
the program’s threshold, which we set to be the program’s offer rate. In this empirical model, we study
optimal local perturbations of existing portfolios, mimicking explainability methods in machine learning to
further understand common sources of undermatching. We evaluate the efficacy of such recommendations in
reducing undermatching at the individual level, and in reducing disparities in match outcomes in equilibrium.

Findings. Using data from the 2022-2023 NYC High School Match, we connect ranking behavior to under-
matching and design optimal feedback mechanisms. In the process, we quantify undermatching disparities,
using precise program counterfactuals.

(1) There are substantial undermatching disparities by race/ethnicity, income, neighbor-
hood, at-home language, and application competitiveness. We find substantial undermatching. On
average, a student matched to a program that accepted 64% of applicants, but counterfactually could have

4In the main text, our primary operationalization uses the program offer rate—out of those who applied (in the stable
matching sense), the fraction accepted. As shown in Appendix A.4, offer rate correlates with the other measures (performance,
impact, graduation rate, college enrollment rate, and the aggregate score), and our results replicate for these measures: similar
undermatching patterns hold, and recommendations to reduce undermatching by offer rate also reduce undermatching according
to other measures. Selectivity and other quality measures are commonly used in the study of matching disparities, e.g.,
[4, 26, 27, 77]. Thus, regardless of student preferences, undermatching nevertheless is an important measure, to the extent that
district-published school quality measures are meaningful—our undermatching measures document how much of the disparities
in match quality (as measured by the district) are due to application behaviors as opposed to admission policies. For this
reason, undermatching is well-studied for higher education [77], though less so for pre-collegiate education.

Other dimensions are also important for student preferences [20]. There may also be true heterogeneity in whether families
prefer, e.g., their children to attend diverse schools or schools with other children like them [5, 39, 41, 45, 62]; school effectiveness
also differs by student [49]. Programs also differ substantially by sports and specialty programs (such as arts, STEM, and
language) offerings, and applicants have heterogeneous preferences over these characteristics. To the extent that our measures
do not capture individual true applicant preferences, our measure of undermatching may not reflect student and family disutility.
However, Corradini and Idoux [30] find through a survey in NYC that, while there are substantial behavioral differences,
guardians across racial groups generally similarly value school characteristics, especially safety, though there is also racial
homophily. We use NYC-provided scores on various dimensions to approximate the features identified by the survey.



matched to a program that only accepted 37% (assuming only that single student changed their applica-
tion behavior); this difference is 1.5x larger for Black and Hispanic students relative to Asian and white
students. Interestingly, we also find that undermatching disparities are highest for the most competitive
students: Black and Hispanic students with the best lottery numbers and most selective counterfactual ad-
missions have the highest undermatching (2x as much undermatching) compared to their Asian and white
counterparts. Similar results hold for undermatching with respect to all other program quality measures.
We also find substantial inter-group disparities by Free and Reduced Lunch eligibility, at-home language,
and neighborhood, but not by sex. In some zip codes, undermatching is over twice as high as a neighboring
zip code. Furthermore, these gaps are much larger than those induced by geography or admission policies:
disparities in where students can match (that are as close geographically) are much smaller than where they
do apply and match. However, there is substantial intra-group heterogeneity: applicant demographic and
academic performance characteristics explain just 3.8% of the variance in undermatching.

(2) Simple and interpretable deviations from reach-match-safety strategies explain under-
matching, unlike student characteristics alone. Calculating individual-level counterfactuals further
enables connecting individual-level application behavior to undermatching, explaining both individual un-
dermatching and group-level disparities. Asian and white students disproportionately undermatch as a result
of not listing enough safety programs and subsequently failing to match.® In comparison, Black and Hispanic
students disproportionately undermatch as a result of ranking non-selective programs above selective ones.’
In particular, Asian and white students are more than 2x more likely than Black and Hispanic students to
not match to any program (i.e., not list any safety programs), while more than 3x less likely to have listed
a 100% offer rate program first in their list (i.e., not list a reach program). Furthermore, while Black and
Hispanic students on average submit lists of similar length to Asian and white students, their “effective” list
lengths are much shorter, since they disproportionately list safety programs higher. These simple behav-
iors are predictive of undermatching—in a regression, including such portfolio behaviors increases explained
variance of undermatching to 40.9%, from the just 3.8% without behavioral features.

(3) Simple personalized feedback can reduce individual-level undermatching. Finally, we
show how individual rankings can be (minimally) modified to decrease undermatching, using only program-
level offer rate information from the previous year (even without student-level information like academic
performance or lottery number). According to our model, Black and Hispanic students benefit relatively
more from applying to more selective programs early in their lists, while Asian and white students benefit
relatively more from applying to less selective programs later in their lists, especially in the middle. These
individualized perturbations—which modify portfolios by only one program and do not consider individual-
level admissions probabilities—decrease undermatching by 24% on average (in the setting where only the
single individual changes their ranking behavior according to the recommendation). Adopting a full reach-
match-safety portfolio reduces undermatching by 57% on average. We then evaluate the feedback when
every student adopts them simultaneously: the feedback reduces disparities (for example, reducing the offer
rate gap between Black and white students by 15%), further quantifying how disparate application behavior
affects matching disparities.

Putting things together, our work lays a foundation for personalized application feedback and broader inter-
ventions: we identify how individual students can change their ranking behavior to decrease undermatching.
This offers a useful lens to understand the potential effects of interventions: do they help students list
more safety programs, or do they help students list more reach programs? In New York City alone, recent
(proposed and deployed) interventions include providing students with more information about high quality
nearby programs, providing information about admissions probabilities to help students avoid not matching
[75], and removing caps on list length (as of the 2024 cycle). Our results suggest that the latter two deployed
changes would especially benefit students who do not match (who are disproportionately high-income, Asian,
or white), while the first type of change would especially benefit students who do not list reach programs
(who are disproportionately low-income, Black, or Hispanic).

5We do not yet use enrollment data, and so cannot rule out the possibility that some students are (rationally) applying
more aggressively due to having higher-quality outside options in the form of private schools, cf. Calsamiglia and Giiell [23].
However, especially if Asian, white, and higher-income applicants disproportionately have access to such outside options, then
such an effect would mean that our disparity measures are underestimates.

6 As explained in the discussion and supplement, these inversions cannot be explained by behavioral models in which students
sequentially search for and select schools, in which each choice is locally optimal under an information set.



In Section 2, we detail our results. In Section 3, we discuss the implications for particular interventions.
Methods are detailed in Section 4, and Section 5 contains a discussion of related work.

2 Results

We analyze data from the 2022-2023 admissions cycle for the New York City High School match, with
58,901 General Education students who applied to at least one of 867 unique programs across 434 schools
in the main high school match. For 579 programs accounting for 78.9% of matches, we have access to all
information needed to compute precise counterfactuals for each student. That is, would a given student
have been matched to a program had they applied to that program above their actual match (and no other
student changed behavior)? In 2022, programs used student lottery numbers, grade tiers to rank applicants,
diversity criteria (based on grades or Free and Reduced Lunch status), and priorities for students from a
certain borough, who attended the associated middle school, or who live in the zoned area. These priorities
are documented for each program in the program directory [61]. Such priorities and rankings can get complex,
as detailed in the Methods section below; however, we can accurately simulate these decisions, given the
data. The remaining programs used information that was not available to us, or which does not exist for
students who did not apply (such as musical auditions).

We quantify undermatching as the difference in program quality of a student’s actual match and the
best quality among programs a student could have matched with that is also closer than their actual match.
We consider several measures of program quality: offer rate, graduation rate, college attendance rate, and
city-calculated measures of performance and impact.” In the main text, to simplify exposition, we focus
on offer rate as a measure of quality, since it also serves as a measure of overall “demand” for the program
and thus as a proxy for admissions likelihoods. Offer rate is defined as the ratio between students who—in
the deferred acceptance algorithm—were admitted by a program and students who were considered by the
program. In the supplemental material, we reproduce results for alternative measures of undermatching,
finding qualitatively similar results.® When studying students’ application lists, we also use offer rate as a
way to understand the relatively likelihood that a student will be matched to different programs. Methods
are detailed in Section 4.

2.1 There are substantial disparities in undermatching

We first analyze patterns in the quantity of undermatching, before turning to patterns in how students
undermatch.

Demographic and spatial disparities. Figure 2 illustrates undermatching and disparities in under-
matching. Students on average matched to a program with offer rate 64%, but counterfactually could have
matched to a program no farther away with offer rate 37% (meaning that on average, students undermatched
by 27 p.p.). Undermatching is about 1.5x higher on average for Black and Hispanic students compared to
Asian and white students. Notice, also, that undermatching disparities generally are much larger than dis-
parities in where students could be admitted if they had applied, as illustrated by the differences in the dark
blue bars in Figure 2.

The figure also shows that undermatching exists even when counterfactual programs are restricted to those
within a student’s existing list, meaning that students listed less selective programs above more selective
programs that they could have been admitted to. Across all groups, rank order within the portfolio accounts
for about one-third of undermatching: the most selective program in a student’s application to which they
would have been admitted has an average offer rate of 56%, but was listed below the less selective program
to which they were actually admitted. This illustrates how our measure of undermatching considers not only
the set of programs a student applies to, but also the order in which they are listed.

Figure 3 illustrates geographic patterns in match quality and undermatching. For example, students in
the upper Bronx tend to match to relatively high offer rate programs, consistent with their relative geographic

TFor offer rate, a lower number is viewed as higher quality. For all other measures, higher numbers are interpreted as higher
quality. In all cases, we fix the sign of the undermatching measure so that it is positive, and so that higher numbers correspond
to more undermatching.

8 Alternative measures tend to be highly correlated with offer rate, as shown in Figure 22.
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Figure 3: Map of New York City by zip code, showing the geographic distribution of match offer rate and
undermatching. On the left is the average match offer rate for students who live in that zip code; on the
right is the average amount of undermatching. Undermatching varies substantially by geography. Geographic
patterns of match offer rates and undermatching distinguish between geographic access to selective programs
and application behavior; some zip codes have 2z higher undermatching than a neighboring one. For example,
students in Riverdale (northwest corner of the map) match to relatively high offer rate (less selective) programs
(around .65), but have little undermatching (around .1 difference from counterfactual). This may reflect its
relatively remote but affluent status. In the rest of the Bronz (north end of map), students match to higher
offer rate programs on average, but also experience much more undermatching. Meanwhile, in downtown
Manhattan (bottom tip of the island on middle left), students on average match to selective programs (left
plot is largely blue), but they could have matched to even more selective programs, given the high density of
such programs. For privacy reasons, zip codes with 20 or fewer applicants are omitted.
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Figure 4: Undermatching by lottery number (lower is better) and offer rate of the most selective program they
counterfactually would have been admitted to (that is as close as their actual match), by race and ethnicity.
The most competitive (by grades, lottery numbers, or other admission criteria) Black and Hispanic students
are especially undermatching compared to their Asian and white counterparts, indicating that they are not
applying as aggressively as they could have. Similar trends hold when measuring competitiveness by applicant
grade tier (Fig. 15). Error bars show 95% nonparametric bootstrap CI.

isolation; meanwhile, within the upper Bronx, more affluent areas (like Riverdale) have less undermatching
on average (around 10 p.p.) compared to neighboring, less affluent areas (30-40 p.p.). This example also
illustrates how our measure of undermatching isolates the effect of behavior from geography.

Disparities conditional on applicant competitiveness and grades. Figure 4 shows that disparities in
undermatching are most prominent among the most competitive applicants, as measured by lottery number
or by the selectivity of the program they counterfactually could have been admitted to. This suggests that
undermatching disparities are not explained by group differences in applicant competitiveness. Regressions
in Appendix A.5 show more generally that undermatching disparities by race and ethnicity persist after
conditioning on FRL status and grades, across measures of performance—i.e., group differences between
where a student actually matched and could have matched persist even when comparing students with similar
middle school grades. Patterns with respect to competitiveness also suggest subtlety in how undermatching
can occur; for example, the non-monotonicity in undermatching for Asian and white applicants suggests that
those at the middle-competitiveness range are not applying to sufficient “match” programs, and are instead
opting for either “reach” or “safety” programs. We explore behaviors more directly in Section 2.2: What
behaviors explain undermatching, and how do these behaviors differ in prevalence across groups?

A natural related question is if applicant competitiveness causally influences applicant behavior. Given
knowledge of their own competitiveness, do students change their behavior? In the application year under
study, students had access to their lottery numbers before they submitted their applications. Since lottery
number determine competitiveness and are assigned at random, correlations in behavior by lottery number
provide a mechanism by which to study this question. Interestingly, we did not find evidence that behavior
is affected by lottery numbers, by any demographic group or overall. Specifically, we regressed multiple
application behaviors on lottery number, and found no statistically significant effect, even when considering
group-specific interactions (after correcting for multiple hypotheses). These regressions are given in Ap-
pendix A.8. In other words, in the year we considered, students do not appear to meaningfully use lottery
numbers when choosing which programs to apply to. As a consequence, the disparities in undermatching we
find are not driven by strategic use of lottery information. It should be noted, however, that lottery numbers
were only provided as a hexadecimal code, which may be hard to interpret [57]. Clearer explanations of how
to use lottery numbers may influence student behavior.
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Figure 5: We analyze the prevalence of three interpretable deviations from optimal reach-match-safety
behavior: (i) no reach (listing an unselective program first), (ii) no match (being rejected by program(s)
and then matching to an unselective program), (iii) no safety (being rejected by all programs). Notice that
the “no reach” deviation is much more common among Black and Hispanic applicants, while the “no safety”
deviation is much more common among Asian and white applicants. Also observe the importance of ordering:
even though the first portfolio has lower offer rate programs, since the first-ranked program is unselective, these
other choices are inconsequential. Lastly, within each group, students with Free/Reduced Lunch eligibility
tend to undermatch due to not listing reach and match programs, while FRL ineligible students tend to
undermatch due to not listing safety programs. Error bars show 95% nonparametric bootstrap CI.
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figures-207/List Length_ethnicity_stacked.pdf

Figure 6: Students across groups list a similar number of programs overall (out of a maximum of 12).
However, Black and Hispanic students have lower effective list length: on average, Black and Hispanic
students list an unselective, 100% offer rate program earlier in their list, rendering subsequent programs
inconsequential. Error bars show 95% nonparametric bootstrap CI.

Further results: Additional demographic characteristics. Appendix A.3 shows undermatching dis-
tributions by race and ethnicity, sex, FRL eligibility, and at-home language. There is substantial inter-group
heterogeneity, except by sex. We find, for example, those whose at home language is Mandarin or Chinese
(any) have the lowest undermatching rates, regardless of Free/Reduced Lunch status.

Further results: Additional measures of undermatching. Appendix A.4 replicates Figures 2 to 4 for
undermatching in terms of program graduation rate, program college enrollment rate, school performance,
and school impact, and our aggregate quality metric that combines survey scores; the documented disparities
continue to hold, including spatially. One difference is worth noting: optimal counterfactual matches tend
to be more similar across students when measured by these other metrics, since there exist relatively uncom-
petitive programs that perform well by these metrics (meanwhile, low offer rate programs are by definition
competitive). As a result, the exact patterns in Figure 4 vary by metric.

