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ABSTRACT 

Many selective colleges consider the backgrounds of applicants to improve equity 

in admissions. However, this information is usually not available for all applicants. 

We examine whether the chances of admission and enrollment changed after 43 

colleges gained access to a new tool that standardizes information on educational 

disadvantage for all applicants. Applicants from the most challenging school and 

neighborhood backgrounds experienced a 5-percentage point increase in the 

probability of admission in the year of adoption relative to similar applicants in the 

previous year. The tool did not alter the probability of enrollment as a function of 

applicant challenge level in the full sample, but positive changes are concentrated 

among applicants to institutions that used the tool to allocate financial aid. 
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1. INTRODUCTION 

College choice matters, and there is little dispute that decisions over where to apply and 

enroll impact the chances of degree completion and labor market opportunities after college 

(Cohodes & Goodman, 2014; Goodman, Hurwitz, & Smith, 2017; Hoekstra, 2009; Zimmerman, 

2014). However, due to accumulative disparities across home, school, and neighborhood 

environments (Bassok, Finch, Lee, Reardon, & Waldfogel, 2016; Duncan & Murnane, 2011; 

Garcia & Weiss, 2017), gaps in postsecondary readiness are large by the time students prepare to 

transition from high school to college. Due in large part to these opportunity gaps, students from 

racially minoritized groups and low- and middle-income families are far less likely than their 

White and high-income peers to enroll in the most selective U.S. colleges that tend to provide 

students with the greatest financial returns (Chetty, Friedman, Saez, Turner, & Yagan, 2020).  

One of the challenges to increasing socioeconomic diversity across selective colleges may 

be that those institutions have historically evaluated applicants on criteria, including college 

entrance exam scores, extracurricular activities, and personal essays, that often, in part, reflect 

access to prior opportunities (Alvero et al., 2021; Rosinger, Ford, & Choi, 2020). Furthermore, 

admission officers may lack the tools and resources to easily evaluate applicants in the context of 

their home, school, and neighborhood environments. As a result, students may be considered for 

admission without full consideration of their background; in the aggregate, this could constrain 

socioeconomic diversity by implicitly advantaging applicants from higher-opportunity 

backgrounds. The key question we examine in this study is whether providing colleges with new 

or better information about each applicant’s background can partly offset opportunity-based 

admission inequities.   
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This question is grounded in the practice of holistic review, which some colleges and 

universities use to address inequities students face leading up to college (Clinedinst, 2019). 

Through holistic review, institutions consider a student’s academic performance and preparation 

in the context of their neighborhoods and schools to partially offset educational disadvantages 

beyond the control of applicants. There is no one-size-fits-all approach to holistic review (Bastedo, 

Bowman, Glasener, & Kelly, 2018). Exactly how colleges enact it depends on institutional 

priorities and the materials accompanying a student’s application that offer clues about their 

background and prior access to educational opportunities. Some institutions rely on high school 

profile sheets to evaluate applicants in the context of their educational opportunities, although 

profile sheets are not available for all high schools. These documents therefore accompany some 

student’s application materials, and when available, provide admission officers with background 

information about the high school, including its curriculum and advanced coursework offerings, 

distribution of GPAs and college entrance exam scores among high school graduates, and college 

attendance history of recent graduates. At colleges and universities that use holistic review to 

increase student diversity, high school profile sheets can help admissions officers identify students 

who outperformed their peers academically in high school and can succeed in college, but do not 

otherwise stand out when compared against the full applicant pool. Selective colleges and 

universities are also relying increasingly on expensive technology products that harness contextual 

information and predictive analytics to identify, recruit, enroll, and retain students and achieve 

their diversity goals (O’Neil, 2016; Barshay & Aslanian, 2019).   

Because many selective institutions are committed to recruiting more students from 

historically underrepresented groups and have access to some information to identify those 

students, it is likely already the case that applicant background, and access to educational 
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opportunities in particular, factor into admission decisions. Nevertheless, the efficacy of holistic 

review may be hampered at present because the background information contained in high school 

profile sheets and enrollment management software solutions is typically not available for all 

applicants, nor is it presented in a standardized format across applicants when available.  

In the current college admissions environment, spotty background information on 

applicants presented in a non-standardized format may complicate, rather than simplify, the 

holistic approach to admissions. Over the last several decades, application volumes have soared, 

particularly at more selective colleges, because students are submitting applications to more 

colleges and to colleges that are farther from home (Clinedinst, 2019; DeSilver, 2019). As a result, 

admissions professionals are tasked with evaluating more applications, and those applications are 

increasingly originating from locations and high schools with which admissions staff have less 

familiarity (Hoxby, 2009). In this high-volume admissions era, implicit biases can inadvertently 

influence admission decisions without standardized information on the background of all 

applicants (Bowman & Bastedo, 2018). Furthermore, devoting the resources to assemble this 

information systematically for all applicants is likely prohibitive for many institutions. In one 

national survey of admission offers at selective colleges, more than two-thirds reported reviewing 

100 or more applications per week during the peak reviewing period (Bowman & Bastedo, 2018).  

With selective institutions receiving 19,000 applications per year on average,1 the search 

costs of obtaining additional applicant background information are steep and the efficacy of 

holistic review may not be fully realized unless admission officers can easily access comparable 

information on the background of all applicants. Furthermore, the potential value of a tool that 

makes it easier for colleges to consider applicants in the context of their backgrounds is 

compounded due to rapid diversification of the nation’s college-going population (Taylor & Cohn, 
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2012), widening socioeconomic gaps correlated with educational opportunity (Schaeffer, 2020), 

and the resurgence of school segregation in recent decades (Reardon & Owens, 2014). 

We examine the changes in admission and enrollment decisions after admission officers 

gained access to a new web-based tool, called Landscape, designed to lower the search costs of 

considering an applicant’s academic accomplishment in the context of where they live and learn. 

The tool provides admission officers at partner institutions with information on all applicants that 

reflects educational disadvantage at the high school and neighborhood level, as well as high 

school-level data on advanced coursework and a student’s college entrance exam score in context 

(defined as the applicant’s own SAT or ACT score relative to the score distribution of their high 

school peers). Furthermore, unlike expensive software solutions on the market, Landscape is free 

to partner institutions. Colleges and universities that use Landscape provide the College Board 

with the name of each applicant’s high school, their neighborhood of residence, and their college 

entrance exam scores. These data are then linked to several data sources and distilled into high 

school- and neighborhood-level challenge indices for each applicant derived from median family 

income, educational attainment, household structure, housing stability, and crime. We provide 

more details about the tool in the next section.  

The College Board began piloting Landscape with 15 colleges and universities during the 

2018-19 admissions cycle. Over the subsequent three years more than 100 institutions have 

incorporated the tool into their admissions process. Using a pre-post research design similar to an 

interrupted time series design, we leverage the phased rollout across 43 institutions that first piloted 

Landscape in 2017-18 and 2018-19 for the 2018-19 and 2019-20 admission cycles, respectively, 

to estimate pre-post changes in admission and enrollment. Our results are based on the admission 
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decisions of pilot institutions for over 3.7 million applicants over a four-year period: three years 

preceding use of Landscape and in the tool’s first year of adoption.  

We find that Landscape is associated with an increase in the chances of admission for 

applicants from more challenging backgrounds. On average, the relationship between an 

applicant’s challenge level (defined as the average of six indicators at both the high school and 

neighborhood level, including median family income, family and housing stability, and 

educational attainment, that are related to educational opportunities and outcomes) and the 

probability of admission increased by 0.5 percentage points per 10-percentile point increase in 

challenge level in the year that colleges gained access to Landscape. This implies that the gap in 

admissions chances between similarly qualified applicants from the most and least challenging 

backgrounds decreased by 5 percentage points in the year of Landscape adoption. It also implies 

that an applicant from the most challenging background in the year of adoption experienced a 5-

percentage point increase in the probability of admission relative to an otherwise similar applicant 

who applied the previous year. To put this result in context, the increase in admissions chances for 

applicants from top-challenge backgrounds is equivalent to the increase in admissions chances 

they would have with an SAT score that was 42 points higher, which represents approximately 

one-quarter of the SAT increase for students from low-income families that would be required to 

eradicate income-based enrollment disparities across the U.S. higher education system (Chetty et 

al., 2020).  

Although the introduction of Landscape is associated with a notable change in the 

underlying relationship between admission probabilities and challenge level, the overall 

composition of admitted students changed modestly after tool adoption because most applicants 

to selective colleges are from low-challenge environments. In the first year that colleges gained 
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access to Landscape, pilot institutions on average admitted 118 fewer applicants from challenge 

levels in the bottom tercile and 73 more applicants from challenge levels in the top tercile. These 

changes represent a relative decrease of 2.4 percent and a relative increase of 8.7 percent, 

respectively. We also find no evidence of heterogenous changes to the relationship between an 

applicant’s challenge level and the probability of admission by underrepresented minority status, 

nor any evidence that the overall racial composition of the admitted class at pilot institutions 

changed after the introduction of Landscape. This may be for several reasons. Underrepresented 

racial minorities comprise a small share of applicants to the sampled colleges. Unlike the challenge 

and score in context features in Landscape, student race/ethnicity and the racial composition of 

students’ schools and neighborhoods are not presented in the tool. Also, unlike the challenge 

feature in Landscape, student race/ethnicity may be visible elsewhere on a student’s application; 

as a result, the tool may not provide admission reviewers with new information on this attribute.  

In contrast to our findings on the admission margin, we find no evidence in the aggregate 

that Landscape is associated with a change in the underlying relationship between enrollment 

probabilities and challenge level, although we observe meaningful variation in the enrollment 

estimates across institutions, and those that are positive are concentrated among institutions that 

used Landscape to inform financial aid offers to admitted students. This finding reinforces the 

importance of need-based aid in the college choice process for traditionally underrepresented 

students. Taken together, our findings suggest that providing colleges with consistent information 

about each applicant’s background can modestly offset opportunity-based admission inequities. 

However, the need for complementary initiatives to reshape the overall socioeconomic and racial 

composition of the student body at selective colleges remains strong. Persuading more admitted 
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students from a diverse set of backgrounds to attend selective colleges also likely requires that 

colleges use the tool in particular ways. 

We structure the remainder of the paper into four sections. In the next section, we discuss 

the existing literature on holistic review in college admissions and provide additional background 

on the Landscape tool. In section three, we describe our data and research design. We present our 

results in section four and conclude in section five with a discussion of the policy implications. 

2. BACKGROUND ON HOLISTIC REVIEW and the LANDSCAPETM TOOL 

2.1. Decision Factors Considered by College Admission Professionals  

In general, research on decision-making by college admission professionals is sparse. 

Microdata on college admissions are generally not available to researchers, and consequently, the 

body of literature in this space is limited. However, it is well-documented that selective four-year 

colleges place considerable weight on measures of academic achievement that are partly a 

reflection of past opportunities and resources (Geiser & Santelices, 2006; Killgore, 2009; Posselt, 

Jaquette, Bielby, & Bastedo, 2012; Rosinger, Ford, & Choi, 2020). A handful of studies have also 

emerged over the past two decades that quantify the preferences admission professionals afford to 

specific groups of students, including athletes, legacies and underrepresented students 

(Arcidiacono, Kinsler, & Ransom, 2019; Espenshade, Chung, & Walling, 2004; Howell, 2010; 

Hurwitz, 2011). These studies are somewhat limited in that they focus on estimating preferences 

for discrete groups of students who can easily be categorized. None of the studies above has 

addressed whether, and to what extent, admissions professionals consider more nuanced aspects 

of an applicant’s background, such as attending a high school where the academic preparation of 

students is low or residing in a neighborhood with high levels of crime, when making admission 

recommendations. 
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Despite the absence of research on the role of environmental context in actual high-stakes 

college admissions decision-making, there is a small body of experimental evidence on the topic 

from two simulation studies (Bastedo et al., forthcoming; Bastedo & Bowman, 2017). In both 

studies, admissions professionals were presented with simulated applications and asked to evaluate 

them as if they were operating in a high stakes environment where their decisions had real 

consequences. Admission officers who received detailed information on applicants’ high school 

and neighborhood contexts were much more likely to recommend traditionally underrepresented 

students for admission in the simulated studies. However, the effects of holistic review on the 

admission chances for low-income students and students of color were much more muted in a 

retrospective analysis that used data on real-world admission decisions and examined whether 

students who maximized their high school curricular offerings were more likely to gain admission 

to selective colleges (Bastedo, Howard, & Flaster, 2016). One possible explanation for the smaller 

impacts in the real-world setting is that admission professionals, as mentioned previously, may 

struggle to practice holistic review effectively given how many applications they are expected to 

review and differing levels of familiarity with applicant backgrounds. Landscape is designed to 

address these potentially limiting factors to the efficacy of holistic review. We present the first 

evidence of changes to admission and enrollment outcomes in the context of actual high-stakes 

decision-making when admission professionals are provided with consistent information on the 

high school and neighborhood backgrounds of all applicants. 

2.2. The Landscape Tool 

In Figure 1, we present an example of the background information that admissions 

professionals view for applicants through Landscape. Landscape includes data on each applicant’s 

neighborhood and high school so that admission officers can view a student’s academic 



Educational Evaluation and Policy Analysis Pre-Publication Manuscript 

9 

 

accomplishment in the context of where they live and learn.2 Participating institutions provide the 

College Board with the name of the high school each applicant attended, their neighborhood of 

residence, and their college entrance exam scores. These data are then linked to publicly available 

data from the Common Core of Data and American Community Survey, as well as proprietary 

data from the College Board, National Student Clearinghouse, and Location, Inc. to populate 

school and neighborhood characteristics. 

Landscape presents admissions professionals with three types of contextual information.  

The first is background information about the applicant’s high school, including its geographic 

locale (city, urban, town, or rural), senior class size, percentage of students eligible for free or 

reduced-price lunch, average SAT scores at the colleges that students from the high school 

attended, and aggregate AP participation and performance metrics at the high school. To help 

admission professionals consider applicants’ college entrance exam scores in the context of the 

score distribution of their high school peers, Landscape also displays the test score (SAT or 

concorded ACT score)  that applicants submitted to the college and the 25th, 50th, and 75th 

percentile of SAT scores at the high school. Landscape does not rescale an applicant’s score based 

on the scores of their high school peers for admission reviewers; rather, the applicant’s own score 

and the score distribution of their high school peers are presented alongside one another to facilitate 

comparisons. However, in our empirical work, we construct three “score in context” measures that 

center each applicant’s score on the scores among their high school peers to examine whether the 

relationship between an applicant’s score in context and their probability of admission changed 

after colleges gained access to Landscape. We provide more details in Appendix A on how the 

high school-level SAT score percentiles displayed in Landscape are constructed. 
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Landscape also displays six “challenge” indicators at both the high school and 

neighborhood level that are related to educational opportunities and outcomes.3 These are: the 

predicted probability of four-year college attendance, level of educational attainment, median 

family income, household composition, housing stability, and the predicted probability of being 

the victim of a crime.4 Each of these indicators is displayed as a percentile relative to the 

distribution nationally and in the applicant’s state of residence, with 50 representing the median 

level of challenge and higher values denoting relatively more challenging neighborhood/high 

school environments. For example, a value of 75 on the median family income indicator at the 

neighborhood level means that the median family income in a given neighborhood is lower than 

75 percent of neighborhoods across the United States. The six indicators are also averaged and 

again nationally and state normed to provide admission professionals with overall measures of 

challenge at both the neighborhood and high school level. We provide more details on how the 

challenge indicators are constructed in Appendix A. 

3. EMPIRICAL ANALYSIS 

The College Board partnered with a diverse array of selective public and private, non-profit 

four-year institutions to pilot Landscape. Institutions that were already using holistic admissions 

practices and/or demonstrated a commitment to increasing the diversity of their undergraduate 

study body were invited to participate in the pilot. For feasibility purposes, the College Board also 

considered the admissions data infrastructure of colleges when determining which institutions to 

recruit. Institutions had to maintain student-level admission records dating back at least three years 

in a shareable format and retain the college entrance examination scores that applicants submitted, 

applicants’ high school of attendance and permanent address of residence at the time of 

application, and the admission decision for each applicant. Because Landscape is a web-based tool, 
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institutions that already utilized computer-based application review systems were also prioritized 

during recruitment.  

Institutions were invited to participate on a rolling basis but capped at a maximum of 43 to 

ensure participating colleges received adequate technical support. Throughout the recruitment 

period, careful consideration was given to invite institutions that spanned geography, level of 

control (i.e., public and private, non-profit status), and selectivity status (i.e., most selective, very 

selective, and selective) to examine heterogeneity in institutional usage. Nevertheless, an 

important limitation of the study is that the institutions in our sample were not randomly selected. 

Because colleges invited to participate were already using holistic review or other strategies to 

increase student diversity, it is possible that the findings would not generalize across all selective 

colleges. We discuss this question of external validity further in the concluding section. 

  Forty-three institutions across 23 states first piloted Landscape during the 2017-18 and 

2018-19 school years to admit students who enrolled in the 2018-19 and 2019-20 school years, 

respectively. Of those institutions, 15 are in New England, 18 are in the South, and 5 each are in 

the Midwest and West regions of the country. Thirteen are public four-year institutions and 30 are 

private, non-profit institutions. Lastly, the set of pilot institutions includes 23 of the most selective, 

13 highly selective, and 7 selective colleges and universities across the United States.  

3.1. Data and Sample 

The data in this study originate from two sources. We collected administrative admission 

records over four admission cycles (three preceding use of Landscape and in the first year of 

adoption) from the 43 pilot institutions. Those records include detailed information on all 

applicants, including their demographics, college entrance examination scores (SAT or concorded 

ACT score), high school attended, neighborhood census tract of their permanent residence, and 
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final admission decisions.5 At 35 of the 43 institutions, we also observe whether admitted students 

matriculated to the college. Using the high school and geographic identifiers provided in the 

admission records, we merged onto the dataset two pieces of information that Landscape users 

observe for each college applicant: 1) the neighborhood, high school, and overall levels of 

challenge, of which the latter represents the simple average of the nationally-normed neighborhood 

and high school averages, and 2) their college entrance examination score relative to the 25th 

percentile, median, and 75th percentile of SAT scores at their high school, which contextualizes an 

applicant’s test scores relative to their high school peers.  

The final analytic sample includes data on 3,791,026 college applicants spanning the 2015-

16 to 2019-20 academic years. For 3,074,903 of those applicants, we also observe their enrollment 

decision at a pilot institution.6 In Table 1, we present descriptive information on the 43 four-year 

institutions included in the study sample alongside analogous statistics for all federal financial aid-

eligible public and private, nonprofit four-year institutions and for the subset of all elite and highly 

selective institutions operating in the United States for comparative purposes. Pilot institutions are 

not representative of all public and private, non-profit four-year institutions. On average, they 

receive more applications (26,339 vs. 6,753), enroll more undergraduate students (13,675 vs. 

4,895), and yield a higher fraction of their admitted class (40.6 percent vs. 33.4 percent) annually 

compared to public and private, non-profit four-year institutions nationally. Pilot institutions are 

also much more selective than the full set of four-year institutions. For example, pilot institutions 

admit 31 percent of applicants on average compared to 67 percent of four-year colleges and 

universities nationally. The median SAT scores of enrolled students in the study sample are also 

more than 100 points higher than the average of the median across all public and private, non-

profit four-year institutions. The average admission rate, student body composition, and median 
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SAT scores of pilot institutions more closely resemble the subset of elite and highly selective four-

year colleges and universities operating in the United States. However, pilot institutions are more 

likely to be public compared to all elite and highly selective institutions (30.2 percent vs. 19.2 

percent); as a result, the average net price of pilot institutions is lower than the full set of elite and 

highly selective institutions ($22,930 vs. $27,446). On average, pilot institutions are also larger 

than the average elite or highly selective institution (13,675 vs. 7,773 undergraduates enrolled). 

The subset of pilot institutions that reported enrollment outcomes in addition to admission 

decisions are very similar to the full set of pilot colleges on all observable dimensions reported in 

Table 1. 

In Figure 2, we plot the distribution of challenge levels among all applicants in the study 

sample. A higher value indicates a higher level of challenge related to educational opportunities, 

with a value of 50 representing the median level of challenge nationally. Because our study sample 

is restricted to four-year college applicants and students from higher-resourced backgrounds are 

more likely to apply to and attend four-year institutions (Holzman, Klasik, & Baker, 2019; Hoxby 

& Avery, 2013), students from less challenging backgrounds are overrepresented in the study 

sample. The mean challenge level in the sample is 32.9, and only 11.5 percent of applicants have 

a challenge level of 70 or higher (i.e., in the top three deciles nationally). Large income-based gaps 

in applying to highly selective four-year institutions also suggest that the study sample includes a 

larger fraction of students from less challenging backgrounds relative to the full population of four-

year college applicants (Dillon & Smith, 2017).7 The skew towards applicants from less 

challenging environments implies that, even if Landscape increases the chances of admission for 

qualified applicants from more challenging backgrounds, overall compositional changes to the 

admitted and enrolled classes are expected to be modest.  
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3.2. Research Design 

We leverage the phased rollout of Landscape across pilot institutions to estimate pre-post 

changes in the underlying relationship between admission/enrollment and educational 

disadvantage. Our research design is similar to an interrupted time series (ITS) design, albeit with 

additional limitations. Whereas ITS approaches typically leverage more years of data and estimate 

slopes separately in the pre- and post-periods (Shadish, Cook, & Campbell, 2002), we are 

constrained to estimating the deviation in slope in the year of adoption from the three pre-adoption 

years because we only observe four years of data for each institution. In addition to observing more 

years of data, we would ideally observe application records for a comparable set of institutions 

that did not pilot Landscape and estimate comparative interrupted time series models that leverage 

the trends among non-adopting colleges to obtain more robust counterfactuals. Adding additional 

years of data and comparison institutions to the sample are not possible due to data limitations, 

and we therefore do not ascribe causality to our results. Rather, we offer strong correlational 

evidence of changes in admission/enrollment outcomes that coincided with the use of Landscape 

in admission decisions. Nevertheless, an attractive feature of our staggered research design is that 

we are unlikely to conflate year-specific admission shocks common across colleges (e.g., due to 

procedural changes to the Common Application or College Scholarship Service Profile) with 

effects of the tool because institutions first gained access to Landscape in different years.  