2.2 Interpretable deviations from reach-match-safety explain undermatching

Prevalence of interpretable deviations from reach-match-safety. Figure 5 shows the prevalence of
three interpretable categories of behaviors that indicate deviation from a reach-match-safety strategy. No
reach is defined as having listed a 100% offer rate program first. This is an extreme form of not reaching,
since the student is guaranteed to match to this unselective program. No maitch is defined as matching to a
100% offer rate program later in a student’s list, indicating that the student only listed programs that were
too competitive before matching to a “safety” program. No safety is defined as not matching to any program
at all, indicating that the student did not list a sufficiently safe choice. 38.3% of applicants exhibit one of
these three (mutually exclusive) behaviors. Black, Hispanic, and FRL-eligible students disproportionately
fall under no reach and no match, while the opposite is true for no safety. Race and ethnicity correlate with
these behaviors more than does family income: for each behavior, patterns within a racial and ethnic group
but differing on FRL eligibility are more similar than those across racial and ethnic groups.

List length and effective list length. Figure 6 compares list lengths across race and ethnicity. Longer
lists can benefit students since they can apply to a more complete set of reach, match, and safety programs.
Notably, list length does not differ substantially across groups. However, there are disparities in effective
list length, defined as the number of programs up to and including the first 100% offer rate program. This
is the “effective” list length, since the student will never match to programs listed below a 100% offer rate
program under the deferred acceptance algorithm: adding additional programs beyond such a program has
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no effect. Figure 6 indicates that Black and Hispanic students, despite having similar or higher list lengths,
have significantly lower effective list lengths. Thus, stronger advice to students simply to rank more programs
is likely to be ineffective without advice that also recommends stronger consideration of order.

Portfolio behaviors explain much more of undermatching than student characteristics alone.
We regress each applicant’s undermatching difference against demographic and other individual characteris-
tics, both with (Table 4) and without (Table 3) the measures of portfolio behaviors.

As suggested by Figures 2 to 4 and quantified in Table 3, undermatching correlates significantly with
several performance, demographic, and socioeconomic characteristics; coefficients for most racial/ethnic mi-
nority groups, FRL status, and average middle school grades are significant (p < .01); the coefficient for sex
is not (p > .1). However, these characteristics only explain 3.8% of the variation in undermatching: there is
substantial individual-level variation not captured by student characteristics. As shown in Table 4, portfolio
behaviors are substantially more predictive of undermatching than are student characteristics alone: adding
measures of portfolio behaviors (such as effective list length, minimum and average offer rate information, a
clustering of portfolios, and the presence of the deviations described above) increases explained variance to
40.9%. Appendix A.5 shows qualitatively identical results when undermatching is calculated with respect
to the other program quality measures, and when the measures of portfolio behavior are only defined with
respect to application-time characteristics (the measures discussed above are ez post, after outcomes are re-
alized, while we also seek to understand behavioral measures using information at the time of the application).

Together, these analyses suggest heterogeneity in how students can undermatch, and therefore, potential
benefits of providing personalized application feedback to applicants to reduce undermatching. Next, moti-
vated by this analysis, we calculate improvements for each student’s portfolio using only information available
at the time of the application.

2.3 Recommendations reduce individual undermatching and close disparities

We now recommend changes to each student’s individual portfolio to reduce undermatching. Using a model
of portfolio decision-making under uncertainty [11], we identify the optimal single change to each applicant’s
portfolio, and then evaluate how outcomes change when one or many applicants adopt the recommendations.
Figure 1 illustrates example portfolios and changes recommended by the model.

Model and evaluation summary. We consider an empirical version of the theoretical model studied
by Ali and Shorrer [11]. The objective is to minimize the offer rate of the program the student is matched
to in expectation. The model uses a common score assumption, where each program is assumed to rank
students according to a single score (e.g., all programs use the same lottery number or test score to rank
students). In our empirical setup, when making recommendations we assume that a student has a uniform
prior over their score (between 0 and 1), and they are admitted to a program if and only if their score
is below a threshold set equal to the program’s offer rate. This means that a student is less likely to be
admitted to a program with a lower offer rate. A student matches to their highest listed program that they
are admitted to. Therefore, portfolios in the model are represented as a length-12 vector of offer rates. To
only use information available ex ante, we compute offer rates in the previous year’s match (outcomes are
evaluated according to the current year’s offer rates).”

At a high level, the model rewards portfolios that exhibit more of a reach-match-safety pattern [11] where
programs are listed in ascending order of offer rate. If the model recommends a student apply to a program
with a given offer rate, we select the program with the most similar offer rate that is also geographically
closer than the student’s true match. See Section 4.5 for details about the model.

We then evaluate recommendations according to the empirical counterfactual admissions calculations,
using our matching simulator—i.e., while our model to make recommendations is naive in several respects,
recommendations are evaluated using the full complexity of how programs accept applicants. We first
evaluate the quality of these recommendations if each student adopted them but no other students did, and
examine the distribution of recommendations made. Then, we evaluate outcomes in equilibrium, where every
student adopts the model’s recommendations.

91In Figure 24, we show that offer rate is largely stable across years, except for small programs.
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Adopting the model’s recommendation decreases individual undermatching. We first analyze
the impact when individual students adopt the model’s recommendations, holding the behavior of all other
students fixed. For Asian students, the recommendation reduces undermatching by 4.1 percentage points
(from 20.6% to 16.5%); for Black students: 8.9 p.p (from 32.1%); for Hispanic students: 7.4 p.p (from 29.2%);
and for white students: 3.7 p.p (from 20.4%). This represents a 24.2% decrease in undermatching overall.
As shown in Figure 16, these recommendations would also generally reduce undermatching as measured by
the other quality metrics, especially for Black and Hispanic students.

We also find that instead recommending an entire portfolio of programs—employing a full reach-match-
safety strategy, using ex ante information and without using personalized probabilities—would reduce in-
dividual undermatching as measured by offer rates by 57.1% on average. Figure 18 shows the effect on
other measures. Interestingly, for Asian and white students, while the full portfolio recommendations im-
prove outcomes by offer rate (selectivity), they sometimes worsen outcomes slightly with respect to other
metrics—especially when the full portfolios are modified with respect to the model. One reason could be
that while the single best change finds more “obvious” deviations, completely changing a list may override
information that the model does not consider: for example, students may especially choose programs that
are relatively unselective but also perform well by other metrics, or leverage personal knowledge of admis-
sions likelihoods. More generally, to the extent that recommendations may have varying effects depending
on metric, it is important to provide explainable and diverse recommendations to applicants.

Recommendations vary both within and between groups. Figure 7 visualizes the distribution of
recommendations made by the model for different groups. Consistent with findings from Section 2.2, the
model is relatively more likely to recommend Black and Hispanic students to apply to a more selective
program earlier in their lists, and is relatively more likely to recommend Asian and white students to
apply to less selective programs later in their lists. However, there is substantial intra-group heterogeneity,
consistent with the fact that student characteristics alone do not substantially explain undermatching.

Top-choice recommendations have a large impact. As a whole, we find that recommendations made
by the model are concentrated towards the beginning of student lists. In particular, 27.0% of recommen-
dations are to change a student’s first choice program. We also find that recommendations earlier in the
list tend to be more effective—perhaps because students for whom such recommendations are optimal had
higher initial undermatching. For example, while on average student undermatching decreases by 24.2%
overall from the recommendations, undermatching decreases by 37.9% for students who receive a recommen-
dation to their first choice (these students also undermatch the most in the status quo). Recommendations
at all other positions, however, also decrease undermatching by at least 10%.

We can also study optimal recommendations that are constrained to recommending a more selective
program in a student’s first choice. This is an especially natural choice since it is both relatively easy to
explain and deploy, and has been studied in past interventions [27]. We find that such recommendations
reduce undermatching by 13.7% (as compared to 24.2% when a single recommendation can be made at any
position). So, in our model, 56.6% of the fixable undermatching from changing one program can be achieved
by only changing the first program to be more selective. As shown in Figure 17, these recommendations
benefit Black and Hispanic students relatively more compared to their Asian and white peers, consistent
with our general findings that Black and Hispanic students are relatively more likely to undermatch due to
listing unselective programs early in their lists.

Adopting the model’s recommendation decreases disparities in equilibrium, but increases con-
gestion. Finally, we analyze the effectiveness of the recommendations in equilibrium, when every student
follows the feedback simultaneously. This induces congestion, as students may be recommended the same
programs. Holding the number of students admitted to each program constant, feedback cannot improve
average match outcomes (since the total sum of students matched to each program is fixed), but can reduce
disparities between groups. Simulating such changes, we find that each student making the single change
suggested by our model reduces disparities, (for example, reducing the offer rate gap between Black and
white students by 15.3%). However, the resulting congestion leads to 16.3% of students going unmatched
(in comparison to 7.9% in the original match); this occurs because more students are now applying to more
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Figure 7: Recommended changes to portfolios differ substantially across demographic groups. For example,
the dark blue square in the recommendations for Hispanic students indicates that about 3000 such students
would be most helped (concerning match offer rate in expectation) by changing their first-ranked program to
one that has about 50 percentage points lower offer rate. Asian and white students are relatively more likely
to benefit from applying to less selective programs later in their list, while Black and Hispanic students would
primarily benefit from applying to more selective programs early in their lists.

competitive programs, which then may reject some students who previously matched to that program—these
students may not have, in turn, applied to other less selective programs later down in their list. When all
students fully employ a reach-match-safety approach, the offer rate gap between Black and white students
decreases by 66.0%—this further suggests about % of the gap in the status quo is driven by factors other
than application behavior, such as admissions criteria and geography. However, this latter change also sub-
stantially increases the number of students who do not match (and must be administratively matched), to
35.0%. Thus, while feedback can reduce disparities, effective recommendations when all students use them
must be “decongesting,” and recommendations must take into account recommendations also given to other
applicants. For example, it may be important to also recommend applicants add safety programs to their

portfolios. The design of such recommendations is important future work.

3 Discussion

We quantify the behavioral sources of undermatching in the New York City High School Match—i.e., the
extent to which students match to less selective programs than they could have matched to had they applied
differently. Differences in match outcomes are driven substantially by complexity in the application process
(as opposed to program admissions criteria or geography). Moreover, we find that the application behaviors
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that cause undermatching differ by racial/ethnic and socioeconomic groups, as do the interventions that
would mitigate undermatching.

Implications for policy and interventions. Our findings help inform the design of interventions, both
broad and personalized. We quantify heterogeneity in sources of undermatching, both within and across
demographic groups. This informs the potential efficacy of different interventions (for different groups). In
both Sections 2.2 and 2.3, we find that undermatching can arise at the beginning, middle, or end of a student’s
list, and that patterns differ across and within demographic groups. This suggests that various proposed and
deployed interventions will have different distributional effects, depending on whether they focus on helping
students apply to higher quality programs earlier in their list or on helping students apply to more safety
programs. The first category includes interventions that provide information about high quality programs,
emphasize the strategyproof-ness of deferred acceptance (encouraging students to list more competitive
programs early in the list), and flag when a student applies to an extremely high probability program first
in their list. The second category includes interventions that flag high risk portfolios or flag programs that
a student is extremely unlikely to match to.

Notice also, that providing information at different levels of coarseness and explanations can have different
effects. For example, reaching for selective programs necessarily equates to applying to programs with low
offer likelihoods. Consider the difference between flagging programs that a student is almost certainly not
going to be admitted, to flagging reach programs that a student has some likelihood of being admitted to.
Furthermore, more direct guidance on how students should use this information will also have an effect: does
the intervention encourage or discourage students to apply to lower likelihood programs? For example, at
the college application level, Tomkins et al. [77] find that showing students average score cutoffs increased
undermatching, by discouraging reach applications.

In addition, while longer application lists can theoretically help students form better portfolios (as empha-
sized by NYC advice to applicants), we find that many students—especially Black and Hispanic students—
already submit long but effectively short lists, due to the early presence of a near-guaranteed admissions
program. This suggests the limitations of interventions targeted at increasing list lengths (such as NYC’s
recent policy removing list length restrictions), both in decreasing undermatching overall, and in closing
disparities. Our work thus suggests the potential benefits of a wide range of interventions currently being
explored and deployed [16, 26, 27, 52], while suggesting the lack of a “one size fits all” approach.

Along these lines, our work provides a principled foundation on which to build personalized feedback
that can handle heterogeneous sources of undermatching. For example, while existing interventions focus
primarily on the beginning or end of a student’s list, our model suggests intervening on the middle of many
students’ lists, often to avoid forms of correlation neglect [68] in which students list unselective programs
above selective programs. We find that recommendations can substantially reduce individual undermatching,
and can reduce disparities when adopted widely. However, our empirical findings suggest that the resulting
congestion can increase the number of students who do not match, revealing the need for implementing
decongesting measures and ensuring that students list sufficient safety programs.

Assumptions and limitations. We focus on undermatching, primarily operationalized in the main text as
a student being matched to a less selective program than they could have been. Program selectivity correlates
with other quality measures (performance, impact, graduation rate, college enrollment rate, and survey
measures of school environment by the community), and our results hold when undermatching is defined
with respect to those quality measures. However, as discussed in Footnote 4, it is important to note that—to
the extent that these program quality measures do not capture true applicant preference—undermatching
may not reflect student disutility, deviations from reach-match-safety approaches may not mean “mistakes,”
and recommendations may not cause behavioral changes. We note especially that our recommendations are
designed at the individual student level; if applicants have strong preferences for attending high schools with
specific peers or schools with specific peer compositions, then such recommendations may be ineffective.
However, measuring undermatching—and isolating effects from behaviors versus admissions policies and
geographic access—remains important in designing interventions and policy changes more broadly.

More generally, our work suggests “how large” such student utility differences would have to be from
the quantified program quality measures to explain behavior. It is worth reflecting on how the measured
student behavior could be rationalized by an optimal portfolio or search model (such as those of Chade and
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Smith [25] or Ali and Shorrer [11]). (1) It is possible that individual applicants truly prefer the programs
listed and in that order, and prefer their outside option over all non-listed programs (though findings of
Corradini and Idoux [30] and others suggest that this is not the case on average); then, all rankings could be
fully rationalized. (2) Now instead suppose that our quality measures well-capture student utility. (a) Then,
regardless of whether offer rates accurately capture student admissions probabilities, our undermatching
measures would correctly quantify ez post application mistakes and disparities between groups—since we
calculate undermatching in comparison to a counterfactual program to which the student would have been
admitted. Furthermore, ordering inversions (ranking a lower-quality program above a higher-quality one)
could not be even ex ante rationalized because deferred acceptance is strategy-proof among programs that
are listed; one would need students misreporting their preferences to explain such reversals (e.g., Hassidim
et al. [43, 44], Shorrer and SGvagé [76]). (b) Finally, suppose that utility is well-captured, but the program
offer rate does not reflect a student’s individualized admissions probability. Then, which programs students
list could be ex ante rationalized, even if they were mistakes ex post: it is possible that the chosen programs
correctly balance the utility of matching with each program with the probability of matching.'®

Relatedly, matches are several steps removed from downstream outcomes of interest: (a) being matched
to a school does not mean that a student will attend—especially if demographic changes leads to matches
that students and families less prefer, they may abandon their match and attend, for example a private
school; such abandonment may be especially acute among more privileged families. There is similarly an
aftermarket of reassignments after cancellations and for unmatched students [36]. For example, in Ghana,
Ajayi et al. [10] finds that an informational intervention changed ranked lists but had a more limited effect
on enrollment. (b) Attending a given school or program does not necessarily imply educational benefits, and
school diversity may not translate to classroom diversity [71]. Thus, our methods cannot directly measure
changes in downstream educational outcomes.