The basic intuition of our empirical analysis is to examine whether an applicant’s 

probability of admission/enrollment changed as a result of their challenge level or college entrance 

exam score in context after colleges incorporated Landscape into their admissions process. To do 

this, we estimate the slope of the relationship between the Landscape feature (i.e., challenge level 

or score in context) and the probability of admission/enrollment in each year and then compare the 
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slope in the year of adoption to the slopes in each of the previous three years. We implement this 

framework by fitting the following linear probability model to the dataset:8 

(1)     𝑌𝑖𝑗𝑦 = ∑ 𝛽𝑘𝐿𝐹𝑖
0
𝑘=−3 + 𝜔𝑗 + 𝛿𝑦 + 𝛾 𝑦

𝑘 ∗ 𝜔𝑗 + 𝑿𝒊 + 휀𝑖𝑐𝑗.  

In equation (1), 𝑌𝑖𝑗𝑦 is a measure of admission or enrollment for applicant 𝑖 to college 𝑗 in 

year 𝑦. 𝐿𝐹𝑖 is a continuous measure of either the challenge level assigned to each applicant or their 

college entrance examination score in context (operationalized as each applicant’s own score 

relative to either the 25th, 50th, or 75th percentile score among their high school peers).9 Admission 

professionals view both features simultaneously in Landscape, but we estimate models separately 

for each to examine if the chances of admission/enrollment changed to varying degrees according 

to the type of applicant background information considered. The 𝛽𝑘 terms are the main coefficients 

of interest in equation (1). They capture the relationship (slope) between the Landscape feature 

and the probability of admission/enrollment in each year relative to Landscape adoption, with 𝑘 = 

-3, -2, and -1 respectively indexing three years, two years, and one year prior to adoption, and 𝑘 = 

0 denoting the first year each college incorporated Landscape into its admissions process. To shed 

light on whether the relationship between the outcome of interest and Landscape feature held 

constant over the three years preceding Landscape adoption, we conduct F-tests of whether 𝛽−3, 

𝛽−2, and 𝛽−1 are jointly equal. Likewise, we test whether 𝛽0 is equal to the other 𝛽𝑘 terms to 

examine if the slope in the year of adoption is statistically distinguishable from the slopes in the 

pre-adoption years.  

In all estimates, we also include college (𝜔𝑗) and year (𝛿𝑦) fixed effects, which control for 

time-invariant differences in applicant profiles across institutions and secular admission trends 

common across institutions, respectively. We also interact year-relative-to-adoption dummies with 

the college fixed effects (𝛾 𝑦
𝑘 ∗ 𝜔𝑗) to allow for college-specific admission trends.10 Lastly, to 
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increase precision of the estimates and reduce bias, in some models we additionally include a 

vector of student-level covariates (𝑿𝑖) comprised of the following controls: indicators for female, 

race/ethnicity (Black, Hispanic, Asian, other, and missing), geographic locale (urban, suburban, 

town, and missing), in-state status, feeder high school status (defined as high schools that 10 or 

more applicants to a given college and year applied), early application status, and continuous 

measures of college entrance examination scores.11,12 We report standard errors, clustered by 

college, to account for the potential correlation of admission and enrollment decisions among 

applicants to the same institution. 

3.3 Threats to Validity 

Despite the staggered nature of Landscape adoption, a plausible threat to internal validity 

remains if pilot institutions gained access to Landscape and adopted other policies to increase 

student diversity in the same year. We cannot rule this out completely, as we are unable to 

document a complete list of policy changes that took effect in the year of Landscape adoption at 

each institution. However, using data from the Integrated Postsecondary Education Data System 

(IPEDS), we reviewed the admission requirements of pilot institutions over time and identified 

none that meaningfully changed their admission requirements, such as introducing a test-optional 

policy, in the year of Landscape adoption.13 We also reviewed Common Data Set reports for each 

college and found no evidence that pilot institutions made major financial aid policy changes in 

the year of adoption. To investigate the likelihood that pilot institutions altered their recruitment 

strategies in the year of adoption, we report average applicant characteristics in the study sample 

by year relative to Landscape adoption in Table 2.14 The characteristics of applicants remained 

relatively stable across all years, and differences in the year of adoption, where observed (e.g., the 

fraction of applicants that are White), appear to be the result of secular trends that pre-date 
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Landscape rather than a year-specific shock.15 In summary, although we cannot completely rule 

out the possibility of college-specific policy confounders, we find no evidence to suggest our 

results conflate pre-post changes associated with Landscape with other institutional efforts to 

increase student diversity.    

4. RESULTS 

4.1. Graphical Evidence 

We begin our presentation of results with an event study plot of the probability of 

admission by year and challenge level tercile in Figure 3. To account for the fact that the overall 

admission rate was decreasing on average across pilot institutions over the observed period, we 

plot the admission rate of each tercile relative to the overall admission rate in each year. Figure 3 

therefore shows that applicants from low-challenge (i.e., bottom-tercile) backgrounds were more 

likely to be admitted on average in each year, while high-challenge (i.e., top-tercile) backgrounds 

were less likely be admitted. The size of the vertical gap between the relative admission rates of 

bottom- and top-tercile applicants is of primary interest in Figure 3. The gap narrowed over the 

three pre-adoption years, but only very slightly, from 11.2 percentage points three years before 

adoption to 10.3 percentage points in the year before institutions gained access to the tool. By 

comparison, we observe a more dramatic narrowing of the gap to 8.2 percentage points in the first 

year of adoption.16 The results in Figure 3 therefore suggest that pilot institutions were already 

taking steps to increase the diversity of their admitted class before gaining access to Landscape, 

but Landscape enabled institutions to accelerate their progress. 

We now turn to the results from estimation of equation (1), which accounts for college-

specific trends that pre-date Landscape adoption. The results reinforce those from the event study 

plots in Figure 3. In Figure 4, we plot the estimated relationship between the probability of 
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admission and challenge level in the three years before pilot institutions used Landscape and in 

the tool’s first year of adoption. Only a single pre-adoption line is shown in Figure 4, rather than 

a line for each pre-adoption year, because the slope of the lines in each of the three years prior to 

adoption are identical. This provides suggestive evidence that the chances of admission at each 

challenge level would have remained the same in the absence of Landscape. To capture the fact 

that applicants from more challenging environments were less likely to be admitted on average, 

the slope of the pre-adoption line is estimated from a version of equation (1) that excludes student-

level covariates. However, we depict the deviation in slope in the year of adoption using the model 

that controls for student characteristics, as those estimates are free of bias due to observable 

changes in applicant profiles over time. The slope of the blue line in Figure 4 is considerably flatter 

than the gray lines. On average, incorporating Landscape into their admissions processes appears 

to have helped pilot institutions mitigate the admissions penalty for applicants from more 

challenging backgrounds and lower the chances of admission slightly for applicants from the least 

challenging backgrounds.17  

4.2. Regression Estimates of Pre-Post Changes in Admission Probabilities 

In Table 3, we report the magnitude and statistical significance of the estimated relationship 

between admission and applicant challenge level by year relative to tool adoption. The first two 

columns report estimates from models that assign equal weight to each applicant in the sample. 

Because the size of the applicant pool varies considerably across pilot institutions (𝜎 = 16,799), 

the student-weighted estimates implicitly weight larger institutions more heavily. Columns three 

and four of Table 3 report estimates from models that assign equal weight to each college in the 

sample by weighting each student in the data by the inverse of the college applicant pool (i.e., 
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𝑤𝑖 = 1/𝑁𝑗). This approach assigns more (less) weight to applicants to smaller (larger) colleges so 

that each institution contributes equally to the model estimates.  

The estimates in column 1, which include college fixed effects and control for college-

specific admission trends but exclude the student-level covariates, show that the probability of 

admission decreased by 2.1 percentage points per 10-percentile point increment in challenge level 

three years before colleges first used Landscape. This negative relationship is explained by the fact 

that students from more challenging backgrounds are less academically prepared on average. In 

column 2, we show that controlling for applicant characteristics yields a positive relationship 

between the probability of admission and challenge level. All else equal, a 10-percentile point 

increment in challenge level is associated with a 0.8 percentage point increase in the probability 

of admission. This suggests that even before pilot institutions gained access to Landscape, their 

holistic admissions practices factored student background into admission decisions. Students from 

more challenging backgrounds were slightly more likely to gain admission than students with 

equivalent academic qualifications from less challenging backgrounds. 

Table 3 also provides evidence that the underlying relationship between the probability of 

admission and challenge level remained unchanged in the three years before colleges used 

Landscape. In each column, the parameter estimates in the three years preceding Landscape 

adoption (i.e., y-3, y-2, and y-1) are nearly identical and we fail to reject from joint F-tests that the 

slopes are equal in the three preceding years (the corresponding p-values range from 0.166-0.993 

across the four models in Table 3).  

By comparison, we estimate a substantively and statistically significant deviation from 

trend in the year of adoption across all models. In the student-weighted specification with full 

controls, a 10-percentile point increase in challenge level in the year of adoption is associated with 
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a 1.3 percentage point increase in the probability of admission, as compared to a 0.8 percentage 

point increase in the three previous years, and we reject that the slopes are equal (joint F-test p-

value = 0.019). This difference in slope (0.5 percentage points) implies that an applicant from the 

most challenging background experienced a 5-percentage point increase in the probability of 

admission in the year of adoption relative to an otherwise similar student who applied the previous 

year. Given that pilot institutions are quite selective and admitted only 30.9 percent of applicants 

on average, a 5-percentage point boost to the chances of admission for academically qualified 

applicants from high-challenge backgrounds is not trivial. In fact, the increase in admissions 

chances for applicants from top-challenge backgrounds is equivalent to providing them with a 42-

point SAT bonus, which represents approximately one-quarter of the SAT bonus for students from 

low-income families that would be required to eradicate income-based enrollment disparities 

across the U.S. higher education system (Chetty et al., 2020).18 Furthermore, we estimate 

deviations in slope in the year of adoption of similar magnitude in the college-weighted 

specification (ranging from 0.3-0.5 percentage points per 10-percentile point increment in 

challenge level), which indicates that the pre-post change in the relationship between admission 

chances and challenge level is not driven by a small set of institutions with large applicant pools. 

In Appendix Table B1, we further show that the relationship between admission chances and 

challenge level increased further in Landscape’s second year of use at institutions that first piloted 

the tool in 2017. Taken together, the results provide strong evidence that the adoption of Landscape 

is associated with increased chances of admission to many pilot institutions for applicants from 

more challenging backgrounds.19  

Still, despite the greater chances of admission for those applicants, access to Landscape 

only changed the overall composition of admitted students at pilot institutions on the margin. 
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Recall that across all four years, most applicants to pilot institutions were from low-challenge 

environments. In the year of adoption, pilot institutions received 14,322 applications on average 

from applicants in the bottom challenge tercile versus 3,346 applications on average from 

applicants in the top challenge tercile. As a result, our estimates imply that the number of admits 

from the bottom tercile decreased by 118 students, from 4,970 to 4,852 (2.4 percent decrease), and 

the number of admits from the top tercile increased by 73 students, from 837 to 910 (8.7% 

increase), on average in the year of adoption.20   

In Table 4 and Appendix Figure B4, we report estimated changes to the probability of 

admission as a function of college entrance examination scores relative to the scores of their high 

school peers. The results indicate that admissions officers were already considering applicants’ 

scores in context when making admission decisions before they had access to Landscape. On 

average, students with an SAT score 100 points above the median score of their high school peers 

were 2-3 percentage points more likely to receive an offer of admission in the years before the 

adoption of Landscape. In contrast to the observed change in the underlying relationship between 

admission chances and challenge level, we find no evidence that Landscape is associated with a 

change in the probability of admission for applicants with high test scores relative to their high 

school classmates. Across all models and definitions of high-scoring students (i.e., students with 

scores above the 25th percentile, median, or 75th percentile of their peers), the slope in the year of 

adoption is within 0.1 percentage point of the slope in all prior years and we fail to reject that the 

slopes across all years are equal. In Appendix Table B3, we further show evidence of null 

admission changes with respect to the scores in context feature of Landscape among the subset of 

institutions where the admission estimates as a function of challenge level are largest.  
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The results in Table 4 and Appendix Figure B4 do not suggest that admissions 

professionals are not considering scores in context when making admission decisions, as the slopes 

are positive and statistically significant in all years. The results instead suggest that the scores in 

context feature of Landscape reinforces information admissions professionals already consider 

when reviewing applicant qualifications. As discussed above, many admissions officers already 

have access to high school-level data on test scores through school profile sheets, whereas most, 

if not all, profile sheets do not contain explicit information analogous to the challenge measures 

displayed in Landscape. The scores in context feature of Landscape may save admission readers 

valuable time by standardizing information that is otherwise accessible via distributed school 

profile sheets and online counselor resources. However, the information in Landscape appears to 

corroborate information that reviewers previously relied upon to make admission decisions. 

4.3. Heterogeneity of Pre-Post Changes to Admission Probabilities 

We now turn to the results of examining variation in pre-post admission estimates across 

students and institutions. We hypothesized prior to analyzing the data that Landscape might be 

associated with larger changes for certain types of students and colleges. In Table 5, we examine 

whether the estimates are larger for students on the margin of gaining admission, which we posited 

would be true if Landscape is most informative for applicants whose academic qualifications did 

not ensure acceptance or rejection. For this analysis, we developed college-specific admission 

prediction models using all available student background information in the three pre-adoption 

years.21 We then assigned a predicted probability of admission to each student in the data and 

defined marginal students as those with predicted values that fell within one decile of the admission 

rate at each college and year. The results in columns 1 and 2 of Table 5 do not support our 
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hypothesis. The estimated differences in slope in the year of adoption versus the previous three 

years (0.3-0.4 percentage points) are nearly identical across the bubble and non-bubble subgroups.  

In columns 3 and 4 of Table 5 we also report estimates separately for underrepresented 

minority (i.e., non-White and non-Asian) applicants and White/Asian applicants. Because none of 

the challenge information in Landscape is derived from race-based measures, we hypothesized 

that pre-post changes in the relationship between admission and challenge level would be similar 

for qualified applicants from high-challenge environments across both groups. The pre-adoption 

relationship between challenge level and the probability of admission for URM applicants, at 0.6 

percentage points per 10-percentile point increment in challenge level, is one-half the magnitude 

of the pre-adoption relationship for non-URM applicants. As a result, and because the slopes are 

estimated less precisely in the smaller URM sample, the point estimates are not significant in the 

URM sample. However, the magnitude of the estimated differences in slope in the year of adoption 

versus the previous three years (once again, 0.3-0.4 percentage points) are nearly identical across 

the URM and non-URM subgroups. We therefore conclude that pre-post changes did not vary by 

underrepresented minority status. In Appendix Table B4 we report admission estimates separately 

for Asian, Black, Latinx, White, and applicants of “Other” races. Those results indicate that pre-

post admission changes are concentrated among White and Latinx students and are similar in 

magnitude across the two groups.22,23 Because the pre-post changes in admission chances as a 

function of challenge level are similar across URM and non-URM students (perhaps because 

Landscape presents only race-free measures), and also due to the fact that most applicants to pilot 

institutions are White or Asian, we find no evidence that Landscape is associated with changes in 

the overall racial diversity of the admitted class at pilot institutions.24  
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We also expected to observe considerable heterogeneity across colleges because pilot 

institutions used Landscape in different ways during the admission process. For example, some 

institutions reported using the tool as part of reviewing most applications, while others only used 

Landscape to acquire additional background information on specific applicants (e.g., “bubble” or 

out-of-state applicants). We hypothesized that pre-post changes in admission decisions would be 

larger at institutions that receive more applicants since high application volume makes it harder 

for admission officers to be equally familiar with student backgrounds across the applicant pool 

and to collect that information on their own. We also expected the pre-post changes to be larger at 

relatively less selective institutions since elite institutions have focused on increasing 

socioeconomic diversity for years and typically have the most resources to spend on student 

recruitment efforts (Bruni, 2016; Giancola & Kahlenberg, 2016).  

In Figure 5, we plot the admission estimates for each college (expressed as the deviation 

in slope of the relationship between challenge level and admission probability in the first year of 

Landscape use relative to the previous year). We also color-coded institutions into terciles based 

on the average number of applications they receive per year.25 Colleges with point estimates 

statistically distinguishable from zero are denoted by solid-filled circles in the figure, and those 

with non-statistically significant estimates are represented by hollow circles. Three results emerge 

in the figure. First, the estimated pre-post change is positive and statistically significant at 23 of 

the 43 institutions, while the estimate is negative or not distinguishable from zero at 20 institutions. 

Second, the magnitude of the estimate lies within +/- one percentage point per 10-percentile point 

increment in challenge level across most institutions, but at six colleges (four of which are public), 

the pre-post change is larger, on the order of 2-4 percentage points per 10-percentile point 

increment in challenge level. Third, although the estimates vary across similar-sized colleges, they 
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are larger on average at institutions that receive more applications per year. This last result is 

consistent with the findings we posited: colleges with larger applicant pools that practice holistic 

review need more support to consider applicants in the context of their neighborhoods and high 

schools. 

In Table 6, we contextualize the heterogeneity of results by applicant pool size further. We 

find no evidence in column 1 that Landscape is associated with changes in the probability of 

admission as a function of challenge level for bottom tercile institutions in aggregate (i.e., 

institutions receiving fewer than 12,500 applications per year on average). By comparison, in 

columns 2 and 3, we show that the chances of admission increased by approximately 0.5 

percentage points per 10-percentile point increment in challenge level among applicants to middle- 

and top-tercile colleges in the year of Landscape of adoption. 

Figure 6 is formatted like Figure 5 and plots the variation in pre-post admission changes 

by institutional selectivity, using Barron’s selectivity rankings to categorize pilot institutions into 

one of three groups: elite (i.e., most selective), highly selective, and selective colleges. Consistent 

with the notion that elite institutions were already investing considerably in efforts to increase 

campus diversity and have the resources to systematically collect data on applicants’ high schools 

and environments, most of the estimates among elite colleges are negative or near zero. By 

comparison, we estimate positive changes in admission probabilities for applicants from more 

challenging backgrounds across most highly selective and selective institutions in the study 

sample. In Table 7, we further examine the heterogeneity of results by institutional selectivity. We 

find no evidence in column 1 that the probability of admission changed as a function of challenge 

level in the year of Landscape adoption at elite institutions. In contrast, we estimate significant 

slope deviations in the year of adoption at highly selective and selective institutions (the associated 
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joint F-test p-values are 0.039 and 0.015, respectively), which indicates that the pre-post change 

in admission chances is inversely related to institutional selectivity among the set of pilot 

institutions in this study. 

4.4. Estimates of Pre-Post Changes in Enrollment Probabilities 

We now turn to the results of whether qualified students from high-challenge backgrounds 

were more likely to enroll at pilot institutions after colleges gained access to Landscape. In Figure 

7, which is formatted identically to Figure 4, we plot the estimated relationship between challenge 

level and the probability of enrollment over the four years of data for applicants to the 35 pilot 

institutions that reported on student enrollment decisions. Table 8 reports the coefficient estimates 

associated with Figure 7. In columns 1-2 of Table 8, we show that the estimated pre-post change 

in admission chances in the subsample with enrollment outcomes is similar to the full sample 

overall, although the magnitude of the estimate is slightly attenuated in the enrollment-conditioned 

sample (the deviation in slope is 0.003-0.004 in the enrollment-conditioned sample vs. 0.005 in 

the full sample).  

Unlike the results on the admission margin, we find no evidence, on average, that 

Landscape is associated with changes in the probability of enrollment in the aggregate for 

applicants from high challenge backgrounds. The slope of the blue line in Figure 7 is nearly 

identical to the slopes in the previous three years, and in column 3 of Table 8, we fail to reject that 

the coefficient in the year of adoption is equal to the coefficients in the previous three years (joint 

F-test p-value = 0.458).26 Column 4 shows that the yield rate in the year of Landscape adoption 

decreased on average by 0.4-0.6 percentage points per 10-percentile point increment in challenge 

level because the probability of admission increased for students from higher challenge 

backgrounds, but the probability of enrollment held constant. This suggests that the additional high 
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challenge students who were admitted in the year of Landscape adoption were less likely to enroll 

than high challenge students who were admitted in the absence of the tool. 

However, as shown in Figure 8, focusing on average pre-post enrollment changes conceals 

variation across colleges. We estimate slightly negative or null enrollment changes across 26 of 

the 35 institutions in the sample, but at nine colleges the pre-post enrollment estimates are positive 

and statistically significant at the p < 0.05 level. At those institutions, the estimates imply that the 

probability of enrollment for applicants from the most challenging backgrounds increased by 4-10 

percentage points in the year of Landscape adoption. All nine of the colleges with positive and 

significant enrollment estimates are private or public flagship institutions, and only one falls into 

the least selective category of institutions in the sample. Notably, only four of those institutions 

are among the set of colleges with the largest admission estimates, which indicates that the 

magnitude of the enrollment change across colleges is not necessarily a mechanical function of the 

change in admission chances. In other words, the evidence suggests that some colleges were either 

better positioned to yield students on the margin of enrolling (potentially due to their underlying 

attractiveness unrelated to Landscape), more successful at identifying and accepting marginal 

students likely to matriculate, used Landscape in particular ways to incentivize matriculation, or 

combined Landscape with other institutional policies to do the same.  