Finally, while our work points to characteristics of optimal feedback, there are several important steps
to turn our approach into actual recommendations that can be sent to students. For example, our feedback
model is naive, assuming that the recommender does not know each student’s idiosyncratic likelihood of being
matched. In practice, personalized recommendations may leverage such information, improving recommen-
dation quality. Furthermore, our equilibrium simulation assumes that program capacities are restricted to
the number that were matched to that program historically, and so cannot by assumption improve match
quality on average across the applicant pool. In practice, there may be high quality programs that can accept
more students had they applied. An important direction for future work is to design recommendations that
by design minimize congestion, while being individually optimal. Finally—while we quantify undermatching
through a range of program quality measures and design recommendations to optimize the selectivity of the
matched program in expectation—in practice, “high quality” programs should be identified in conversation
with policymakers, educators, and community groups. Furthermore, applicants should receive explanations
alongside the recommendations, so they can choose based on the dimensions most important to them.

4 Data and Methods

4.1 Data description

We analyze the 2022-2023 admissions cycle for the New York City High School match, with 58,901 General
Education!! students who applied to at least one of 867 unique programs'? (across 434 schools'?) in the
main high school match.!* We have each student’s application package (including random lottery number),

100ne quantification of the difference between ex ante and ex post suboptimality is that, when we simulate applicants as
following an ez ante optimal reach/match/safety portfolio using population-level offer rate information, undermatching decreases
by 57%, but is not eliminated.

11We limit the analysis to students participating in the General Education match, and so exclude the students as part of the
Students With Disabilities match, for which there are separate seat groups.

12t6 which at least one General Education student applied.

13 A school may house multiple programs; one may be Screened and focused on science, while another may be open/zoned.
We consider each program separately, though performance and impact measures are only available at the school level.

14We do not consider the 9 Specialized High Schools, e.g., the Bronx High School of Science, which operate a separate, parallel
admissions process through a specialized test (8 schools) or auditions (1 school, LaGuardia High School, with multiple programs).
NYC high school applicants submit rankings to the main match and the specialized high schools separately. Crucially, students
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method # programs # matches offer rate grad. rate college rate performance impact

Ed. Opt. 393 25722 0.85 0.87 0.56 0.53 0.48
Screened 152 16245 0.50 0.94 0.75 0.67 0.56
Open o7 3797 0.86 0.86 0.56 0.52 0.48
Audition 71 2845 0.39 0.93 0.70 0.64 0.52
Other 194 9631 0.57 0.74 0.50 0.56 0.51

Table 1: Overview of programs by admissions method.

match outcomes, middle school grades and exam scores, and zip code (but not exact address). We calculate
the transit distance between each student’s zip code to each school’s zip code, and use it as a proxy for the
student’s commute distance.!®

For each program, we have characteristics such as how they rank students (using grades and exam scores,
zoning priorities, Diversity in Admissions, auditions, etc) and historical student demographic composition;
we further use performance and impact measures as calculated by the Department of Education [33].16 There
are four primary categories of programs: Ed. Opt., Screened, Open, and Audition. Open programs admit
students by lottery number. Ed. Opt. programs also admit students by lottery number, but set aside seats
for students from all academic levels (each of three grade tiers). Screened programs admit students first by
academic performance measures and then by lottery number. Audition programs admit students based on
their performance in an audition. Of students who match, 89.6% match to programs in these categories.
Table 1 provides an overview of programs in each category. Screened programs (which evaluate students
using measures of academic performance) on average have lower offer rates (are more selective), as well as
higher graduation rate, college enrollment rate, performance, and impact.

4.2 Measuring undermatching

Given a measure of program quality (such as offer rate or college enrollment), we define undermatching as
the difference between the quality of the student’s matched program and that of the highest quality program
the student (1) would have matched to had they applied, and (2) is at least as close by commute distance as
the program the student matched to. Then, for example, if a student is matched to a program that has an
offer rate of 0.6 and is a 40-minute commute, but there exists a program that the student could have been
matched to that has an offer rate of 0.2 and is a 30-minute commute, then we can quantify the student’s
undermatching (with respect to offer rate) as 0.6-0.2=0.4. For a student who did not match to a program
they ranked, we impute their matched offer rate to be 1 and their commute radius to 30 min (the median
commute distance for a student is 33 min). Restricting to programs a student would have been admitted to
removes effects from school admission policies (such as prioritizing those with higher grades), and restricting
to programs closer than the matched program further removes effects from some students living closer to
high-quality schools, cf. [54]—isolating the effect of application behavior on undermatching.

submit initial-round rankings before learning about any offer(s). At the initial results round, students may receive up to one
offer from the main match, one offer from the test-based specialized high schools, and/or multiple offers from programs at the
audition-based specialized school. After students accept up to one offer, there is a follow-up waitlist round and then further
matches. In this paper, we consider a student’s match as the offer they receive in the initial results round from the main match.
When calculating undermatching, we compare this initial results round offer to the initial round counterfactual we calculate.
Thus, our work may overestimate undermatching for students who ultimately enroll in a specialized high school (3,710 students
received an offer from a test-based specialized high school; 868 students received an offer from a LaGuardia performing arts
program). Similarly, for the admissions year under study, high school enrollment data is not yet available to researchers, and
so we cannot measure students who choose not to attend their offered match and instead enroll in a private school.

15We use the commute distance from the MTA’s trip planner tool (which measures transit time between zip codes), with a
commute distance of 0 for a school in the same zip code as the student. Times are calculated for a commute on a weekday
morning before school begins. Under this approach, all schools in the same zip code are presumed to have the same commute
distance to the student. While imperfect, such an assumption is necessary given that more granular location information is
unavailable for students, due to privacy considerations.

16These measures use a combination of student achievement quantitative metrics such as test scores, graduation rates, and
attendance (including metrics split by racial/ethnic group). Impact is adjusted with a comparison group based on incoming
student factors, and Performance is unadjusted. The DOE provides these scores at the school level, as opposed to program
level. Using student-level data from previous years, we calculate program-level graduation and college enrollment rates.
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Program quality measures To measure the quality of each program, we use the following measures:
program-level graduation, college enrollment rates, and offer rates (selectivity); and school-level performance
and impact. We calculate program-level graduation, college enrollment rates, and offer rates using student-
level data from previous years. The offer rate of a program is the fraction admitted to the program j out
of those who applied to the program (in the stable matching sense), where a student is only counted as
rejected if they ranked the program j but then either did not match or were matched to a program they
ranked lower than they ranked j. Thus, students who were matched to a program they ranked higher than
program j are not included in the offer rate calculation, as it is possible that they would have been accepted.
Selectivity is defined as 1 — offer rate. Performance and impact measures are calculated by the Department
of Education [33], and are the district’s summary measures of student achievement at each school. These
measures use a combination of student achievement quantitative metrics such as test scores, graduation
rates, and attendance (including metrics split by racial/ethnic group). Impact is adjusted with a comparison
group based on incoming student factors, and Performance is unadjusted. The DOE provides these scores
at the school level, as opposed to program level.

Note that for all program quality measures except offer rate, higher values are assumed to be higher-
quality. For all undermatching measures, we normalize the sign so that undermatching is positive and higher
values correspond to more undermatching.

As shown in Figures 22 and 23, these measures largely correlate with one another, with pairwise correla-
tions ranging from 0.44 to 0.89. In the main text, we focus on offer rate (selectivity) as the quality measure.
Selectivity is commonly used in studies of undermatching [77]; results hold for each measure, as shown in
the Appendix.

4.3 Calculating counterfactual offers

Crucial to our approach is the ability to calculate counterfactual offers for individual students. For 579
programs accounting for 78.9% of matches, we are able to (almost) exactly reconstruct their ranking function
over students, enabling us to compute counterfactual offers. That is, would a given student have been
matched to a program had they applied to that program (first among programs to which they would have
been accepted)? In 2022, programs primarily used student lottery numbers and student grade tiers to rank
applicants; other types of priorities also used include priorities for students from a certain borough, who
attended the associated middle school, or who live in the zoned area. These priorities are documented for
each program in the program directory [61].

Such priorities and rankings can get complex: at a high level, each program may have several “seat
groups,” and students who belong to that seat group have priority over all students who do not; within a
seat group, students are ranked, such as by grades or lottery numbers or those with other priorities. Each
seat group has an associated capacity. At many programs, a certain number of seats are set aside for students
with different grades (in 393 Ed. Opt. programs, which prioritize students with High, Medium, and Low
grades, respectively, for different seats) and for students who were free or reduced lunch (FRL) eligible (in 62
Diversity in Admissions programs). All types of programs can be a Diversity in Admissions (DIA) program
(for example, some Ed. Opt. programs are also DIA). In the match process, these programs can be viewed
as individual seat groups—each of which has its own capacity and ranks students according to the priority
associated with the seat group. Students who apply to such a program apply to all seat groups, and seat
groups are filled in a certain order. For example, if fewer ‘High’ category students apply to an Ed. Opt.
program than there are seats in the ‘High’ priority seat group, then the highest-score students from the
‘Middle’ and ‘Low’ groups will take those seats. Next, the ‘Middle’ seat group seats are filled, followed by
the ‘Low’ group seats. For DIA programs, FRL priority seats are filled before general seats.!”

Some programs used information that is not available for all students. For example, all Audition programs
as well as 23 Screened programs use supplemental materials (e.g., essays, other assessments, or auditions) to
rank students. Since students who did not apply to these programs did not submit these materials, we are
not able to exactly simulate counterfactuals for these programs. For undermatching measures and potential
application improvements, we only include the 579 Open, Ed. Opt., and Screened programs for which we
can effectively calculate counterfactuals (we do not consider Other programs, many of which rank students

"The order in which seat groups are filled matters [35].
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using information not available to us). Of these 579, 57 are Open programs, 129 are Screened programs, and
393 are Ed. Opt. These programs accounted for 78.9% of student matches.
For these programs, we used the following procedure to calculate counterfactuals.

e Informed by the program directory, we create ranking functions that take each student’s features and
generate each student’s scores for each seat group within a program.

e The cutoff for each seat group is the lowest score of a student who matched to a seat group.

e A student receives a counterfactual offer from a program if and only if their score exceeds the seat
group’s cutoff for at least one seat group.

The counterfactuals are accurate. When applied to the students who applied to each program (for whom we
have the ground truth admission decision), our counterfactuals have an average accuracy across programs
of 99.4%. The minimum accuracy across programs is 78%, and only five programs have an accuracy of less
than 95%.'%

Finally, to evaluate the effectiveness of the recommendations in equilibrium, we simulate the entire match
with all students’ preferences changed. This simulation can have more error than when considering each
program-student pair in isolation, as errors propagate (a student incorrectly rejected from one program may
take the seat of a student at another program). Thus, to evaluate the entire simulator, we simulate the
match (with all GE students and programs jointly) with historical preferences. The resulting match is 91%
accurate. To carry out this simulation, we assume that we know the match outcomes of students who in the
historical data applied to a program for which we cannot calculate counterfactuals; all other students who
applied to such programs are assumed to be rejected.

When calculating match outcomes in terms of offer rate, we use the offer rate of the original match (rather
than in the simulated match). We further assume that the overall number of seats at each program is the
number of students historically accepted to the program in the main match plus the students administratively
assigned to that program. Jointly, these two assumptions imply that changes in application behavior cannot
change match outcomes by offer rate on average, since the mean offer rate over student matches is invariant.
Thus, we consider how recommendations change disparities in match outcomes by group, while holding
population-level average outcomes fixed.

4.4 Characterizing portfolio behavior

Finally, we need to characterize the portfolio decisions made by individual students. Crucially, the strategic
challenge facing students is a ranking decision: the utility of ranking a program kth depends on both the
programs ranked above it (due to correlated admissions outcomes) and those below it (relevant if the student
is rejected from the kth ranked program). Motivated by the theoretical literature [11, 25], we characterize a
student portfolio by the sequence of their admissions likelihoods, i.e., student portfolios are characterized by
a vector R € [0,1]*2. (In comparison to the theoretical literature, we also represent the order of programs,
which is important in deferred acceptance.) For example, a portfolio without any safety programs would
have all its entries close to 0. To do this analysis, we require a notion of students’ admissions likelihoods.*?

18We note that the set rejected or matched to a program may not be representative of all potential applicants for whom
we calculate counterfactuals. However, the in-sample accuracy of the simulator, as well as the geographic limitation in using
counterfactuals (which limits potential distribution shift), suggests that such errors do not substantially bias results.

19This likelihood depends on an assumption of “what does the student realistically know, and what is uncertain, at the
time of their application.” On the one extreme, since the match is almost deterministic given the lottery numbers and where
students apply (the only uncertainty left is ratings on qualitative aspects like essays and auditions, as used by 151 screened
and audition schools, or similar other unknown features), we as researchers can almost perfectly calculate in hindsight whether
a student would have been admitted to a program. However, in practice, students misestimate their chances of admission, and
there is real uncertainty about school cutoffs [9, 48, 50, 77]. Thus, close to the other extreme, we can use the true offer rate of a
school (that year in hindsight, unconditioned on student characteristics) as a proxy for this probability. In practice, a student’s
uncertainty is likely between those implied by these assumptions—they know their features (grades, location-based priorities),
but not true population-level statistics. Where relevant, we indicate where our results depend on such an assumption: for
example, in our calculation of “optimal” application perturbations, we use the unconditional offer rate from the previous year
to calculate optimal perturbations, but then measure the decrease in undermatching using true counterfactual outcomes in
hindsight; our improvement measurement is thus an underestimate since it does not use applicant-level information available
at the time of the recommendation. We further note that likelihood uncertainty changes over time, as a function of policy and
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We use the offer rate of a program (unconditioned on student characteristics) as a proxy for this probability.
For most of our results, we use the offer rate of the application year, a hindsight measure; when calculating
optimal ex ante recommendations, we use the prior year’s offer rates, to avoid information leakage.

Given offer likelihood and match outcomes, we define our three deviations from a reach-match-safety
approach as follows.

1. (No Reach Program) When a student ranks a 100% offer rate program first. This is an extreme case
of not reaching, as the student ranks first a program that all students would match to.

2. (No Match Program) When a student is matched with a 100% offer rate program, after getting rejected
from earlier-ranked programs. This means that a student applied to programs that were too risky (that
they were not matched to) or too safe (one with a 100% offer rate).

3. (No Safety Program) When a student gets rejected from all ranked programs. This pattern suggests
that the student did not list a sufficiently unselective program.

We note that the three defined behaviors are mutually exclusive.

4.5 Deriving recommendations

Theoretical model. We first introduce a theoretical model of undermatching as a function of portfolio
decisions. The model uses the cutoff characterization of stable matching [18], in which each program has
a cutoff 7; € [0,1], and a student receives an offer from that program if and only if their score S; at that
program is below the cutoff. Then, a student is matched to the highest-ranked program in their list from
which they receive an offer.

To make this model more empirically tractable, we adopt the “common score” assumption of Ali and
Shorrer [11]. That is, each student has a score S € [0, 1] that is used across all programs. A key property
of this model is that student offers are correlated: being rejected from a selective program means that the
student is unlikely to receive an offer from another selective program. This reflects our empirical setting, in
which most programs use a combination of lottery number and grade tier to rank students, meaning that
student outcomes are correlated.

Under the common score assumption, if a student applies to a list of programs with thresholds 71,19, - , Tk,
then they are matched to the program in position min{s € [k] : S < 7;}, the program in the earliest position
¢ in their list for which their score is less than the threshold, S < 7;. Let u; be the quality (i.e., as measured
by offer rate or school performance) of the program ranked ¢ in the student’s portfolio. Then, assuming S is
distributed uniformly at random on [0, 1], the expected quality of a student’s match is

1
/0 Umin{i€[k]:S<T:} ds. (1)

Ali and Shorrer [11] demonstrate that optimal portfolios (according to the above objective) contain programs
with a range of thresholds—roughly speaking, implementing a “reach-match-safety” strategy. Moreover, op-
timal portfolios can be computed efficiently. Under student proposing deferred acceptance, optimal portfolios
must also be rank-ordered by offer rate.

Using the model to make recommendations. In our empirical setting, we study the model in which
u; = R;, since we are interested in making recommendations that minimize expected undermatching (equiv-
alent to minimizing offer rate). We also employ a heuristic, in which we set the threshold 7; to be the offer
rate R; of the program. We use the offer rate of programs computed from the previous year. This captures
the basic property of thresholds: that programs with lower thresholds are more selective. Then, the objective
in our heuristic recommender is to choose a portfolio that minimizes

1
f(R) == /0 Ruin{ic[k):s<R;} dS. (2)

published information. In the admissions year analyzed (but not previous years), all students received their lottery number and
the use of grades was simplified compared to previous years.
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The model can then be used to estimate the expected offer rate of a student’s match, given their portfolio.
Therefore, we can recommend portfolios that improve the expected offer rate. (Minimizing expected offer
rate also minimizes expected undermatching.) More specifically, we recommend a single change to a student’s
portfolio: to replace one program in their portfolio with a program of a different offer rate. Define R(m,r)
to be the portfolio R except with R,, replaced by an offer rate r. Then for a given portfolio R, we would
like to make a recommendation (m,r) such that

f(R(m,r)) (3)

is minimized. For example, for a student with portfolio R = [0.6,0.7,0.5], the model’s recommendation
would be (m,r) = (1,0.35)—that is, to change the offer rate of the first program to 0.35, so that R(m,r) =
[0.35,0.7,0.5]. For each student, we first find such an (m,r). Note that this new portfolio is still suboptimal,
as evidenced by the non-monotonicity; however, it is the best one can do to improve expected match quality
while constrained to make only one change to the student’s portfolio. (We show how we compute this optimal
pair in Appendix A.1. Roughly, the idea is to fill the largest “gap” in the increasing subsequence of offer
rates.) Then, to implement the recommendation implied by an optimal (m,r), we find a geographically
nearby program to the student whose offer rate approximates the recommendation. For example, in the
example above, we find the program that has an offer rate closest to 0.35 to substitute into the first position
of the student’s portfolio. We only consider programs at least as close as the student’s matched program, as
this approximates a student’s distance constraint. We also only consider programs for which we can compute
counterfactuals, and for which at least 25 students matched in the previous year (so that the offer rate of the
previous year is a better estimate of the current year’s offer rate). Finally, we evaluate the counterfactual
outcome in hindsight, assuming the student adopted the recommendation: we find the earliest program
in a student’s list from which they would have received a counterfactual offer, and evaluate undermatching
between this offer and their counterfactual best. We evaluate counterfactual undermatching using the current
year’s offer rates.

5 Related work

There is a large literature on centralized school matching and in NYC specifically [1, 3-5, 11, 14, 25, 37,
38, 55, 59, 63-65, 69, 70, 72, 73]. Our work sits at the intersection of two large literatures: (1) empirically
understanding disparities in application behavior and guiding behavior through informational interventions,
and (2) theoretically characterizing optimal application set behavior, under uncertainty of admissions.

Empirically understanding and intervening on application behavior. A substantial literature,
both in NYC and other contexts, observes socioeconomic and demographic disparities in ranking behavior.

School matching in NYC. It is well known that the process favors privileged applicants, who have
the resources to find and apply to “higher-quality” schools [22, 28]. Through surveys, Corradini and Idoux
[29] find that “low-income and Black and Hispanic families appear to use fewer information sources and
are less reliant on their social networks” when making application decisions, and Marian [56] highlights
that many students apply to schools to which they have little admission chances due to their priority
group. Correspondingly, a large literature has documented group-level disparities in application behavior
[26-28, 30], e.g., that white and Asian, higher-income, and female students are more likely to apply to
and match with schools with higher graduation rates, even conditional on test scores. A large literature
implements and/or evaluates informational interventions to encourage students to apply to higher-performing
schools, with mixed results on whether the interventions change behavior (see, e.g., Cohodes et al. [26] and
references therein). These interventions are primarily impersonal (e.g., highlighting nearby high-graduation-
rate schools), or personalized to students’ stated preferences over school characteristics.

Most related to our work is that of Corradini [28] and Corradini and Idoux [30]. Corradini [28] studies
racial/ethnic disparities in NYC high school admissions in terms of students applying to and matching with
high value-add schools. Leveraging variation induced by NYC introducing in 2008 and then removing in
2014 school quality letter grades, she finds that Black and Hispanic (vs white and Asian) students choose
lower-quality schools, and this cannot be fully explained by residential segregation or admissions policies—
controlling for nearby schools to which a student has a nonzero match probability, Black and Hispanic
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students’ top three choices are lower quality on average than those of Asian and white students. Using
counterfactual simulations, she finds that perfect information yields 23% of the gain of the first-best solution
of students just applying to schools based on value-add, which “reduce[s] the mean cross-race achievement
gap by 62% or .0350.” Corradini and Idoux [30] combine administrative and survey data from the NYC High
School match to also study disparities in application behavior and match outcomes; like us, they identify
racial/ethnic patterns in behavior (including in the “choice gap” as measured by offer rates and related
measures) and match outcomes, even when controlling for neighborhood and middle school grades. Using
survey data, they find that these differences are best explained by differential awareness of high-performing
schools and preferences over the school’s racial composition, as opposed to family preferences over other
school characteristics, beliefs of admissions chances, or knowledge of school quality conditional on awareness.
Leveraging randomness in middle school matches, they show that Black and Hispanic students who attend
middle schools that are predominantly white or Asian in turn apply to similar schools as their middle school
peers, illuminating the role of peers and social networks in school awareness and choice.

Finally, across multiple interventions, Cohodes et al. [26] find that a “a key mechanism by which inter-
ventions worked was through new information replacing students’ default first-choice schools that had low
graduation rates and guaranteed admission.” We analyze the prevalence of such ranking effects within each
applicant’s entire portfolio, quantify its relationship to undermatching, and develop entire-portfolio-based
feedback to help applicants implement a reach-match-safety approach. Other works also report such choice
and matching disparities [60].

Undermatching and not matching in other contexts. In the context of college admissions in
the United States, Tomkins et al. [77] find that the introduction of Naviance—which provides average test
scores and grades of admitted students to each college—at a high school led to more conservative application
behavior among the most competitive applicants, who may have been discouraged from applying to a college
where their scores are below the average of admitted students; the authors suggest that an interface that
emphasizes applying to a portfolio of reach-match-safety schools may prevent such behavior. Hoxby and
Avery [47] find that a “vast majority of very high-achieving students who are low-income do not apply
to any selective college or university,” even though they would receive financial aid and are admitted and
graduate at high rates when they do apply.

Outside of NYC, most related to our work methodologically is a line of work in school and college
admissions in Chile [12, 31, 46]. Arteaga et al. [16], through a survey regarding high school matching, find
that “costly search for schools is central to the way families experience choice” and “systematic overoptimism
about admissions chances leads participants to submit applications with high nonplacement risk;” in both
New Haven (in the United States) and Chile, they deploy a smart platform that gives personalized warnings
to applicants at risk of not matching and find that it is effective. Larroucau et al. [53] conduct a multi-year
collaboration for college admissions in Chile. Through surveys, they first document and taxonomize types
of application mistakes, including mistakes of awareness, valuations, and admission probabilities (causing
either unmatched or undermatching outcomes). They then implement and evaluate personalized feedback,
including if the probabilities for being matched at all is below 99% or that of being matched to one’s first
choice is over 99%. Our work complements this analysis in two ways: (a) informed by prior survey work and
school quality measures in NYC, we characterize the prevalence of similar application behaviors in actual
portfolios and document how they explain disparities across groups, including undermatching caused by
potential unawareness of high-quality options; (b) applying the theoretical model of Ali and Shorrer [11],
we characterize “optimal” changes to individual lists, quantifying the relative effectiveness of heuristics that
modify the applicant’s first choice program or add safety programs to the end.

In New Orleans, Harris and Larsen [42] find via a mixed logit model that lower-income families have
weaker preferences for academics and stronger preferences for extracurriculars. Hastings et al. [45] study the
Charlotte Mecklenburg Public School District in North Carolina for elementary and middle school matching
under the Boston (non-strategyproof) mechanism; they find that higher neighborhood income, those not
receiving lunch subsidies, and (conditional on neighborhood income) non-white families, along with students
with higher baseline test scores, placed more weight on school academic scores; non-white families had a
larger preference for schools with more Black students. Agte et al. [8] study search costs, information access,
and admission believes in Chile, and find that an intervention that highlighted the characteristics of nearby
schools increased knowledge and enrollment in high-value add schools of high socioeconomic status (SES)
households, but not of those with lower SES households.
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At a higher level, the literature has established that applying to schools is a complex process, that incorrect
beliefs and information access heterogeneously affect applicant behavior, and that informational interven-
tions can steer such behavior—thus, even in “strategy-proof” settings, ranking behavior may not reflect
“true” applicant preferences. To this literature, our analysis contributes (a) quantification of undermatching
with respect to (almost fully known) counterfactual admission decisions, and so fully isolating the effects of
application behavior from admission policies, and (b) connecting individual-level undermatching with em-
pirical application ranking behavior (as motivated by the theoretical literature we discuss below), including
the potential effects of application modifications. These behaviors—and the interventions we simulate—
intermediate the relationship between information and outcomes. Thus, building on prior work that under-
scores the need to provide actionable information to applicants, helps design individual-level, personalized
interventions feedback to steer application behavior, whether that behavior was due to informational aware-
ness or other aspects such as beliefs about the value of strategic behavior.

Theoretical modeling of optimal application set decisions. In the theoretical literature, application
portfolio selection has been studied in various settings. In general, this line of work considers a student
choosing a limited subset from a larger set of schools of varying selectivities and utilities, under uncertainty
of their strength as an applicant and/or chances of admission at each school.

Models of decentralized and/or simultaneous applications (such as the US college admissions system)
often build on the canonical simultaneous search framework of Chade and Smith [25], in which every school
has a (fixed, exogenous) acceptance probability, and admissions decisions are mutually independent. In
this setting, the optimal size-k portfolio can be computed efficiently using a greedy algorithm or dynamic
programming, and as k increases, it expands only upwards to include increasingly competitive schools. To
model correlated admissions, Ali and Shorrer [11] introduce a threshold model in which the student has a
single “common score” unknown to the student, and each school accepts students with scores above a (fixed,
exogenous) threshold. Due to the use of the common score, admissions are completely correlated. Under this
assumption, the optimal k-portfolio can be computed efficiently via dynamic programming, and demonstrates
both upwards and downwards expansion (reflecting the notion of a reach-match-safety strategy).

However, field studies and lab experiments show that students often do not apply optimally in practice
[40, 67]. A large literature has documented non-truthful behavior even with strategy-proof mechanisms [43],
including with students choosing programs dominated by other options [44, 76]. One explanation that has
been posited is behavioral biases such as loss aversion, but theoretical modeling of such behavioral phenomena
has been limited. In a threshold-style model, Kleinberg et al. [51] show that rather than employing an optimal
reach-match-safety strategy, biased students generally target less selective schools but may also occasionally
overshoot (i.e. apply to schools that are too selective for them). In the stable matching context, Dreyfuss
et al. [34] and Meisner and von Wangenheim [58] show that loss aversion may cause a student to misreport
by inverting or excluding schools from their true ranking.

We adopt the common-score admissions model of Ali and Shorrer [11] in characterizing application
rankings in terms of probability of admission at each program—and apply the framework to a rank-ordered
deferred acceptance setting. Empirically, we find that students deviate substantially from reach-match-safety
strategies, by applying to only selective schools, only safety schools, inverting selectivity ordering, and other
deviations. We further calculate “optimal” (within the model of Ali and Shorrer [11]) local perturbations
(changing one program) to student portfolios, and quantify their effect.

Structural modeling of ranking behavior A substantial literature has developed structural models to
study applicant preferences from their ranking decisions [6, 9, 24]; see Agarwal and Somaini [7] for a review.
Broadly, this literature attempts to model student preferences and behavior; as summarized by Agarwal
and Somaini [7], the predominant approach is to model student behavior through a sequential search model,
assuming either truthful, strategic, or boundedly rational applicants. For example, in the context of NYC
middle school applications, Idoux [48] models students as making sequentially (greedy) optimal decisions
given their search costs, allowing students to submit short lists and omit low probability-admissions schools.
Larroucau and Rios [52] similarly find in Chile that modeling students as strategic (in a strategy-proof
mechanism) better captures the data, and that preference over major subject differ by gender. Awadelkarim
et al. [17] develop a choice model approach in which an applicant’s choice for their kth rank school depends
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on their first £ — 1 spots, to capture correlations due to latent preferences, such as an applicant who applies
to one accessible school is likely to apply to another.

Ajayi and Sidibe [9] considers centralized high school assignment in Ghana (which uses serial dictatorship
ordered by test scores), both through surveys and fitting dynamical search models using ranking data,
in which students can endogenously decide whether to continue searching for more schools, given search
costs. They analyze search, preference, and belief (of students uncertainty over school cutoffs and their
own scores) parameters; stratifying by sex, they find that female students have weaker preferences for
more competitive schools and stronger preferences for home economics versus business or general sciences
programs. Calsamiglia et al. [24] and Agarwal and Somaini [6] compare welfare effects of a non-strategy-proof
mechanism (the Boston Mechanism), allowing for a mixture of naive and sophisticated agents in a search
model.

In contrast to this work, we do not estimate structural parameters from choice data, specifying how
applicants may face search costs or make naive decisions given acceptance rate beliefs. Rather, we characterize
heterogeneous student behavior in a “bottom-up” approach, and connect this heterogeneous behavior to
individual-level outcomes and group-level disparities. As a result, our work cannot directly distinguish
heterogeneous preferences from other heterogeneity (such as in beliefs, information, or search costs). On the
other hand, our descriptive approach illustrates how full portfolio behaviors dictate undermatching. These
behaviors are not captured by past work: for example, to our understanding, canonical sequential search
models would not predict the observed level of inversions (ranking non-selective programs over selective ones),
which explains about one-third of undermatching. As a result, our work provides empirical observation of
heterogeneous behaviors that directly affect match outcomes. These behaviors may be modeled in future
work. Moreover, our approach contributes a way to identify interventions that will most effectively decrease
undermatching.