To investigate whether the pre-post enrollment changes varied by institutional 

attractiveness, we grouped colleges in the enrollment sample into quartiles based on their pre-

adoption yield rates.27 If the heterogeneity is explained in part by underlying differences in 

institutional attractiveness, the estimates should be largest among colleges with the highest yield 

rates. To the contrary, in Appendix Table B5 we show that the magnitudes of the enrollment 

estimates are very small across all four quartiles of institutions and do not vary meaningfully as a 
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function of the yield rate. These results provide evidence that the subset of colleges with positive 

pre-post enrollment changes did not simply rely on their strong reputations to enroll more students 

from high-challenge backgrounds; rather, it appears they engaged in specific actions to yield more 

students from a diverse set of backgrounds.  

Survey responses from institutional leaders suggest that using Landscape to inform 

scholarship decisions may partly explain the positive enrollment changes observed at the nine 

colleges. Responses were collected from seven of the nine institutions with positive and significant 

enrollment estimates, and all but one reported using Landscape during scholarship review. By 

comparison, only six of the 26 institutions with negative or null enrollment estimates reported 

using Landscape to inform financial aid offers to admitted students.  

We also examined whether distance from home to college deterred marginal admits from 

matriculating, given that students from more challenging environments may experience higher real 

or perceived relocation costs and be inclined to attend college close to home (Wozniak, 2018). In 

Appendix Table B6, we disaggregate the enrollment results by quintile of applicants’ distance from 

home to college. The magnitude of the estimated slope deviations in the year of adoption are 

similar across quintiles, and we find no evidence of enrollment changes in the year of adoption, 

even among students who lived closest to the pilot institutions. The results therefore run counter 

to our hypothesis that distance moderated the likelihood of enrollment among students from more 

challenging backgrounds.  

5. CONCLUSION 

We provide the first evidence of changes to high-stakes admission and enrollment 

decisions when college admissions professionals are provided with standardized high school and 

neighborhood background information on all applicants during the admissions process. The 
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findings in this study reveal that selective colleges using holistic review in their admissions 

processes consider information about an applicant’s educational opportunities and incorporate it 

into their admissions decisions. This was true even before the rollout of Landscape, as evidenced 

by the positive relationship between challenge level/scores in context and the probability of 

admission before the use of Landscape in models that control for student background 

characteristics and academic qualifications. Our results therefore corroborate that holistic review 

helps selective institutions admit an incoming class with a wide range of educational opportunities.  

However, our findings also suggest that the lack of consistent background information on 

all applicants limits the efficacy of holistic review. We find that students from more challenging 

backgrounds were more likely to be admitted when colleges gained access to standardized 

information on educational disadvantage for all applicants via Landscape. Nevertheless, the 

implications for student welfare are unclear because, unlike the positive estimate on admissions in 

the aggregate, we do not find that Landscape altered the probability of enrollment in the aggregate 

for applicants from more challenging backgrounds.  

A natural question is what factors prevented the additional students who gained admission 

in the year of tool adoption from attending pilot institutions. One possibility is that many of the 

additional students from high-challenge backgrounds admitted after colleges used Landscape were 

first waitlisted and chose to attend a different institution to which they were directly admitted. 

Unfortunately, we are unable to investigate the plausibility of this explanation due to missingness 

in the reporting of applicants’ waitlisted status across colleges and over time. However, the fact 

that positive enrollment changes are concentrated among institutions that tied Landscape to 

financial aid offers suggests another potential mechanism. This pattern may have emerged because 

attendance costs at selective institutions are high. The typical sampled college offers generous 
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institutional grant aid to low-income students, yet costs for such students might still be prohibitive. 

In the 2018-19 school year, the average net price for students from families with income between 

$30,001 and $48,000 was $12,456 at the nine institutions with positive enrollment changes, which 

is equivalent to 28 percent of average family income of $44,838 among students in the top 

challenge decile. Furthermore, in 2018-19, institutions with positive enrollment estimates awarded 

$21,348 in institutional grant aid to scholarship recipients on average. Tying Landscape to aid 

decisions may therefore be critical to yielding marginal admits from high-challenge backgrounds. 

More broadly, our results suggest that financial barriers may prevent students from historically 

marginalized groups from attending selective colleges, even if they are academically qualified and 

gain admission. Complementary policies that make attendance at selective colleges more 

affordable are likely needed to convince admitted students from more challenging backgrounds to 

attend. 

The impact of Landscape on student welfare also remains ambiguous because of another 

limitation of this study: we do not observe the full set of colleges to which students applied, nor 

whether and where non-matriculating students attended. If selective colleges compete for the same 

qualified students from high-challenge backgrounds, it is possible that Landscape helped pilot 

institutions admit a more diverse class, but the average selectivity of colleges to which a student 

was admitted remained unchanged. Alternatively, Landscape may have increased the total number 

of selective institutions to which students were admitted and thereby enabled them to negotiate 

more generous aid packages at pilot and non-pilot institutions. In this scenario, Landscape may 

have benefited students who were admitted to pilot institutions, even when they chose not to attend. 

Further research is needed to understand how tools like Landscape, and holistic review more 

broadly, influence college student outcomes. 
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In summary, our results offer strong suggestive evidence that providing consistent 

information on the background of applicants can reduce opportunity-based inequities in selective 

college admissions. At the same time, we caution that the findings in this study are only likely to 

generalize to institutions that have invested in prior and complementary efforts to diversify. It is 

unlikely that the tool would impact admission decisions at institutions that have not made the 

amelioration of opportunity-based admission inequities and expansion of student diversity 

organizational priorities.  

Furthermore, it remains unclear whether the findings in this study generalize to other 

institutions that were eligible for, but not chosen to pilot Landscape in the first two years. It is 

possible that our findings overstate the value of standardizing background information on all 

applicants if, as early adopters, the institutions in our sample were unusually motivated to 

incorporate Landscape into their admission practices. We cannot rule out this possibility 

completely, but we think it is unlikely for several reasons. First, though the College Board only 

considered institutions that used holistic review or other recruiting practices to address 

opportunity-based admission inequities during the institutional selection process, it did not make 

intensity of use a criterion. We also find no evidence that admission decisions changed more 

among institutions that first piloted Landscape in year one versus two.  

Based on this study’s findings, we hypothesize that Landscape may be associated with even 

larger changes in admission decisions among institutions that began using the tool after the pilot 

period. Landscape is currently being used by nearly 200 selective institutions that are committed 

to achieving greater student diversity, and many of the recent adopters are larger and relatively 

less selective institutions. The admission changes in this study are concentrated among those types 
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of colleges, which suggests the equity gains in college admissions may be at least as large across 

the broader set of Landscape users.  

However, while informational tools like Landscape can help level the admissions playing 

field on the margin, the underrepresentation of racial minorities and low-income students at 

selective colleges will remain stark so long as they represent a small share of the applicant pool. 

Indeed, our findings suggest that more effective recruitment efforts are the cornerstone to shifting 

the overall racial and socioeconomic composition of admitted students. Tools like Landscape can 

help admission officers identify qualified students who would diversify their campus only after 

they have applied; they have no influence over diversifying the pool of applicants, which continues 

to be dominated by students from low-challenge backgrounds at most selective colleges. 

Consistent with prior simulation work that finds minimal gains in racial diversity achieved through 

socioeconomic-based admissions practices (Reardon et al., 2018), the findings in this study also 

suggest that tools like Landscape, which contain no information on student race/ethnicity, are not 

substitutes for race-based admission practices. Finally, as the findings in this study reveal, 

diversifying the admitted class also does not necessarily guarantee greater diversity among 

enrolled students. The efficacy of tools like Landscape to increase socioeconomic diversity at 

selective colleges also hinges on addressing matriculation barriers that extend beyond gaining 

admission. 
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FIGURES AND TABLES 

Figure 1. Illustration of the Landscape tool 
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Figure 2. Distribution of challenge levels among all applicants and students admitted to pilot 

institutions in the study sample 

 
Note: Distributions are plotted from data pooled across four years: three years before and in the first year of 

Landscape adoption. 

Source: Application records from pilot institutions matched to College Board Landscape data. 
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Figure 3. Event study plot of the probability of admission by challenge level and year relative to 

Landscape adoption 

 
Note: The probabilities of admission for each challenge level are reported relative to the overall admission rate in each 

year to account for the fact that admission rates were declining on average across pilot institutions over the observed 

four-year period. 
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Figure 4. Estimated probabilities of admission by overall challenge level and year relative to 

Landscape adoption 

 
Note: One pre-adoption line is presented, rather than a line for each pre-adoption year, because the slope of the lines 

in each of the three years prior to adoption are identical. The pre-adoption line is estimated from a linear probability 

model that includes college fixed effects, year fixed effects, and the interaction of college and year-relative-to-

Landscape-adoption fixed effects. The deviation in slope in the year of adoption is estimated from a model that also 

includes the following student-level controls: indicators for sex, race, geographic locale, in-state status, feeder high 

school status (defined as high schools that 10 or more applicants to a given college and year applied), and early 

application status, and continuous measures of SAT or concorded ACT exam scores. 

Source: Application records from pilot institutions matched to College Board Landscape data. 
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Figure 5. Heterogeneity of pre-post admission changes across institutions by tercile of applicant 

pool size 

 

 
Note: The pre-post change in admissions for each college is expressed as the deviation in slope of the relationship 

between challenge level and admission probability in the first year of Landscape use relative to the previous year. 

Point estimates significant at p < 0.05 are denoted by solid-filled circles; estimates not significant at p <0.05 are 

denoted by hollow circles. Results are estimated from a linear probability model that includes college fixed effects, 

year fixed effects, the interaction of college and year-relative-to-Landscape-adoption fixed effects, and the following 

student-level controls: indicators for sex, race, geographic locale, in-state status, feeder high school status (defined as 

high schools that 10 or more applicants to a given college and year applied), and early application status, and 

continuous measures of SAT or concorded ACT exam scores. The upper bounds of the bottom and middle terciles of 

applicant pool size are 12,532 and 25,978, respectively. 

Source: Application records from pilot institutions matched to College Board Landscape data. 
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Figure 6. Heterogeneity of pre-post admission changes across institutions by institutional 

selectivity 

 

 
Note: The pre-post change in admissions for each college is expressed as the deviation in slope of the relationship 

between challenge level and admission probability in the first year of Landscape use relative to the previous year. 

Point estimates significant at p < 0.05 are denoted by solid-filled circles; estimates not significant at p <0.05 are 

denoted by hollow circles. Results are estimated from a linear probability model that includes college fixed effects, 

year fixed effects, the interaction of college and year-relative-to-Landscape-adoption fixed effects, and the following 

student-level controls: indicators for sex, race, geographic locale, in-state status, feeder high school status (defined as 

high schools that 10 or more applicants to a given college and year applied), and early application status, and 

continuous measures of SAT or concorded ACT exam scores. Elite institutions are categorized by Barron's Profiles 

of American Colleges as Tier 1 institutions. Highly Selective institutions are categorized by Barron's as Tier 2 

institutions. Selective institutions are categorized by Barron's as Tier 3-5 institutions. 