6 Data availability statement

The data was acquired through a data use agreement with the New York City Board of Education. Due
to a non-disclosure agreement and FERPA-related protections, we cannot make the data publicly available.
Interested researchers can apply to receive the data at https://infohub.nyced.org/in-our-schools/
working-with-the-doe/research-irb/doing-research-in-new-york-city-public-schools.
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A.1 Computing Recommendations

We now describe how to compute optimal recommendations under the model described in Section 4.5.
Consider a portfolio R = (Ry, -, R). We may extend the portfolio to R = (Rg,- -, Rg+1) where

Ro =0 and Ri41 = 1. Choose 0 = ip < 43 < --- < 4f, such that 0 = R;;, < R;; < --- < R;, = 11is the

greedily-selected increasing subsequence of R. Then the first important observation is that

L

f(R) =) Ri(Ri — R;_1). (4)

i=1

Our approach is to find for each m € [k], r that minimizes f(R(m,r)). We can then choose the highest
scoring pair (m, ).

For a given m, let ¢ be the largest integer such that iy < m. Then set R,y := R;,. Clearly the optimal
r must be larger than Ry, since otherwise the student will never match to that program. Now set £’ to be
the smallest integer such that i > m and R;,, > r. Set Rpign := R;,, fixed. The key claim is that

f(R(m, 7)) > f(R(m, (Riow + Rhign)/2)). ()

To see this, observe from (4) that

f(R(m, (Riow + Rnign)/2)) — f(R(m, 1)) < g((Riow + Rhign)/2) — g(r) (6)

where
9(x) == 2(x — Riow) + Ruigh(Rnigh — ) (7)
= Riign + (¥ — Riow — Rhign)- (8)

(The inequality in (6) is due to the fact that the change from r to (Rjow + Rhign)/2 may add an additional
element into the increasing subsequence between (Rjow + Rhign)/2 and Rpign, which only reduces f.) The
claim follows from the observation that g(x) is minimized at © = (Rjow + Rhign)/2.

Now observe that Rp;gn must be in {R;, 41, Ri, 12, - ,Ri, }. We can then check f(R(m,r)) for r =
(Riow + Rhign)/2 for all such Rpign) to find the optimal choice of r.

(One can apply the same reasoning to find that the optimal portfolio of k programs consist of offer rates
1 2 k

R g )
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A.2 Additional details on interpretable sources of undermatching

Here, we elaborate on results described in Section 2.2.

No reach program. An extreme case of not reaching is when a student lists a program with a 100
percent offer rate first. The behavior guarantees that the student will match to this program, regardless of
the remainder of their ranking. We find that Black and Hispanic students are much more likely to apply to
a 100% offer rate program first in their list, guaranteeing their placement at the program, in comparison to
Asian and white applicants (25.3% and 18.4% vs. 5.1% and 5.2%).

This type of behavior falls under a broader class of behavior, in which a student does not apply to
selective programs early in their list. For example, relative to Asian and white students, Black and Hispanic
students on average list a first choice with a higher offer rate (A: 21.5%, B: 48.9%, H: 44.3%, w: 26.1%) and
are more likely to match to their top-ranked program (A: 32.0%, B: 54.3%, H: 52.5%, w: 40.5%). Intuitively,
students who matched to their top-ranked program could have afforded to “reach further” by applying to a
more selective program.

No match program. Students who applied to programs that were too selective (too selective in hindsight,
as the student did not match there) followed by a program that was unselective (100% offer rate). Such
students may have matched to a more selective program had they included a program with a “medium”
selectivity, above the unselective program to which they matched. This behavior is (relatively speaking)
prevalent across all groups (A: 12.4%, B: 20.5%, H: 17.1%, w: 9.3%).

No safety program. One measure of failing to apply to safety programs is simply that a student did not
match to any of their choices; overall, 8% of students do not match to any program. Another measure of
not listing a safety program is whether the student did not list any program with a high offer rate. Asian
and white applicants are much more likely to not apply to any programs with an offer rate of at least 90%
than Black and Hispanic students (56.3% and 62.1% vs. 18.0% and 26.2%). 21.3% of these students fail
to match, compared to less than 0.1% of students who apply to a program with an offer rate of at least
90%. We note that one limitation of this analysis is that we do not yet have access to where the student
ultimately enrolled; it is possible that such students did not list any safety programs because they preferred
their outside option (e.g., a private school) above any such program. Our measure of undermatching does
not reflect such circumstances; assuming that otherwise privileged students are more likely to have access to
such outside options, our work would then underestimate undermatching disparities.

A.2.1 Rank order-related behaviors

Implicit in our above analysis is the role of deferred acceptance: students match to the program that they
ranked highest in their list and which accepted them. Then, students may have counterfactually been
accepted to a program they ranked lower down their list, if they had instead ranked it higher. Therefore,
the rank order is important. Even if a student lists a portfolio of reach, match, and safety programs, the
ordering of these programs can determine the practical effect of the portfolio. We now study ranking based
behaviors directly.

Ranking Inversions: Listing selective programs below nonselective ones. As illustrated in an
example portfolio in Figure 5, students may match to a less selective program, when there was a program
later in their list that was more selective and that they would have been admitted to. We find that 27.0% of
students list at least one program in their list after their matched program that is both more selective and
at least as nearby. This number is somewhat higher for Black and Hispanic students (29.7%, 29.4%). As
shown in Figure 2a, on average, students of all groups had a program in their portfolio (that they would have
matched to) with a 10 p.p. lower offer rate than the program they ultimately matched to. (While inversions
are prevalent, on average, students list higher quality programs earlier in their list; see Appendix A.7.)
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List length and effective list length. In New York City, students historically were allowed to apply to
at most 12 programs. (Starting in 2024-2025, students are allowed to list as many programs as they like).
As shown in Figure 6, students from across groups list around 8 programs on average (A: 8.6, B: 9.0, H: 8.5,
w: 7.6); only 38.8% of students have full lists. Of students with full lists, 5.1% do not match, suggesting
that some students would directly benefit from being able to apply to more programs; this number is 1.7%
and 2.7% for Black and Hispanic students, and 9.6% and 10.8% for Asian and white applicants.

However, as discussed above, list length does not matter by itself, rank order also does. We define
effective list length as the number of programs up and including the first nonselective program (with 100%
offer rate) in the list, or the total number of listed programs if the student does not list any unselective
program. This measure captures the idea that it does not matter what a student lists after listing a fully
nonselective program. Listing such programs after a nonselective program can also be seen as an extreme
form of correlation neglect, cf. [68]. While having similar or longer length lists on average, Black and
Hispanic applicants have smaller effective list lengths (4.1 and 4.7, versus 7.0 for Asian and 6.4 for white
applicants).

A.3 Undermatching by race and ethnicity, sex, and FRL status

We provide additional visualizations of disparities in undermatching by race and ethnicity, sex, and FRL
eligibility status.

Figure 8 shows undermatching as stratified jointly by race/ethnicity and FRL eligibility; neither character-
istic alone fully explains undermatching, and there are disparities both by race/ethnicity and FRL eligibility.
Figure 9 shows histogram and cumulative distribution functions of undermatching by race/ethnicity, sex,
and FRL status; crucially, there is both substantial inter- and intra- group variance.

Figure 10 (for all students) and Figure 11 (limited to Asian students) shows undermatching stratified
by the student’s at-home language. There are substantial differences in both offer rates and undermatching
by at-home language. In general, those who speak Mandarin, Chinese/Any, or Cantonese have the lowest
undermatching, and this is true both for all students and when limited to just Asian students (who comprise
the majority of several of the non-English at-home language groups such as Mandarin, Chinese/Any, Bengali,
and Cantonese).

export_20250317/undermatching_ethnicity_poyerty.pdf

Figure 8: Undermatching across race/ethnicity and additionally stratified by FRL eligibility.
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figures/undermatching_by_ethnicity_hist|pdf

figures/undermatching_by_ethnicity_ECDEK.pdf

figures/undermatching_by_sex_hist.pdf

figures/undermatching_by_sex_ECDF.pdf

figures/undermatching_by_FRL status_higt.pdf

figures/undermatching_by_FRL status_ECDF.pdf

Figure 9: Histograms and empirical cumulative distributions of undermatching to further visualize dis-
parities by race/ethnicity, sex, and FRL eligibility. Crucially for our personalized approach, there is both
substantial inter- and intra-group variance.
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figures/match_offer_rate_by_homelang_ FRL.pdffigures/undermatching_by_homelang_ FRL.pdf

Figure 10: Match selectivity and and undermatching by language spoken at home, measured by program
offer rate. Error bars show 95% nonparametric bootstrap CI.

U

figures/match_offer_rate_by_homelang_ FRL_ASTENOWM &S prdfdermatching by_homelang FRL_ASTANONLY.pdf

Figure 11: Match selectivity and and undermatching by language spoken at home (measured by program
offer rate), restricted to Asian students only. Error bars show 95% nonparametric bootstrap CI.
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A.4 Analyses using other measures of program quality

Here we replicate the main text analysis using alternate metrics of program quality: performance, impact,
graduation rate, college enrollment rate, and an aggregate measure of NYC provided scores, to help reflect
the dimensions identified as important by Corradini and Idoux [30]. The metric is calculated as the average
of a school performance metric (the average of the DOE’s measure of student performance and impact, both
standardized) and the standardized average of six DOE survey measures of school quality (rigorous instruc-
tion, collaborative teachers, supportive environment, effective school leadership, strong family-community
ties, and trust).

Figure 12 replicates Figure 2, our primary undermatching and offer rate figure. Figure 13 further splits
up undermatching by race/ethnicity and FRL eligibility, replicating Figure 8. Figure 14 replicates Figure 3,
undermatching by zip code. Figure 15 replicates Figure 4, undermatching by application features such as
lottery number, grade tier, and best counterfactual program.

Figure 16 shows the mean improvement by group on each metric when single recommendations are made
to improve match selectivity. Figure 18 shows the same when each student applies to a “optimal” portfolio
according to the model of Ali and Shorrer [11].

In general, all results qualitatively replicate, as these metrics are all closely correlated with offer rate, as
shown in Figure 22. Note that for an unmatched student, we impute their matched metrics to correspond
to their manual placement program assignment (rather than a fixed constant like an offer rate of 1).

Figure 15, undermatching for other metrics by application characteristics, shows additional nuance from
Figure 4. The metrics differ in whether undermatching is highest for the most competitive or least competitive
students. For example, there are many programs with high graduation rates (compared to the number of
programs with high selectivity); thus, even students with uncompetitive lottery numbers could be admitted
to at least one program with high graduation rates—but they may not be able to find those programs ex
ante. Generally, however, disparities between groups tend to be highest for the most competitive applicants.
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Figure 12: Replication of Figure 2. Performance metrics and undermatching across race/ethnicity, mea-
sured by program performance, impact, graduation rate, college enrollment rate, and an aggregate score of
performance and environment scores, and additionally stratified by FRL eligibility. Observe that undermatch-
ing patterns by alternate metrics of program selectivity/quality closely replicate the analyses using offer rate.

Error bars show 95% nonparametric bootstrap CI.
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Figure 13: Undermatching across race/ethnicity and additionally stratified by FRL eligibility. Observe that
these alternate metrics of program selectivity/quality closely replicate the analyses using program offer rate

in Figure 8. Error bars show 95% nonparametric bootstrap CI.
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Figure 14: Replication of Figure 3. Patterns are qualitatively identical. Error bars show 95% nonparametric
bootstrap CI.
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Figure 15: Replication of Figure 4 for other metrics of undermatching and student grade tier. Trends
and disparities in undermatching across student grade tier, lottery number, and offer rate of most selective
counterfactual. Each row is a different measure of undermatching. From top to bottom: offer rate, impact,
performance, graduation rate, college rate. Error bars show 95% nonparametric bootstrap CI.
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Figure 16: Improvement in match after single recommendation on each metric. Note that the recommen-
dations are all optimized to improve offer rate in expectation (The same recommendations are analyzed in
each figure). The recommendations would reduce undermatching with respect to all the metrics for almost

all groups (except several metrics for white applicants not eligible for Free/reduced lunch). Error bars show
95% nonparametric bootstrap CI.
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Figure 17: Improvement in match after single recommendation, restricted to reaching further in the first
choice. Note that the recommendations are all optimized to improve offer rate in expectation (The same
recommendations are analyzed in each figure). The recommendations would reduce undermatching with
respect to all the metrics for almost all groups (except several metrics for white applicants not eligible for
Free/reduced lunch). Error bars show 95% nonparametric bootstrap CIL.
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Figure 18: Improvement in match after change to 12 recommended programs. Note that the recommen-
dations are all optimized to improve offer rate in expectation. For the other metrics, higher numbers are
better. Interestingly, while suggesting one change improves almost all metrics for all groups, moving to a
fully optimal ranking (using population level admissions information) worsens outcomes for Asian and white
applicants according to the other metrics. Error bars show 95% nonparametric bootstrap CI.
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Figure 19: Change in equilibrium match after single recommendation on each metric. Note that the
recommendations are all optimized to improve offer rate in expectation (The same recommendations are
analyzed in each figure). The recommendations would reduce undermatching with respect to all the metrics
for almost all groups (except several metrics for white applicants not eligible for Free/reduced lunch). Error
bars show 95% nonparametric bootstrap CI.
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Figure 20: Change in equilibrium match after single recommendation, restricted to reaching further in
the first choice. Note that the recommendations are all optimized to improve offer rate in expectation (The
same recommendations are analyzed in each figure). The recommendations would reduce undermatching with
respect to all the metrics for almost all groups (except several metrics for white applicants not eligible for
Free/reduced lunch). Error bars show 95% nonparametric bootstrap CIL
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Figure 21: Change in equilibrium match after change to 12 recommended programs. Note that the recom-
mendations are all optimized to improve offer rate in expectation. For the other metrics, higher numbers are
better. Interestingly, while suggesting one change improves almost all metrics for all groups, moving to a
fully optimal ranking (using population level admissions information) worsens outcomes for Asian and white
applicants according to the other metrics. Error bars show 95% nonparametric bootstrap CI.
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Figure 22: Program offer rate correlates with performance, impact, graduation rate, college enrollment rate,
and an aggregate score of performance and environment scores.
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Figure 23: Program offer rate correlates with performance, impact, graduation rate, college enrollment rate,
and an aggregate score of performance and environment scores, among programs for which counterfactuals
were computed.
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A.5 Matching and undermatching regressions

Here, we show the full regressions in which we assess the degree to which student and portfolio features
explain undermatching.

Out of the 58,901 GE students in the 2022 cohort, 1,570 students did not have middle school grades
available; 251 students did not have geographic/transit time data available; 981 students were matched or
manually placed to a program without an available performance/impact score (thus accounting for the lower
number of observations in these regressions). Prior to regressing, all numerical features were independently
standardized (subtracting the mean and dividing by the standard deviation).

In addition to the interpretable portfolio behaviors we analyze in the main text, we also include a feature
based on a clustering of portfolios. To compute these clusters, we represented each student’s portfolio in
terms of its sorted offer rates. If a student listed fewer than 12 programs, we appended 1’s to the end of the
portfolio, so that all portfolios were represented by a vector in [0, 1]'2. We then applied K-means clustering
to these portfolios. These clusters capture the behavior of students in terms of the extent to which they
applied to reach, match, and safety programs. They do not, however, account for ordering effects.