Source: Application records from pilot institutions matched to College Board Landscape data. 
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Figure 7. Estimated probabilities of enrollment by overall challenge level and year relative to 

Landscape adoption 

 
Note: All lines are estimated from linear probability models that include college fixed effects, year fixed effects, and 

the interaction of college and year-relative-to-Landscape-adoption fixed effects. The deviations in slope from the 

“three years prior” line are estimated from models that also include the following student-level controls: indicators for 

sex, race, geographic locale, in-state status, feeder high school status (defined as high schools that 10 or more 

applicants to a given college and year applied), and early application status, and continuous measures of SAT or 

concorded ACT exam scores. 

Source: Application records from pilot institutions matched to College Board Landscape data. 

 

 

 

 

 

 

 

 

 

 

 

 



Educational Evaluation and Policy Analysis Pre-Publication Manuscript 

43 

 

Figure 8. Heterogeneity of pre-post enrollment changes across institutions 

 
Note: The pre-post change in enrollment for each college is expressed as the deviation in slope of the relationship 

between challenge level and admission probability in the first year of Landscape use relative to the previous year. 

Point estimates significant at p < 0.05 are denoted by solid-filled circles; estimates not significant at p <0.05 are 

denoted by hollow circles. Results are estimated from a linear probability model that includes college fixed effects, 

year fixed effects, the interaction of college and year-relative-to-Landscape-adoption fixed effects, and the following 

student-level controls: indicators for sex, race, geographic locale, in-state status, feeder high school status (defined as 

high schools that 10 or more applicants to a given college and year applied), and early application status, and 

continuous measures of SAT or concorded ACT exam scores.  
Source: Application records from pilot institutions matched to College Board Landscape data. 
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Table 1. Summary statistics of all Title-IV-eligible public and private, non-profit four-year institutions and the 

subset of pilot colleges 

  (1) (2) (3) (4) (5) (6) (7) (8) 

  

All Institutions in 

United States 

(N = 2,097) 

All Elite or 

Highly Selective 

Institutions 

(N = 182) 

All Pilot  

Institutions 

(N = 43) 

Pilots Reporting 

Enrollment 

Decisions 

(N = 35) 

  Mean SD Mean SD Mean SD Mean SD 

Public Institution 0.355   0.192   0.302   0.314   

Number of Applicants 6,753 11,027 19,077 20,585 26,339 16,799 26,238 16,831 

Admission Rate 0.670   0.389   0.309   0.307   

Yield Rate 0.334   0.326   0.406   0.407   

Number of Undergraduates 4,895 7,914 7,773 9,935 13,675 14,106 13,492 14,093 

Percent Female 0.557   0.537   0.529   0.530   

Percent URM 0.343   0.307   0.339   0.324   

Percent Receiving Pell Grant 0.434   0.188   0.190   0.183   

Percent In-State 0.674   0.370   0.395   0.396   

Average Net Price $19,085 $8,647 $27,446 $8,505 $22,930 $7,610 $22,856 $6,929 

Median SAT EBRW Score 566 61 674 40 684 45 685 44 

Median SAT Math Score 560 70 692 52 705 60 706 56 

Elite 0.037   0.429   0.535   0.514   

Highly Selective 0.050   0.571   0.302   0.343   

Selective 0.548   -   0.163   0.143   

Non-Selective 0.365   -   0.000   0.000   

Notes: URM = under-represented minority and is defined as non-White and non-Asian students. EBRW = evidence-based 

reading and writing. Elite institutions are categorized by Barron's Profiles of American Colleges as Tier 1 institutions. 

Highly Selective institutions are categorized by Barron's as Tier 2 institutions. Selective institutions are categorized by 

Barron's as Tier 3-5 institutions. Non-selective institutions comprise all other colleges and universities. 

Source: 2017-18 Integrated Postsecondary Education Data System (IPEDS). 



Educational Evaluation and Policy Analysis Pre-Publication Manuscript 

 

 

 

Table 2. Average applicant characteristics at pilot institutions, by year relative to Landscape 

adoption 

  (1) (2) (3) (4) 

  Year Relative to Landscape Adoption 

  

Three 

Years 

Prior 

Two 

Years 

Prior 

One Year 

Prior 

Year of 

Adoption 

Female 0.538 0.541 0.542 0.531 

White 0.445 0.433 0.414 0.398 

Black 0.082 0.081 0.080 0.079 

Latinx 0.137 0.143 0.146 0.140 

Asian 0.156 0.159 0.160 0.159 

Other Race 0.180 0.184 0.200 0.224 

Early Decision Applicant 0.233 0.263 0.278 0.332 

In-state Applicant 0.390 0.389 0.379 0.371 

Distance from Home to College (miles) 650 649 663 679 

Rural 0.107 0.107 0.109 0.110 

Urban 0.359 0.360 0.361 0.360 

Suburban 0.498 0.497 0.494 0.494 

Town 0.036 0.036 0.036 0.036 

SAT Score 1341 1340 1341 1349 

Challenge Level 32.9 32.7 33.3 33.5 

Sources: Application records from pilot institutions matched to College Board administrative data. 
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Table 3. Estimated change in the probability of admission per 10-percentile point increment in 

challenge level, by year relative to Landscape adoption 

  (1) (2) (3) (4) 

  Student-weighted College-weighted 

Challenge level in y-3  -0.021*** 0.008* -0.027*** 0.004 

  (0.004) (0.004) (0.004) (0.003) 

Challenge level in y-2 -0.021*** 0.008* -0.026*** 0.004 

  (0.004) (0.003) (0.004) (0.003) 

Challenge level in y-1 -0.020*** 0.008* -0.025*** 0.004 

  (0.004) (0.004) (0.004) (0.003) 

Challenge level in year of adoption -0.015*** 0.013** -0.022*** 0.007* 

  (0.004) (0.004) (0.004) (0.003) 

          

P-value of joint F-test: Slopes in prior         

years are equal 0.307  0.991  0.166  0.993  

          

P-value of joint F-test: Slope in year of          

adoption = slopes in prior years <0.001 0.019 0.001 0.163 

          

Student-level covariates N Y N Y 

Number of applicants 3,791,026 3,791,026 

Number of institutions 43 43 

*** p < 0.001, ** p < 0.01, * p < 0.05         

Note: Columns 1-2 assign equal weight to each student in the sample. Columns 3-4 assign equal weight to each 

institution in the sample. All coefficients are estimated from linear probability models that include college fixed 

effects, year (relative to Landscape adoption) fixed effects, and their interaction. Models with student-level covariates 

include the following additional controls: sex, race, geographic locale, in-state status, feeder high school status, and 

early application status dummy variables, and continuous measures of SAT or concorded ACT exam scores. Standard 

errors, clustered by institution, are reported in parentheses. 

Sources: Application records from pilot institutions matched to College Board administrative data. 
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Table 4. Estimated change in the probability of admission per 10-point increment in SAT score 

relative to the 25th, median, and 75th percentile score of SAT takers at applicants' high school, 

by year relative to Landscape adoption 

  (1) (2) (3) 

  

SAT score 

relative to 25th 

percentile score 

SAT score 

relative to 50th 

percentile score 

SAT score 

relative to 75th 

percentile score 

SAT score in y-3  0.002** 0.003** 0.003** 

  (0.001) (0.001) (0.001) 

SAT score in y-2 0.002** 0.003** 0.003*** 

  (0.001) (0.001) (0.001) 

SAT score in y-1 0.002* 0.002** 0.003** 

  (0.001) (0.001) (0.001) 

SAT score in year of adoption 0.002** 0.003** 0.003** 

  (0.001) (0.001) (0.001) 

        

P-value of joint F-test: Slopes in prior       

years are equal 0.382  0.364  0.336  

        

P-value of joint F-test: Slope in year of        

adoption = slopes in prior years 0.559 0.548 0.513 

        

Number of applicants 3,329,279 

Number of institutions 43 

*** p < 0.001, ** p < 0.01, * p < 0.05 

Note: All estimates are from student-weighted linear probability models that include college fixed effects, year 

(relative to Landscape adoption) fixed effects, and their interaction, and the following student-level controls: sex, 

race, geographic locale, in-state status, feeder high school status, and early application status dummy variables, and 

continuous measures of SAT or concorded ACT exam scores. Standard errors, clustered by institution, are reported 

in parentheses. 

Sources: Application records from pilot institutions matched to College Board administrative data. 
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Table 5. Estimated change in the probability of admission per 10-percentile point increment in 

challenge level, by year relative to Landscape adoption, bubble applicant, and under-

represented minority status 

  (1) (2) (3) (4) 

  Bubble 

Non-

Bubble URM 

Non-

URM 

Challenge level in y-3  0.012 0.008* 0.006 0.013** 

  (0.007) (0.003) (0.006) (0.004) 

Challenge level in y-2 0.013* 0.008* 0.006 0.013** 

  (0.006) (0.003) (0.006) (0.004) 

Challenge level in y-1 0.010 0.008* 0.006 0.012** 

  (0.006) (0.003) (0.006) (0.004) 

Challenge level in year of adoption 0.016* 0.012** 0.009 0.016** 

  (0.007) (0.004) (0.006) (0.005) 

          

P-value of joint F-test: Slopes in prior         

years are equal 0.482  0.931  0.783  0.939  

          

P-value of joint F-test: Slope in year of          

adoption = slopes in prior years 0.378 0.027 0.256 0.166 

          

Number of applicants 735,303 3,055,723 957,193 1,536,770 

Number of institutions 43 43 31 31 

*** p < 0.001, ** p < 0.01, * p < 0.05         

Note: Bubble applicants are students with predicted probabilities of admission within one decile of the admit rate 

at each college and year. Predicted probabilities of admission were estimated from college-specific regression 

models using the same student-level covariates and application records in pre-adoption years. URM = non-White 

and non-Asian students. All estimates are from student-weighted linear probability models that include college 

fixed effects, year (relative to Landscape adoption) fixed effects, and their interaction, and the following student-

level controls: sex, race, geographic locale, in-state status, feeder high school status, and early application status 

dummy variables, and continuous measures of SAT or concorded ACT exam scores. Standard errors, clustered by 

institution, are reported in parentheses. 

Sources: Application records from pilot institutions matched to College Board administrative data. 
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Table 6. Estimated change in the probability of admission per 10-

percentile point increment in challenge level, by year relative to 

Landscape adoption and tercile of applicant pool size 

  (1) (2) (3) 

  

Bottom 

Tercile 

Middle 

Tercile 

Top  

Tercile 

Challenge level in y-3  -0.002 0.000 0.015* 

  (0.002) (0.006) (0.006) 

Challenge level in y-2 -0.002 0.002 0.014* 

  (0.003) (0.006) (0.005) 

Challenge level in y-1 -0.001 -0.003 0.015** 

  (0.003) (0.006) (0.005) 

Challenge level in year of adoption -0.001 0.005 0.020** 

  (0.003) (0.006) (0.006) 

        

P-value of joint F-test: Slopes in prior       

years are equal 0.859 0.151 0.104 

        

P-value of joint F-test: Slope in year        

of adoption = slopes in prior years 0.957 0.034 0.082 

        

Number of applicants 445,856 1,165,446 2,179,724 

Number of institutions 14 14 15 

*** p < 0.001, ** p < 0.01, * p < 0.05 

Note: The upper bounds of the bottom and middle terciles are 12,532 and 25,978, 

respectively. All estimates are from student-weighted linear probability models that 

include college fixed effects, year (relative to Landscape adoption) fixed effects, and 

their interaction, and the following student-level covariates: sex, race, geographic 

locale, in-state status, feeder high school status, and early application status dummy 

variables, and continuous measures of SAT or concorded ACT exam scores. Standard 

errors, clustered by institution, are reported in parentheses. 