Note that, unlike in the writing and the figures, here we do not normalize undermatching to be de-
fined as to be positive. To be consistent with the regressions for explaining each program quality metric
(instead of undermatching), in our regressions against undermatching we define undermatching to be quality-
metric(actual match) - quality-metric(best counterfactual). Thus, for offer rate (where lower offer rates is
assumed to be higher quality), undermatching is positive, and higher values indicates more undermatching.
For the remaining metrics (where higher values are higher quality in the metric), undermatching is negative,
and more negative values indicate more undermatching. In all cases, higher magnitude undermatching is
worse.

Finally, we also include regressions where the portfolio features (no-match and no-safety) are defined in
a way that does not depend on the match outcome itself, to prevent any leakage between features and the
target. Recall that in the main text, ‘no safety’ was defined as an applicant going unmatched, and ‘no match’
program was defined as an applicant being matched to a program with offer rate 1, after getting rejected by
more selective programs. We further include regressions with just outcome independent measures:

e No safety (outcome independent): The ranked list does not contain any program with offer rate greater
than 90%.

e No match program (outcome independent): The ranked list does not contain any program with offer
rate between 30% and 60%.

Results are qualitatively similar; explained variance is lower, but still substantially higher than when using
demographics alone.

A.5.1 Offer rate regressions

coef  std err t P> |t| [0.025 0.975]
Intercept 0.5377  0.004  123.638 0.000  0.529  0.546
male 0.0132 0.003 4.709 0.000  0.008  0.019
Black 0.1370 0.005 30.366  0.000  0.128  0.146
Hispanic 0.0935 0.004 23.458  0.000  0.086  0.101
Multiple races/ethnicities or Other 0.0745 0.007 11.414  0.000  0.062  0.087
white 0.0075 0.005 1.531 0.126  -0.002  0.017
FRL status 0.0310 0.003 9.280 0.000  0.024  0.038
avg MS grades -0.0742 0.001 -49.524  0.000 -0.077 -0.071

Table 2: OLS Regressions for match offer rate regressed against individual characteristics. R?> = 0.096.
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coef  std err t P> |t| [0.025 0.975]

Intercept 0.2032 0.004 56.237  0.000  0.196  0.210
male -0.0036  0.002 -1.546  0.122  -0.008  0.001
Black 0.0929 0.004 24780  0.000  0.086  0.100
Hispanic 0.0689 0.003 20.812  0.000  0.062  0.075
Multiple races/ethnicities or Other 0.0658 0.005 12.136  0.000  0.055 0.076
white 0.0024 0.004 0.585 0.558  -0.006  0.010
FRL status 0.0204 0.003 7.340 0.000  0.015  0.026
avg MS grades -0.0269  0.001  -21.632 0.000 -0.029 -0.024

Table 3: Undermatching measured by program offer rate, regressed against individual characteristics (de-
mographics and grades only). R? = 0.038.

coef  std err t P> |t| [0.025 0.975]

Intercept 0.1235 0.005 22.740  0.000 0.113 0.134
male -0.0068  0.002 -3.691  0.000 -0.010 -0.003
Black 0.0033 0.003 1.062 0.288 -0.003 0.009
Hispanic 0.0208 0.003 7.615 0.000 0.015 0.026
Multiple races/ethnicities or Other 0.0234 0.004 5.451 0.000 0.015 0.032
white 0.0061 0.003 1.895 0.058 -0.000 0.012
Portfolio cluster 1 0.0385 0.006 6.484 0.000 0.027 0.050
Portfolio cluster 2 0.0796 0.009 8.872 0.000 0.062 0.097
Portfolio cluster 3 0.0082 0.004 1.982 0.047  9.22e-05 0.016
Portfolio cluster 4 0.0737 0.009 7.766 0.000 0.055 0.092
Portfolio cluster 5 0.0910 0.011 8.569 0.000 0.070 0.112
Portfolio cluster 6 0.0598 0.007 8.218 0.000 0.046 0.074
Portfolio cluster 7 0.0191 0.005 3.881 0.000 0.009 0.029
Portfolio cluster 8 0.0023 0.005 0.488 0.626 -0.007 0.012
no reach 0.2236 0.004 62.984  0.000 0.217 0.231
no match (match-dependent) 0.2613 0.003 91.653  0.000 0.256 0.267
no safety (match-dependent) 0.3285 0.004 87.809  0.000 0.321 0.336
FRL status -0.0025  0.002 -1.138  0.255 -0.007 0.002
avg MS grades -0.0015 0.001 -1.494 0.135 -0.004 0.000
list length -0.0298  0.003  -10.638  0.000 -0.035 -0.024
effective list length -0.0245 0.002  -11.942  0.000 -0.029 -0.021
portfolio min offer rate -0.0394 0.003 -14.810  0.000 -0.045 -0.034
portfolio avg offer rate 0.0676 0.003 23.163  0.000 0.062 0.073
inversions (binary, match-dependent) 0.0882 0.001 92.208  0.000 0.086 0.090
mean transit time 0.0445 0.001 45.044  0.000 0.043 0.046

Table 4: OLS Regressions for undermatching measured by program offer rate, regressed against individual
and (match-dependent) portfolio characteristics. R? = 0.409.
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coef  std err t P> |t| [0.025 0.975]

Intercept 0.2177 0.007 30.319  0.000 0.204 0.232
male -0.0020  0.002 -0.924  0.355 -0.006  0.002
Black -0.0059  0.004 -1.595  0.111  -0.013  0.001
Hispanic 0.0096 0.003 2.997 0.003 0.003 0.016
Multiple races/ethnicities or Other 0.0279 0.005 5.554 0.000  0.018 0.038
white -0.0012  0.004 -0.321  0.749  -0.009  0.006
Portfolio cluster 1 0.0336 0.007 4.505 0.000 0.019 0.048
Portfolio cluster 2 0.0685 0.011 5.999 0.000 0.046 0.091
Portfolio cluster 3 0.0124 0.005 2.499 0.012 0.003 0.022
Portfolio cluster 4 -0.0038 0.012 -0.311 0.756  -0.028  0.020
Portfolio cluster 5 0.1151 0.013 8.865 0.000 0.090 0.140
Portfolio cluster 6 0.0519 0.009 5.595 0.000 0.034 0.070
Portfolio cluster 7 0.0160 0.006 2.639 0.008 0.004 0.028
Portfolio cluster 8 -0.0464 0.006 -8.191 0.000  -0.057  -0.035
no reach 0.1369 0.004 35.362  0.000 0.129 0.144
no match (match-independent) 0.0440 0.003 14.184  0.000  0.038  0.050
no safety (match-independent) -0.0334  0.004 -8.453  0.000  -0.041 -0.026
FRL status -0.0021 0.003 -0.795  0.426  -0.007  0.003
avg MS grades -0.0068  0.001 -5.683  0.000 -0.009 -0.004
list length -0.0023  0.003 -0.689  0.491  -0.009  0.004
effective list length -0.0687  0.002  -27.554 0.000 -0.074 -0.064
portfolio min offer rate -0.0102 0.003 -2.964  0.003 -0.017 -0.003
portfolio avg offer rate 0.0231 0.004 5.653 0.000 0.015 0.031
inversions (max diff, match-independent) 0.0303 0.002 14.704  0.000 0.026 0.034
mean transit time 0.0447 0.001 38.739  0.000 0.042 0.047

Table 5: OLS Regressions for undermatching measured by program offer rate, regressed against individual
and match-independent portfolio characteristics. R?> = 0.192.
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A.5.2 Performance regressions

coef  std err t P> [t| [0.025 0.975]

Intercept 0.6695 0.002  430.654 0.000 0.666  0.673
male -0.0047  0.001 -4.737 ~ 0.000  -0.007  -0.003
Black -0.0488  0.002  -30.495 0.000 -0.052  -0.046
Hispanic -0.0485  0.001  -34.207 0.000 -0.051 -0.046
Multiple races/ethnicities or Other -0.0181  0.002 -7.741 0.000 -0.023 -0.014
white -0.0069  0.002 -3.900  0.000 -0.010  -0.003
FRL status -0.0206  0.001  -17.369  0.000 -0.023 -0.018
avg MS grades 0.0313 0.001 59.341  0.000  0.030  0.032

Table 6: OLS Regressions for match performance regressed against individual characteristics. R? = 0.139
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coef  std err t P> |t| [0.025 0.975]

Intercept -0.0801  0.001  -55.891 0.000 -0.083 -0.077
male 0.0012 0.001 1.263 0.206  -0.001  0.003
Black -0.0334  0.001  -22.650 0.000 -0.036 -0.031
Hispanic -0.0253  0.001  -19.336  0.000 -0.028 -0.023
Multiple races/ethnicities or Other -0.0128  0.002 -5.903  0.000 -0.017  -0.009
white 0.0021 0.002 1.271 0.204  -0.001  0.005
FRL status -0.0147  0.001  -13.438 0.000 -0.017 -0.013
avg MS grades 0.0077 0.000 15919  0.000  0.007  0.009

Table 7: OLS Regressions for undermatching measured by program performance, regressed against individual
characteristics (demographics and grades only). R?> = 0.036.

coef  std err t P> |t| [0.025 0.975]

Intercept -0.0689  0.002  -28.527 0.000 -0.074 -0.064
male 0.0011 0.001 1.302 0.193  -0.001  0.003
Black -0.0003  0.001 -0.205  0.837  -0.003  0.002
Hispanic -0.0066  0.001 -5.401  0.000 -0.009 -0.004
Multiple races/ethnicities or Other 0.0012 0.002 0.605 0.545  -0.003  0.005
white 0.0011 0.001 0.763 0.445  -0.002  0.004
Portfolio cluster 1 -0.0081 0.003 -3.077  0.002 -0.013 -0.003
Portfolio cluster 2 -0.0075 0.004 -1.871 0.061  -0.015  0.000
Portfolio cluster 3 -0.0002  0.002 -0.081  0.935 -0.004  0.003
Portfolio cluster 4 -0.0036  0.004 -0.853  0.394  -0.012  0.005
Portfolio cluster 5 -0.0023 0.005 -0.486 0.627  -0.012  0.007
Portfolio cluster 6 -0.0108 0.003 -3.348 0.001  -0.017 -0.004
Portfolio cluster 7 -0.0054 0.002 -2.458 0.014  -0.010 -0.001
Portfolio cluster 8 0.0046 0.002 2.185 0.029 0.000 0.009
no reach -0.0701 0.002  -44.648 0.000 -0.073 -0.067
no match (match-dependent) -0.0817  0.001  -64.658 0.000 -0.084 -0.079
no safety (match-dependent) -0.0768  0.002  -43.092 0.000 -0.080 -0.073
FRL status -0.0060  0.001 -6.104  0.000 -0.008 -0.004
avg MS grades -0.0010  0.000 -2.239  0.025  -0.002 -0.000
list length 0.0060 0.001 4.838 0.000 0.004 0.008
effective list length -0.0009  0.001 -0.936  0.349 -0.003  0.001
portfolio min offer rate 0.0084 0.001 7.122 0.000 0.006 0.011
portfolio avg offer rate -0.0239 0.001 -18.483  0.000 -0.026  -0.021
inversions (binary, match-dependent) -0.0198  0.000  -46.890 0.000 -0.021 -0.019
mean transit time -0.0173  0.000  -39.315 0.000 -0.018 -0.016

Table 8: OLS Regressions for undermatching measured by program performance, regressed against individual
and (match-dependent) portfolio characteristics. R? = 0.240.
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coef std err t P> |t| [0.025 0.975]
Intercept -0.0989 0.003  -34.048 0.000 -0.105 -0.093
male 8.697¢-05  0.001 0.100 0.920 -0.002  0.002
Black 0.0015 0.001 0.991 0.321  -0.001  0.004
Hispanic -0.0039 0.001 -2.979  0.003 -0.006 -0.001
Multiple races/ethnicities or Other 0.0002 0.002 0.100 0.921  -0.004  0.004
white 0.0027 0.002 1.768 0.077  -0.000  0.006
Portfolio cluster 1 -0.0060 0.003 -2.005  0.045 -0.012 -0.000
Portfolio cluster 2 -0.0054 0.005 -1.178  0.239  -0.014  0.004
Portfolio cluster 3 -0.0004 0.002 -0.215  0.830 -0.004  0.003
Portfolio cluster 4 0.0031 0.005 0.631 0.528  -0.007  0.013
Portfolio cluster 5 -0.0119 0.005 -2.259  0.024 -0.022 -0.002
Portfolio cluster 6 -0.0082 0.004 -2.175  0.030 -0.016 -0.001
Portfolio cluster 7 -0.0036 0.002 -1.458  0.145 -0.008  0.001
Portfolio cluster 8 0.0139 0.002 6.065 0.000 0.009 0.018
no reach -0.0407 0.002  -26.180 0.000 -0.044 -0.038
no match (match-independent) -0.0039 0.001 -3.061  0.002 -0.006 -0.001
no safety (match-independent) 0.0177 0.002 11.101  0.000  0.015  0.021
FRL status -0.0066 0.001 -6.330  0.000 -0.009 -0.005
avg MS grades 0.0008 0.000 1.676 0.094 -0.000  0.002
list length 0.0003 0.001 0.200 0.842  -0.002  0.003
effective list length 0.0124 0.001 12.298  0.000 0.010 0.014
portfolio min offer rate 0.0032 0.001 2.332 0.020 0.001 0.006
portfolio avg offer rate -0.0120 0.002 -7.298  0.000 -0.015 -0.009
inversions (max diff, match-independent)  -0.0074 0.001 -8.929  0.000 -0.009 -0.006
mean transit time -0.0174 0.000  -37.191 0.000 -0.018 -0.016

Table 9: OLS Regressions for undermatching measured by program performance, regressed against individual

and match-independent portfolio characteristics. R? = 0.144.
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A.5.3 Impact regressions

coef  std err t P> [t| [0.025 0.975]
Intercept 0.5515 0.001  448.302 0.000 0.549  0.554
male 0.0034 0.001 4.310 0.000  0.002  0.005
Black -0.0244  0.001  -19.228  0.000  -0.027  -0.022
Hispanic -0.0158  0.001  -14.037  0.000 -0.018 -0.014
Multiple races/ethnicities or Other -0.0092  0.002 -4.985 0.000  -0.013 -0.006
white -0.0077  0.001 -5.549  0.000  -0.010  -0.005
FRL status -0.0111  0.001  -11.854 0.000  -0.013  -0.009
avg MS grades 0.0193 0.000 46.153  0.000  0.018  0.020

Table 10: OLS Regressions for match impact regressed against individual characteristics. R? = 0.067.
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coef  std err t P> |t| [0.025 0.975]

Intercept -0.0872  0.001  -65.342 0.000 -0.090 -0.085
male 0.0077 0.001 8.992 0.000  0.006  0.009
Black -0.0485  0.001  -35.350 0.000 -0.051 -0.046
Hispanic -0.0322  0.001  -26.489 0.000 -0.035 -0.030
Multiple races/ethnicities or Other -0.0260 0.002  -12.909 0.000 -0.030 -0.022
white -0.0052  0.002 -3.449  0.001  -0.008  -0.002
FRL status -0.0096  0.001 -9.463  0.000  -0.012  -0.008
avg MS grades 0.0046 0.000 10.256  0.000  0.004  0.006

Table 11: OLS Regressions for undermatching measured by program impact, regressed against individual
characteristics (demographics and grades only). R? = 0.044.

coef std err t P> [t| [0.025 0.975]