Sources: Application records from pilot institutions matched to College Board 

administrative data. 
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Table 7. Estimated change in the probability of admission per 10-

percentile point increment in challenge level, by year relative to 

Landscape adoption and institutional selectivity 

  (1) (2) (3) 

  

Elite 

Institutions 

Highly 

Selective 

Institutions 

Selective 

Institutions 

Challenge level in y-3  -0.001 0.020* -0.002 

  (0.001) (0.009) (0.007) 

Challenge level in y-2 0.000 0.019* 0.000 

  (0.001) (0.008) (0.006) 

Challenge level in y-1 0.001 0.019 -0.004 

  (0.002) (0.009) (0.008) 

Challenge level in year of adoption 0.002 0.026* 0.009 

  (0.002) (0.009) (0.010) 

        

P-value of joint F-test: Slopes in prior       

years are equal 0.401 0.59 0.289 

        

P-value of joint F-test: Slope in year        

of adoption = slopes in prior years 0.454 0.039 0.015 

        

Number of applicants 1,899,038 1,230,315 661,673 

Number of institutions 23 13 7 

*** p < 0.001, ** p < 0.01, * p < 0.05   
Note: Elite institutions are categorized by Barron's Profiles of American Colleges as Tier 

1 institutions. Highly Selective institutions are categorized by Barron's as Tier 2 

institutions. Selective institutions are categorized by Barron's as Tier 3-5 institutions. All 

estimates are from student-weighted linear probability models that include college fixed 

effects, year (relative to Landscape adoption) fixed effects, and their interaction, and the 

following student-level covariates: sex, race, geographic locale, in-state status, feeder 

high school status, and early application status dummy variables, and continuous 

measures of SAT or concorded ACT exam scores. Standard errors, clustered by 

institution, are reported in parentheses. 

Sources: Application records from pilot institutions matched to College Board 

administrative data. 
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Table 8. Estimated change in the probability of admission and enrollment per 10-percentile point 

increment in challenge level, by year relative to Landscape adoption 

  (1)   (2) (3) (4) 

  Full Sample   Colleges with Enrollment Outcomes 

Outcome  Admitted   Admitted Enrolled Yield 

Challenge level in y-3  0.008*   0.010* 0.003* -0.005 

  (0.004)   (0.005) (0.001) (0.004) 

Challenge level in y-2 0.008*   0.010* 0.003* -0.006 

  (0.003)   (0.004) (0.001) (0.003) 

Challenge level in y-1 0.008*   0.009 0.002 -0.007 

  (0.004)   (0.005) (0.001) (0.004) 

Challenge level in year of adoption 0.013**   0.013* 0.003 -0.011** 

  (0.004)   (0.005) (0.002) (0.004) 

            

P-value of joint F-test: Slopes in prior           

years are equal 0.991   0.663 0.301 0.421 

            

P-value of joint F-test: Slope in year of            

adoption = slopes in prior years 0.019   0.115 0.458 0.001 

            

Number of applicants 3,791,026   3,074,903 3,074,903 1,021,342 

Number of institutions 43   35 

*** p < 0.001, ** p < 0.01, * p < 0.05       
Note: The samples in columns 1-3  are not conditioned on admission status. The sample in column 4 is restricted to 

admitted students. All estimates are from student-weighted linear probability models that include college fixed effects, 

year (relative to Landscape adoption) fixed effects, and their interaction, and the following student-level controls: sex, 

race, geographic locale, in-state status, feeder high school status, and early application status dummy variables, and 

continuous measures of SAT or concorded ACT exam scores. Standard errors, clustered by institution, are reported in 

parentheses.  

Sources: Application records from pilot institutions matched to College Board administrative data. 
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[This begins online-only appendices: all subsequent content is online-only material except for the 

endnotes on pgs.66-68] 

 

Appendix A: Landscape Features Data and Methodology 

College Entrance Exam Score Comparisons 

The college entrance exam scores displayed in Landscape are the scores that students choose to 

send to colleges. For students that submit multiple scores (e.g., both SAT and ACT scores), the 

colleges choose which test score to display in Landscape. The College Board concords ACT 

scores to SAT scores using published concordance tables so that admissions officers can 

compare scores across exams on the same scale. To help application readers interpret the scores 

of applicants in the context of their high school peers, the applicant’s test score displayed in 

Landscape is presented alongside the 25th, 50th, and 75th, percentile of SAT scores at the high 

school. The high school-level SAT score percentiles are derived from College Board data only 

and calculated using the SAT scores of the three most recent cohorts of students attending each 

school (e.g., SAT-takers expected to graduate high school from 2018-2020). SAT score 

percentiles are not displayed in Landscape for applicants who graduated from high schools 

where fewer than 10 students across the three cohorts took the SAT exam. 

 

High School and Neighborhood Challenge Measures 

 
The challenge measures in Landscape capture aggregate information at the neighborhood level, 

which is defined by a student’s census tract, and at the high school level, which is defined by the 

census tracts of college-bound seniors at a high school. Student-level challenge indicators are not 

provided in Landscape. Applicants from the same census tract share the same neighborhood data 

and challenge measures, and applicants from the same high school share the same high school 

data and challenge measures. To calculate the high school-level indicators, we assign the data 

elements below to high schools based on the census tract of the college-bound seniors enrolled at 

each high school.  

 

Landscape displays information pertaining to six challenge measures. These are: 

1. College attendance: The predicted probability that a student from the neighborhood/high 

school enrolls in a four-year college (data sources: aggregate College Board and National 

Student Clearinghouse data)  

2. Household structure: The neighborhood/high school information about the number of 

married or coupled families, single-parent families, and children living in poverty (data 

sources: American Community Survey)  

3. Housing stability: Neighborhood/high school information about vacancy rates, rental vs. 

home ownership, and mobility/housing turnover (data source: American Community Survey)  

4. Education level: Typical educational attainment in the neighborhood/high school (data 

source: American Community Survey) 

5. Median family income: Median family income among those in the neighborhood/high school 

(data source: American Community Survey)  
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6. Crime: The predicted probability of being a victim of a crime in the neighborhood or in the 

neighborhoods represented by the students attending the high school. (data source: Location, 

Inc.) 

 

These six indicators are derived from multiple underlying data elements. Each indicator is 

constructed as follows: 

1. College attendance: The predicted proportion of students attending four-year college is 

derived from a census tract-level linear regression using data on College Board assessment 

takers and National Student Clearinghouse data on their college enrollment choices. This 

measure is predicted because data on the actual proportion of students in a census tract/high 

school that attend four-year college is not available nationwide. We predict four-year college 

enrollment at the neighborhood level using the following predictors: indicators of academic 

performance (entered separately for high school GPA, college entrance exams, and curricular 

rigor), overall educational attainment levels among adult residents, labor market 

composition, urbanicity, residential mobility, religious affiliation, share of four-year 

institutions receiving SAT score sends, college interest level, and the number of SAT-takers.  

2. Household structure, housing stability, and education level: Fourteen data elements from the 

American Community Survey and Location, Inc. are combined using factor analysis to create 

these three challenge measures. The data elements are: 

• Percentage of all individuals under 18 years of age in poverty (data source: American 

Community Survey) 

• Percentage of families with children under 18 years of age in poverty (data source: 

American Community Survey) 

• Percentage of households receiving food stamps/SNAP (data source: American 

Community Survey) 

• Percentage of families with a female householder, no male householder, at least one 

child under 18 years of age, and are in poverty (data source: American Community 

Survey) 

• Percentage of families that are single-parent families with at least one child under 18 

years of age (data source: American Community Survey) 

• Percentage of housing units that are rental (data source: American Community 

Survey) 

• Percentage of housing units that are vacant (data source: American Community 

Survey) 

• Median gross rent as a percentage of household income (data source: American 

Community Survey) 

• Percentage of adults 25 years or older with less than a four-year college degree (data 

source: American Community Survey) 

• Percentage of adults 25 years or older with less than a high school diploma or 

equivalent (data source: American Community Survey) 

• Percentage of workers 16 years or older with jobs in the agriculture, forestry, fishing 

and hunting, and mining industries (data source: American Community Survey) 
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• Percentage of workers 16 years or older who are not working in either (data source: 

American Community Survey) 

i.  Management, business, science, and arts occupations, or 

ii. Professional, scientific, management, and administrative and waste 

management services, or 

iii. Educational services, and health care and social assistance 

• Unemployment rate (data source: American Community Survey) 

• Crime (data source: Location, Inc.) 

3. Median family income: This data element is directly soured from the American Community 

Survey and displayed in Landscape without manipulation. 

4. Crime: This data element is sourced from Location, Inc., which collects crime data from all 

United States local law enforcement agencies and provides information on the number and 

types of crimes in an area across seven crime types: homicide, rape, robbery, aggravated 

assault, burglary, larceny, and motor vehicle theft. Combining these crime data with the 

population in those locations, Location, Inc. calculates a measure of the probability of being 

the victim of a crime at the census tract level for each crime type. The probabilities are then 

converted by Location, Inc. to indexes for each crime type, and the overall Crime Index is the 

average of the seven individual crime index values. The crime indicator displayed in 

Landscape is a percentile rank of the overall Crime Index, which College Board calculates to 

align with the other percentile measures displayed in Landscape. 

 

After each of the six neighborhood and high school indicators are constructed, they are 

standardized and placed on a 1-100 scale to reflect comparative percentiles. For example, a 

Neighborhood Housing Stability Indicator of 64 means that the housing environment in a 

particular neighborhood has a higher level of challenge than 64 percent of neighborhoods in the 

United States. Lastly, the six percentile measures are averaged to create overall neighborhood 

and high school challenge measures, respectively. These measures are also standardized and 

placed on a 1-100 scale. Standardization is conducted at both the national and state levels so 

colleges and universities can evaluate applicants relative to the distribution of challenge levels 

nationwide or within the state where institutions are located. 
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Appendix B: Supplementary Figures and Tables 

Figure B1. Event study plot of the probability of admission by challenge level and year relative 

to Landscape adoption, among 31 pilot institutions reporting admission outcomes over four pre-

adoption years 

 
Note: The probabilities of admission for each challenge level are reported relative to the overall admission rate in each 

year to account for the fact that admission rates were declining on average across pilot institutions over the observed 

four-year period. 
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Figure B2. Estimated probabilities of admission by high school and neighborhood challenge 

level and year relative to Landscape adoption 

A. High School 

 
B. Neighborhood 

 
Note: All lines are estimated from linear probability models that include college fixed effects, year fixed effects, and 

the interaction of college and year-relative-to-Landscape-adoption fixed effects. The deviations in slope from the 

“three years prior” line are estimated from models that also include the following student-level controls: indicators for 

sex, race, geographic locale, in-state status, feeder high school status (defined as high schools that 10 or more 

applicants to a given college and year applied), and early application status, and continuous measures of SAT or 

concorded ACT exam scores. 