Intercept -0.0758 0.002  -32.639 0.000 -0.080 -0.071
male 0.0062 0.001 7.926 0.000 0.005 0.008
Black -0.0228 0.001  -17.043 0.000 -0.025 -0.020
Hispanic -0.0193 0.001  -16.555  0.000 -0.022 -0.017
Multiple races/ethnicities or Other -0.0153 0.002 -8.192  0.000 -0.019 -0.012
white -0.0081 0.001 -5.818  0.000 -0.011  -0.005
Portfolio cluster 1 -0.0107 0.003 -4.199  0.000 -0.016 -0.006
Portfolio cluster 2 -0.0107 0.004 -2.784  0.005 -0.018 -0.003
Portfolio cluster 3 -0.0021 0.002 -1.196  0.232  -0.006  0.001
Portfolio cluster 4 -0.0031 0.004 -0.769 0.442  -0.011 0.005
Portfolio cluster 5 -0.0100 0.005 -2.191 0.028 -0.019 -0.001
Portfolio cluster 6 -0.0107 0.003 -3.445  0.001  -0.017  -0.005
Portfolio cluster 7 -0.0068 0.002 -3.221 0.001  -0.011  -0.003
Portfolio cluster 8 -0.0059 0.002 -2.907  0.004 -0.010 -0.002
no reach -0.0481 0.002  -31.855 0.000 -0.051 -0.045
no match (match-dependent) -0.0594 0.001  -48.872 0.000 -0.062 -0.057
no safety (match-dependent) -0.0302 0.002  -17.593 0.000 -0.034 -0.027
FRL status -0.0042 0.001 -4.480  0.000 -0.006 -0.002
avg MS grades 9.751e-05 0.000 0.223 0.824  -0.001 0.001
list length -0.0012 0.001 -1.002  0.316  -0.004  0.001
effective list length 0.0012 0.001 1.423 0.155  -0.000  0.003
portfolio min offer rate 0.0032 0.001 2.809 0.005 0.001 0.005
portfolio avg offer rate -0.0120 0.001 -9.645 0.000 -0.014 -0.010
inversions (binary, match-dependent) -0.0166 0.000  -40.799 0.000 -0.017 -0.016
mean transit time -0.0208 0.000  -49.191 0.000 -0.022 -0.020

Table 12: OLS Regressions for undermatching measured by program impact, regressed against individual
and (match-dependent) portfolio characteristics. R? = 0.193.
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coef  std err t P> |t| [0.025 0.975]

Intercept -0.0987  0.003  -36.309 0.000 -0.104 -0.093
male 0.0057 0.001 6.968 0.000  0.004  0.007
Black -0.0210  0.001  -15.170 0.000 -0.024 -0.018
Hispanic -0.0170  0.001  -14.011 0.000 -0.019 -0.015
Multiple races/ethnicities or Other -0.0147  0.002 -7.632  0.000 -0.018 -0.011
white -0.0071  0.001 -4.894  0.000 -0.010 -0.004
Portfolio cluster 1 -0.0096  0.003 -3.397  0.001  -0.015 -0.004
Portfolio cluster 2 -0.0107  0.004 -2.465  0.014 -0.019 -0.002
Portfolio cluster 3 -0.0022  0.002 -1.179  0.238  -0.006  0.001
Portfolio cluster 4 -0.0005  0.005 -0.105 0917  -0.009  0.009
Portfolio cluster 5 -0.0189  0.005 -3.843  0.000 -0.029 -0.009
Portfolio cluster 6 -0.0094  0.004 -2.685  0.007 -0.016 -0.003
Portfolio cluster 7 -0.0057  0.002 -2.499  0.012  -0.010 -0.001
Portfolio cluster 8 -0.0008  0.002 -0.377  0.706  -0.005  0.003
no reach -0.0271  0.001  -18.607 0.000 -0.030 -0.024
no match (match-independent) 0.0006 0.001 0.547  0.584  -0.002  0.003
no safety (match-independent) 0.0189 0.001 12.666 ~ 0.000  0.016 0.022
FRL status -0.0046  0.001 -4.657  0.000 -0.006 -0.003
avg MS grades 0.0010 0.000 2.210 0.027  0.000  0.002
list length -0.0051  0.001 -4.098  0.000 -0.007 -0.003
effective list length 0.0108 0.001 11.459  0.000  0.009 0.013
portfolio min offer rate -0.0002 0.001 -0.125  0.901  -0.003  0.002
portfolio avg offer rate -0.0042  0.002 -2.705  0.007 -0.007 -0.001
inversions (max diff, match-independent) -0.0053  0.001 -6.800  0.000 -0.007 -0.004
mean transit time -0.0206  0.000  -47.233 0.000 -0.022 -0.020

Table 13: OLS Regressions for undermatching measured by program impact, regressed against individual
and match-independent portfolio characteristics. R?> = 0.139.
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A.5.4 Graduation rate regressions

coef  std err t P> |t| [0.025 0.975]
Intercept 0.9294  0.001  1019.083 0.000 0.928  0.931
male -0.0040  0.001 -6.945 0.000  -0.005 -0.003
Black -0.0189  0.001 -20.214  0.000 -0.021  -0.017
Hispanic -0.0204  0.001 -24.550  0.000 -0.022 -0.019
Multiple races/ethnicities or Other -0.0074  0.001 -5.385 0.000 -0.010 -0.005
white -0.0050  0.001 -4.790 0.000  -0.007  -0.003
FRL status -0.0098  0.001 -14.096  0.000 -0.011  -0.008
avg MS grades 0.0135  0.000 43.786 0.000  0.013  0.014

Table 14: OLS Regression Results for match graduate rate regressed against individual characteristics.
R? = 0.080.
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coef  std err t P> |t| [0.025 0.975]
Intercept -0.0474  0.001  -52.735 0.000 -0.049 -0.046
male -0.0022  0.001 -3.916  0.000  -0.003 -0.001
Black -0.0271  0.001  -29.412 0.000 -0.029 -0.025
Hispanic -0.0222 0.001 -27.115  0.000 -0.024 -0.021
Multiple races/ethnicities or Other -0.0131  0.001 -9.681  0.000 -0.016 -0.010
white -0.0036  0.001 -3.533  0.000  -0.006  -0.002
FRL status -0.0081  0.001  -11.788 0.000  -0.009  -0.007
avg MS grades 0.0102 0.000 33.612 0.000 0.010  0.011

Table 15: OLS Regressions for undermatching measured by program graduation rate, regressed against
individual characteristics (demographics and grades only). R? = 0.071.

coef std err t P> [t| [0.025 0.975]
Intercept -0.0448 0.002  -28.530 0.000 -0.048 -0.042
male -0.0018 0.001 -3.359  0.001  -0.003 -0.001
Black -0.0094 0.001 -10.357  0.000  -0.011 -0.008
Hispanic -0.0117 0.001  -14.808 0.000  -0.013 -0.010
Multiple races/ethnicities or Other -0.0055 0.001 -4.392  0.000  -0.008 -0.003
white -0.0033 0.001 -3.505  0.000  -0.005 -0.001
Portfolio cluster 1 -0.0004 0.002 -0.223 0.823  -0.004 0.003
Portfolio cluster 2 0.0061 0.003 2.350 0.019 0.001 0.011
Portfolio cluster 3 -0.0024 0.001 -1.969  0.049 -0.005 -1.13e-05
Portfolio cluster 4 -5.351e-05 0.003 -0.020  0.984  -0.005 0.005
Portfolio cluster 5 0.0093 0.003 3.020 0.003 0.003 0.015
Portfolio cluster 6 0.0021 0.002 1.010 0.313  -0.002 0.006
Portfolio cluster 7 -0.0013 0.001 -0.925  0.355  -0.004 0.001
Portfolio cluster 8 0.0017 0.001 1.248 0.212  -0.001 0.004
no reach -0.0421 0.001  -41.283 0.000 -0.044 -0.040
no match (match-dependent) -0.0434 0.001  -52.761 0.000 -0.045 -0.042
no safety (match-dependent) -0.0510 0.001  -44.437 0.000 -0.053 -0.049
FRL status -0.0034 0.001 -5.317  0.000  -0.005 -0.002
avg MS grades 0.0044 0.000 15.074  0.000 0.004 0.005
list length -0.0007 0.001 -0.863  0.388  -0.002 0.001
effective list length -0.0036 0.001 -6.182  0.000  -0.005 -0.002
portfolio min offer rate 0.0004 0.001 0.564 0.573  -0.001 0.002
portfolio avg offer rate -0.0123 0.001 -14.669  0.000 -0.014 -0.011
inversions (binary, match-dependent) -0.0063 0.000 -22.980  0.000  -0.007 -0.006
mean transit time -0.0063 0.000 -22.023  0.000  -0.007 -0.006

Table 16: OLS Regressions for undermatching measured by program graduation rate, regressed against
individual and (match-dependent) portfolio characteristics. R? = 0.212.
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coef  std err t P> [t| [0.025 0.975]

Intercept -0.0598  0.002  -32.322 0.000 -0.063  -0.056
male -0.0023  0.001 -4.248  0.000 -0.003  -0.001
Black -0.0089  0.001 -9.389  0.000 -0.011  -0.007
Hispanic -0.0106 ~ 0.001  -12.835 0.000 -0.012  -0.009
Multiple races/ethnicities or Other -0.0068  0.001 -5.229  0.000 -0.009 -0.004
white -0.0025  0.001 -2.575  0.010  -0.004  -0.001
Portfolio cluster 1 0.0006 0.002 0.317  0.751  -0.003 0.004
Portfolio cluster 2 0.0069 0.003 2.343 0.019 0.001 0.013
Portfolio cluster 3 -0.0025  0.001 -1.954  0.061  -0.005 7.23e-06
Portfolio cluster 4 0.0008 0.003 0.241 0.809  -0.005 0.007
Portfolio cluster 5 0.0039 0.003 1.174 0.240  -0.003 0.010
Portfolio cluster 6 0.0033 0.002 1.363 0.173  -0.001 0.008
Portfolio cluster 7 -0.0004  0.002 -0.240  0.811  -0.003 0.003
Portfolio cluster 8 0.0066 0.001 4.536 0.000  0.004 0.009
no reach -0.0258  0.001  -26.014 0.000 -0.028  -0.024
no match (match-independent) -0.0022  0.001 -2.692  0.007 -0.004  -0.001
no safety (match-independent) 0.0068  0.001 6.661  0.000  0.005 0.009
FRL status -0.0036  0.001 -5.414  0.000 -0.005  -0.002
avg MS grades 0.0058 0.000 18.969  0.000  0.005 0.006
list length -0.0032  0.001 -3.853  0.000 -0.005  -0.002
effective list length 0.0036 0.001 5.623 0.000  0.002 0.005
portfolio min offer rate -0.0012 0.001 -1.358  0.174  -0.003 0.001
portfolio avg offer rate -0.0062 0.001 -5.916  0.000  -0.008 -0.004
inversions (max diff, match-independent) -0.0027  0.001 -5.057  0.000 -0.004  -0.002
mean transit time -0.0066  0.000  -22.065 0.000 -0.007 -0.006

Table 17: OLS Regressions for undermatching measured by program graduation rate, regressed against
individual and match-independent portfolio characteristics. R? = 0.192.
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A.5.5 College enrollment rate regressions

coef  std err t P> [t| [0.025 0.975]
Intercept 0.7463 0.002  401.068  0.000 0.743 0.750
male -0.0123  0.001 -10.348  0.000  -0.015 -0.010
Black -0.0791 0.002 -41.358  0.000 -0.083 -0.075
Hispanic -0.0752  0.002 -44.384  0.000 -0.078  -0.072
Multiple races/ethnicities or Other -0.0354  0.003  -12.640 0.000 -0.041 -0.030
white -0.0212  0.002 -10.050  0.000  -0.025 -0.017
FRL status -0.0210  0.001 -14.791  0.000  -0.024  -0.018
avg MS grades 0.0383 0.001 60.631  0.000 0.037 0.039

Table 18: OLS Regressions for match college rate regressed against individual characteristics. R? = 0.164.
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coef  std err t P> |t| [0.025 0.975]

Intercept -0.1095 0.002 -51.110  0.000  -0.114  -0.105
male -0.0041  0.001 -2.991  0.003 -0.007 -0.001
Black -0.1039  0.002  -47.246  0.000 -0.108 -0.100
Hispanic -0.0948  0.002  -48.642 0.000 -0.099 -0.091
Multiple races/ethnicities or Other -0.0587  0.003  -18.225 0.000 -0.065 -0.052
white -0.0204  0.002 -8.392  0.000 -0.025 -0.016
FRL status -0.0181  0.002  -11.062 0.000 -0.021 -0.015
avg MS grades 0.0209 0.001 28.742  0.000  0.019 0.022

Table 19: OLS Regressions for undermatching measured by program college rate, regressed against individual
characteristics (demographics and grades only). R?> = 0.108

coef  std err t P> |t| [0.025 0.975]

Intercept -0.1176 0.004  -32.248 0.000 -0.125 -0.110
male -0.0051 0.001 -4.107 ~ 0.000  -0.007  -0.003
Black -0.0492 0.002  -23.450 0.000 -0.053 -0.045
Hispanic -0.0640 0.002  -34.971 0.000 -0.068 -0.060
Multiple races/ethnicities or Other -0.0365 0.003  -12.508 0.000 -0.042 -0.031
white -0.0214 0.002 -9.749  0.000 -0.026  -0.017
Portfolio cluster 1 0.0100 0.004 2.507 0.012 0.002 0.018
Portfolio cluster 2 0.0171 0.006 2.843 0.004 0.005 0.029
Portfolio cluster 3 0.0012 0.003 0.415 0.678  -0.004  0.007
Portfolio cluster 4 0.0096 0.006 1.518 0.129  -0.003  0.022
Portfolio cluster 5 0.0175 0.007 2.450 0.014 0.003 0.031
Portfolio cluster 6 0.0120 0.005 2.460 0.014 0.002 0.022
Portfolio cluster 7 0.0040 0.003 1.216 0.224  -0.002 0.010
Portfolio cluster 8 8.87e-05 0.003 0.028 0.978  -0.006  0.006
no reach -0.0895 0.002  -37.790 0.000 -0.094 -0.085
no match (match-dependent) -0.0973 0.002  -50.853 0.000 -0.101 -0.094
no safety (match-dependent) -0.0796 0.003  -29.830 0.000 -0.085 -0.074
FRL status -0.0062 0.001 -4.143  0.000  -0.009 -0.003
avg MS grades 0.0080 0.001 11.652  0.000 0.007 0.009
list length -0.0127 0.002 -6.789  0.000 -0.016  -0.009
effective list length -0.0033 0.001 -2.424  0.015  -0.006 -0.001
portfolio min offer rate -0.0037 0.002 -2.083 0.037  -0.007  -0.000
portfolio avg offer rate -0.0295 0.002 -15.052  0.000 -0.033  -0.026
inversions (binary, match-dependent) -0.0240 0.001  -37.599 0.000 -0.025 -0.023
mean transit time -0.0316 0.001 -47.566  0.000  -0.033  -0.030

Table 20: OLS Regressions for undermatching measured by program college rate, regressed against individual
and (match-dependent) portfolio characteristics. R? = 0.281.
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coef std err t P> |t| [0.025 0.975]
Intercept -0.1491 0.004  -34.818 0.000 -0.158 -0.141
male -0.0061 0.001 -4.755  0.000 -0.009 -0.004
Black -0.0466 0.002  -21.367 0.000 -0.051 -0.042
Hispanic -0.0603 0.002  -31.678 0.000 -0.064 -0.057
Multiple races/ethnicities or Other -0.0368 0.003  -12.142 0.000 -0.043 -0.031
white -0.0193 0.002 -8.429  0.000 -0.024 -0.015
Portfolio cluster 1 0.0100 0.004 2.247 0.025 0.001 0.019
Portfolio cluster 2 0.0161 0.007 2.372 0.018  0.003 0.029
Portfolio cluster 3 6.285e-05  0.003 0.021 0.983  -0.006  0.006
Portfolio cluster 4 0.0252 0.007 3.487 0.000  0.011 0.039
Portfolio cluster 5 0.0040 0.008 0.521 0.603 -0.011  0.019
Portfolio cluster 6 0.0121 0.006 2.189 0.029  0.001 0.023
Portfolio cluster 7 0.0042 0.004 1.158 0.247  -0.003  0.011
Portfolio cluster 8 0.0121 0.003 3.587 0.000 0.005 0.019
no reach -0.0544 0.002  -23.677 0.000 -0.059 -0.050
no match (match-independent) -0.0093 0.002 -5.014  0.000 -0.013 -0.006
no safety (match-independent) 0.0176 0.002 7.482  0.000 0.013  0.022
FRL status -0.0067 0.002 -4.349  0.000 -0.010 -0.004
avg MS grades 0.0101 0.001 14.216  0.000 0.009 0.011
list length -0.0185 0.002 -9.494  0.000 -0.022 -0.015
effective list length 0.0113 0.001 7.651 0.000 0.008 0.014
portfolio min offer rate -0.0114 0.002 -5.573  0.000 -0.015 -0.007
portfolio avg offer rate -0.0177 0.002 -7.234  0.000 -0.022 -0.013
inversions (max diff, match-independent) -0.0116 0.001 -9.456 0.000  -0.014  -0.009
mean transit time -0.0315 0.001 -45.667  0.000 -0.033  -0.030

Table 21: OLS Regressions for undermatching measured by program college rate, regressed against individual
and match-independent portfolio characteristics. R? = 0.225.
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A.5.6 Aggregate quality regressions

coef  std err t P> |t| [0.025 0.975]

Intercept 0.3114  0.009 33.355  0.000  0.293  0.330
male 0.0156  0.006 2.616  0.009  0.004  0.027
Black -0.1616  0.010  -16.800 0.000  -0.181  -0.143
Hispanic -0.0739  0.009 -8.674  0.000 -0.091 -0.057
Multiple races/ethnicities or Other -0.0409  0.014 -2.909  0.004 -0.069 -0.013
white 0.0070  0.011 0.660  0.509 -0.014  0.028
FRL status -0.0805  0.007  -11.296 0.000 -0.094 -0.067
avg MS grades 0.1251 0.003 39.379  0.000 0.119 0.131

Table 22: OLS Regressions for match aggregate quality regressed against individual characteristics. R? =
0.054.
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coef  std err t P> |t| [0.025 0.975]

Intercept -0.8148  0.010  -79.158 0.000 -0.835 -0.795
male 0.0491 0.007 7.463 0.000  0.036  0.062
Black -0.3037  0.011  -28.654 0.000 -0.324 -0.283
Hispanic -0.1176 ~ 0.009  -12.537  0.000 -0.136  -0.099
Multiple races/ethnicities or Other -0.1388  0.016 -8.943  0.000 -0.169 -0.108
white 0.0583 0.012 5.007  0.000  0.035  0.081
FRL status -0.0730  0.008 -9.290  0.000  -0.088  -0.058
avg MS grades 0.0580 0.003 16.589  0.000  0.051 0.065

Table 23: OLS Regressions for undermatching measured by program aggregate quality, regressed against
individual characteristics (demographics and grades only). R? = 0.041

coef  std err t P> |t| [0.025 0.975]

Intercept -0.7279 0.018 -39.874 0.000 -0.764 -0.692
male 0.0395 0.006 6.392 0.000 0.027 0.052
Black -0.1420 0.011 -13.478  0.000 -0.163 -0.121
Hispanic -0.0455 0.009 -4.953 0.000 -0.063 -0.027
Multiple races/ethnicities or Other -0.0700  0.015 -4.781  0.000 -0.099 -0.041
white 0.0309 0.011 2.815 0.005 0.009 0.052
Portfolio cluster 1 -0.0491 0.020 -2.461 0.014 -0.088 -0.010
Portfolio cluster 2 -0.0469 0.030 -1.556 0.120  -0.106 0.012
Portfolio cluster 3 -0.0071 0.014 -0.509 0.611  -0.034  0.020
Portfolio cluster 4 -0.1962 0.032 -6.170 0.000 -0.259 -0.134
Portfolio cluster 5 -0.0319 0.036 -0.894 0.371 -0.102 0.038
Portfolio cluster 6 -0.0362 0.024 -1.484 0.138 -0.084 0.012
Portfolio cluster 7 -0.0153 0.016 -0.928 0.354  -0.048 0.017
Portfolio cluster 8 -0.0759 0.016 -4.794 0.000 -0.107 -0.045
no reach -0.3329 0.012 -28.031  0.000 -0.356 -0.310

no match (match-dependent))[T.True] -0.4326 0.010 -45.281 0.000 -0.451 -0.414
no safety (match-dependent))[T.True] -0.2216 0.013  -16.467 0.000 -0.248 -0.195

FRL status -0.0407  0.007 -5.470  0.000 -0.055 -0.026
avg MS grades 0.0320 0.003 9.299 0.000 0.025 0.039
list length -0.0134  0.009 -1.434  0.151  -0.032  0.005
effective list length 0.0006 0.007 0.088 0.930 -0.013 0.014
portfolio min offer rate 0.0708 0.009 7.950 0.000 0.053 0.088
portfolio avg offer rate -0.0732 0.010 -7.479 0.000  -0.092 -0.054
inversions -0.1131 0.003 -35.364  0.000 -0.119 -0.107
mean transit time -0.1392 0.003 -41.905 0.000 -0.146 -0.133

Table 24: OLS Regressions for undermatching measured by program aggregate quality, regressed against
individual and (match-dependent) portfolio characteristics. R? = 0.162.

64



coef  std err t P> |t| [0.025 0.975]

Intercept -0.9050  0.021  -42.656 0.000 -0.947 -0.863
male 0.0360 0.006 5.675 0.000  0.024  0.048
Black -0.1283  0.011  -11.851 0.000  -0.149 -0.107
Hispanic -0.0270  0.009 -2.864  0.004 -0.046 -0.009
Multiple races/ethnicities or Other -0.0643  0.015 -4.281  0.000 -0.094 -0.035
white 0.0387 0.011 3.434  0.001  0.017  0.061
Portfolio cluster 1 -0.0337  0.022 -1.529  0.126  -0.077  0.009
Portfolio cluster 2 -0.0310  0.034 -0.918  0.359  -0.097  0.035
Portfolio cluster 3 -0.0057  0.015 -0.387  0.699 -0.034  0.023
Portfolio cluster 4 -0.1484  0.036 -4.136  0.000 -0.219  -0.078
Portfolio cluster 5 -0.0860  0.038 -2.244  0.025 -0.161 -0.011
Portfolio cluster 6 -0.0148  0.027 -0.542  0.588  -0.069  0.039
Portfolio cluster 7 -0.0040  0.018 -0.226  0.821  -0.039  0.031
Portfolio cluster 8 -0.0374  0.017 -2.237  0.025 -0.070  -0.005
no reach -0.1754  0.011  -15.425 0.000 -0.198 -0.153
no match (match-independent) -0.0175  0.009 -1.899  0.058  -0.036  0.001
no safety (match-independent) 0.1546  0.012 13.309  0.000  0.132  0.177
FRL status -0.0426  0.008 -5.586  0.000 -0.058 -0.028
avg MS grades 0.0391 0.004 11.129  0.000  0.032  0.046
list length -0.0398  0.010 -4.135  0.000 -0.059 -0.021
effective list length 0.0642 0.007 8.733 0.000  0.050  0.079
portfolio min offer rate 0.0349 0.010 3.464 0.001 0.015 0.055
portfolio avg offer rate -0.0048  0.012 -0.398  0.691  -0.028  0.019
inversions (max diff, match-independent) -0.0454  0.006 -7.485  0.000 -0.057 -0.033
mean transit time -0.1379  0.003  -40.423 0.000 -0.145 -0.131

Table 25: OLS Regressions for undermatching measured by program aggregate quality, regressed against
individual and match-independent portfolio characteristics. R?> = 0.117.
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A.6 Consistency of program offer rates across years

Figure 24 shows, for each program its offer rate for the 2021 admissions cycle versus that in the 2022 cycle.
Program offer rates are largely consistent across years. In particular, 85% of programs with offer rate
100% in 2021 also have offer rate 100% in 2022. This broad consistency helps explain the effectiveness of
recommendations using prior years’ offer rate information available at the time of the feedback.

figures/offer_rate_2021_2022.png

Figure 24: Comparison of program offer rates between 2021 and 2022. Note that the correlation is overall
high, particularly among highly selective (low offer rate) and nearly unselective (offer rate close to 100%)
programs.

A.7 Program quality metrics by position in list

Figure 25 shows, for each position & in applicant rank lists, the average program quality (by various metrics)
for a program ranked at that position. We disambiguate this average by student characteristics as well as
by the overall number of programs that a student ranked. Notably, on average, there is a reach-match-
safety pattern; on average, the last program listed by a student is substantially less selective than the other
programs listed.

A.8 The effect of lottery numbers

Here, we consider the effect of lottery numbers on four portfolio statistics: number of choices, offer rate of
the first choice, mean offer rate, and maximum offer rate. In each regression, we include interactions with
race and ethnicity.
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coef  std err t P> [t| [0.025 0.975]
Intercept 8.4978 0.069 123.235  0.000 8.363 8.633
Black 0.3920 0.095 4.146 0.000 0.207 0.577
Hispanic 0.0139 0.085 0.164 0.869 -0.152  0.180
Multiple races/ethnicities or Other 0.0737 0.136 0.544 0.587 -0.192  0.339
unknown -1.2066 2.817 -0.428 0.668 -6.728  4.315
white -0.9580  0.106 -9.043 0.000 -1.166 -0.750
tiebreaker num 0.2104 0.121 1.741 0.082  -0.027  0.447
tiebreaker num : Black -0.0542 0.165 -0.329 0.742  -0.378  0.269
tiebreaker num : Hispanic -0.2748 0.148 -1.859 0.063 -0.565  0.015
tiebreaker num : Multiple -0.2949 0.236 -1.250 0.211  -0.757  0.167
tiebreaker num : unknown 3.4771 6.382 0.545 0.586  -9.032  15.987
tiebreaker num: white -0.0483 0.185 -0.261 0.794  -0.411 0.315

Table 26: Effect of lottery numbers on number of choices. R* = 0.012.

coef  std err t P> |t| [0.025 0.975]
Intercept 0.2192 0.006 37.159  0.000 0.208 0.231
Black 0.2616 0.008  32.347  0.000 0.246 0.277
Hispanic 0.2201 0.007  30.422  0.000 0.206 0.234
Multiple races/ethnicities or Other 0.0588 0.012 5.074  0.000  0.036 0.082
unknown 0.2460 0.241 1.021 0.307 -0.226 0.718
white 0.0399 0.009 4.407  0.000 0.022 0.058
tiebreaker num -0.0071 0.010 -0.691  0.490 -0.027  0.013
tiebreaker num : Black 0.0227 0.014 1.610 0.107  -0.005 0.050
tiebreaker num: Hispanic 0.0142 0.013 1.125 0.261  -0.011 0.039
tiebreaker num: Multiple -0.0103 0.020 -0.511  0.609 -0.050  0.029
tiebreaker num: unknown -0.4608 0.546 -0.844 0.399  -1.531 0.609
tiebreaker num: white 0.0113 0.016 0.713 0.476  -0.020 0.042

Table 27: Effect of lottery numbers on offer rate of first choice. R* = 0.108.

coef  std err t P> [t| [0.025 0.975]
Intercept 0.5088 0.004 114.794  0.000 0.500 0.518
Black 0.1591 0.006 26.174  0.000 0.147 0.171
Hispanic 0.1376 0.005 25.316  0.000 0.127 0.148
Multiple races/ethnicities or Other 0.0182 0.009 2.085 0.037  0.001 0.035
unknown 0.0350 0.181 0.193 0.847 -0.320  0.390
white 0.0604 0.007 8.872 0.000 0.047 0.074
tiebreaker num -0.0143 0.008 -1.842 0.065 -0.030  0.001
tiebreaker num: Black 0.0126 0.011 1.193 0.233  -0.008  0.033
tiebreaker num: Hispanic 0.0229 0.010 2.411 0.016 0.004 0.042
tiebreaker num: Multiple 0.0289 0.015 1.905 0.057  -0.001 0.059
tiebreaker num: unknown -0.2379 0.410 -0.580 0.562  -1.042 0.566
tiebreaker num: white 0.0110 0.012 0.925 0.355  -0.012 0.034

Table 28: Effect of lottery numbers on mean offer rate of choices. R? = 0.070.
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coef  std err t P> |t| [0.025 0.975]
Intercept 0.9227 0.003  319.563  0.000 0.917 0.928
Black 0.0574 0.004 14.503  0.000 0.050 0.065
Hispanic 0.0503 0.004 14.213  0.000 0.043 0.057
Multiple races/ethnicities or Other -0.0205  0.006 -3.611 0.000 -0.032  -0.009
unknown 0.0544 0.118 0.461 0.645 -0.177  0.286
white -0.0062  0.004 -1.407 0.159  -0.015  0.002
tiebreaker num -0.0109 0.005 -2.154 0.031  -0.021 -0.001
tiebreaker num : Black 0.0106 0.007 1.540 0.124  -0.003 0.024
tiebreaker num : Hispanic 0.0119 0.006 1.917 0.055  -0.000  0.024
tiebreaker num : Multiple 0.0279 0.010 2.822 0.005 0.009 0.047
tiebreaker num : unknown -0.0087 0.267 -0.033 0.974  -0.533  0.515
tiebreaker num : white 0.0157 0.008 2.023 0.043 0.000 0.031

Table 29: Effect of lottery numbers on max offer rate of choices. R?> = 0.035.

68



export20250320/offer_ratpebyopb2d250320 0bfehor et pyeppb2d 250820 0 FREx pngte _by_position_by_ethn

export20250320/impact _by| eopdti2n25932E Lnpaes. pugpopd 202593 FRLippgct _by_position_by_ethnicit

export20250320/performancexpyr p26250320 bye vf chod reex pygp26250 820 bye FRArpagce _by_position_by_eth

export20250320/program_grexpeat20Py0 326 trogr hy_gfeafoiet20Rypp26 itrogriy_FRid pngte_by_position_

export20250320/program_¢pdipget 20280530 fosdgran_pydtdmhiFate)iRppsigian_oyl F8Ee pngte_by_positi

export_20250729/aggregatedxpunt i292597 pDAdgdvag biediimi (202 BYppdAdgavagbie FRuphEty_by_positio

Figure 25: Trends and disparities in program quality by position in ranked list. Left shows trends in the
quality of programs, aggregated according to the total number of programs listed by a student. Middle and
right breaks down trends by FRL status and ethnicity, restricted to students who listed 12 programs.
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