Source: Application records from pilot institutions matched to College Board Landscape data. 
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Figure B3. Estimated probabilities of admission by overall challenge level and year relative to 

Landscape adoption, excluding colleges in the top quintile of observed variation in early decision 

applicants over the four admission cycles 

 

 
Note: The estimation sample excludes nine colleges that experienced the largest change (more than 8 percentage 

points) in the share of applicants that applied early decision over the four-year period. All lines are estimated from 

linear probability models that include college fixed effects, year fixed effects, and the interaction of college and year-

relative-to-Landscape-adoption fixed effects. The deviations in slope from the “three years prior” line are estimated 

from models that also include the following student-level controls: indicators for sex, race, geographic locale, in-state 

status, feeder high school status (defined as high schools that 10 or more applicants to a given college and year 

applied), and early application status, and continuous measures of SAT or concorded ACT exam scores. 

Source: Application records from pilot institutions matched to College Board Landscape data. 

 

 

 

 

 

 

 

 

 

 



Educational Evaluation and Policy Analysis Pre-Publication Manuscript 

58 

 

Figure B4. Estimated probabilities of admission by applicant’s SAT score relative to median 

SAT score of high school peers and by year relative to Landscape adoption 

 
Note: All lines are estimated from linear probability models that include college fixed effects, year fixed effects, the 

interaction of college and year-relative-to-Landscape-adoption fixed effects, and the following student-level controls: 

indicators for sex, race, geographic locale, in-state status, feeder high school status (defined as high schools that 10 or 

more applicants to a given college and year applied), and early application status, and continuous measures of SAT or 

concorded ACT exam scores. 

Source: Application records from pilot institutions matched to College Board Landscape data. 
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Table B1. Estimated change in the probability of admission 

per 10-percentile point increment in challenge level at 2017 

pilot institutions with two years of post-adoption outcomes, 

by year relative to Landscape adoption 

  (1) (3) 

Outcome Admitted Enrolled 

Challenge level in y-3  0.009* 0.001 

  (0.004) (0.001) 

Challenge level in y-2 0.011* 0.001 

  (0.004) (0.002) 

Challenge level in y-1 0.003 0.000 

  (0.003) (0.002) 

Challenge level in year of adoption 0.014* 0.002 

  (0.005) (0.002) 

Challenge level in y+1 0.016* 0.002  

  (0.005) (0.003) 

      

P-value of joint F-test: Slopes in prior     

years are equal 0.027  0.318  

      

P-value of joint F-test: Slope in year 

of      

adoption = slopes in prior years 0.037 0.379 

      

P-value of joint F-test: Slope in year 

of      

adoption = slope in y+1 0.085 0.449 

      

Number of applicants 1,194,229 993,878 

Number of institutions 11 

*** p < 0.001, ** p < 0.01, * p < 0.05     

Note: All coefficients are estimated from linear probability models that 

include college fixed effects, year (relative to Landscape adoption) fixed 

effects, their interaction. and the following student-level controls: sex, 

race, geographic locale, in-state status, feeder high school status, and 

early application status dummy variables, and continuous measures of 

SAT or concorded ACT exam scores. Standard errors, clustered by 

institution, are reported in parentheses. 

Sources: Application records from pilot institutions matched to College 

Board administrative data. 
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(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)

Overall

College 

Access Family Education Housing

Median 

Family 

Income Crime Overall

College 

Access Family Education Housing

Median 

Family 

Income

Challenge level in y-3 0.008* 0.006* 0.006* 0.005* 0.005 0.001 0.005 0.005** 0.009* 0.008* 0.009** 0.008* 0.005 0.009*

(0.004) (0.003) (0.003) (0.002) (0.003) (0.001) (0.003) (0.002) (0.004) (0.004) (0.003) (0.004) (0.003) (0.004)

Challenge level in y-2 0.008* 0.006* 0.006* 0.005** 0.004 0.001 0.005* 0.005*** 0.009* 0.008* 0.009** 0.008* 0.006* 0.009*

(0.003) (0.002) (0.002) (0.002) (0.002) (0.001) (0.002) (0.001) (0.003) (0.003) (0.003) (0.003) (0.002) (0.004)

Challenge level in y-1 0.008* 0.006* 0.005* 0.005* 0.004 0.001 0.005 0.005** 0.008* 0.007* 0.008** 0.008* 0.005* 0.009*

(0.004) (0.003) (0.002) (0.002) (0.002) (0.001) (0.002) (0.001) (0.004) (0.003) (0.003) (0.004) (0.002) (0.004)

Challenge level in year of adoption 0.013** 0.01** 0.009** 0.008** 0.008** 0.004* 0.009** 0.008*** 0.014** 0.012** 0.014*** 0.013** 0.008** 0.015**

(0.004) (0.003) (0.003) (0.002) (0.003) (0.001) (0.003) (0.002) (0.004) (0.004) (0.003) (0.004) (0.003) (0.004)

P-value of joint F-test: Slopes in prior

years are equal 0.991 0.981 0.690 0.953 0.962 0.815 0.992 0.728 0.902 0.655 0.869 0.800 0.852 0.973

P-value of joint F-test: Slope in year of 

adoption = slopes in prior years 0.019 0.02 0.014 0.07 0.044 0.007 0.033 0.004 0.001 0.001 0.001 0.003 0.01 0.001

Number of applicants 3,791,026 3,677,033 3,677,876 3,677,188 3,677,188 3,677,188 3,677,673 3,678,216 3,650,227 3,650,227 3,650,951 3,650,951 3,650,951 3,651,048

Sources: Application records from pilot institutions matched to College Board administrative data.

Overall

(mean of 

Neighborhood- 

and High 

School-level 

Overalls)

Neighborhood-level Indicators High School-level Indicators

Table B2. Estimated change in the probability of admission per 10-percentile point increment in challenge level, by challenge indicator and year relative to Landscape adoption

*** p < 0.001, ** p < 0.01, * p < 0.05

Note: All estimates are from student-weighted linear probability models that include college fixed effects, year (relative to Landscape adoption) fixed effects, and their interaction, and the following student-level

controls: sex, race, geographic locale, in-state status, feeder high school status, and early application status dummy variables, and continuous measures of SAT or concorded ACT exam scores. Standard errors,

clustered by institution, are reported in parentheses.
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Table B3. Estimated change in the probability of admission at non-elite institutions per 10-

point increment in SAT score relative to the 25th, median, and 75th percentile score of SAT 

takers at applicants' high school, by year relative to Landscape adoption 

  (1) (2) (3) 

  

SAT score 

relative to 25th 

percentile score 

SAT score 

relative to 50th 

percentile score 

SAT score 

relative to 75th 

percentile score 

SAT score in y-3  0.004** 0.005** 0.005** 

  (0.001) (0.001) (0.002) 

SAT score in y-2 0.004** 0.005** 0.005** 

  (0.001) (0.001) (0.002) 

SAT score in y-1 0.003* 0.004* 0.004* 

  (0.001) (0.002) (0.002) 

SAT score in year of adoption 0.004** 0.005** 0.005** 

  (0.001) (0.001) (0.002) 

        

P-value of joint F-test: Slopes in prior       

years are equal 0.601  0.617  0.632  

        

P-value of joint F-test: Slope in year of        

adoption = slopes in prior years 0.766 0.759 0.764 

        

Number of applicants 1,701,885 

Number of institutions 20 

*** p < 0.001, ** p < 0.01, * p < 0.05 

Note: The sample is restricted to non-elite pilot institutions where estimated pre-post admission changes as a 

function of challenge level are concentrated. All estimates are from student-weighted linear probability models that 

include college fixed effects, year (relative to Landscape adoption) fixed effects, and their interaction, and the 

following student-level controls: sex, race, geographic locale, in-state status, feeder high school status, and early 

application status dummy variables, and continuous measures of SAT or concorded ACT exam scores. Standard 

errors, clustered by institution, are reported in parentheses. 

Sources: Application records from pilot institutions matched to College Board administrative data 
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Table B4. Estimated change in the probability of admission per 10-percentile point increment 

in challenge level, by race/ethnicity and year relative to Landscape adoption 

  (1) (2) (3) (4) (5) 

  Asian Black Latinx White 

Other 

Race 

Challenge level in y-3  0.013* 0.001 0.013 0.012** 0.003 

  (0.006) (0.005) (0.010) (0.004) (0.004) 

Challenge level in y-2 0.013* 0.002 0.012 0.011** 0.003 

  (0.005) (0.003) (0.009) (0.004) (0.004) 

Challenge level in y-1 0.012* 0.004 0.011 0.011* 0.005 

  (0.005) (0.004) (0.009) (0.004) (0.003) 

Challenge level in year of adoption 0.014* 0.006 0.017 0.016** 0.002 

  (0.006) (0.004) (0.010) (0.005) (0.003) 

            

P-value of joint F-test: Slopes in prior           

years are equal 0.692 0.523  0.342  0.667  0.592  

            

P-value of joint F-test: Slope in year 

of            

adoption = slopes in prior years 0.52 0.088 0.189 0.104 0.4 

            

Number of applicants 397,013 214,212 386,108 1,067,234 343,734 

Number of institutions 31 

*** p < 0.001, ** p < 0.01, * p < 0.05 

Note: All estimates are from student-weighted linear probability models that include college fixed effects, year 

(relative to Landscape adoption) fixed effects, and their interaction, and the following student-level controls: sex, 

race, geographic locale, in-state status, feeder high school status, and early application status dummy variables, and 

continuous measures of SAT or concorded ACT exam scores. Standard errors, clustered by institution, are reported 

in parentheses. 

Sources: Application records from pilot institutions matched to College Board administrative data. 
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Table B5. Estimated change in the probability of admission and enrollment per 10-percentile point increment in challenge level, by 

year relative to Landscape adoption and quartile of yield rate of admitted students with above-median challenge levels 

  (2) (4) (6) (8) 

  Bottom Quartile Quartile Two Quartile Three Top Quartile 

Challenge level in y-3  -0.002** 0.001 0.007 0.004 

  (0.001) (0.003) (0.003) (0.002) 

Challenge level in y-2 0.000 -0.001 0.006 0.004 

  (0.001) (0.003) (0.003) (0.002) 

Challenge level in y-1 0.000 -0.002 0.006 0.003 

  (0.001) (0.003) (0.003) (0.001) 

Challenge level in year of adoption -0.001 -0.001 0.006 0.005 

  (0.001) (0.004) (0.003) (0.002) 

          

P-value of joint F-test: Slopes in prior         

years are equal 0.026 0.014 0.621 0.616 

          

P-value of joint F-test: Slope in year of          

adoption = slopes in prior years 0.024 0.029 0.67 0.011 

          

Number of applicants 555,406 724,785 840,768 953,944 

Number of institutions 9 9 9 8 

*** p < 0.001, ** p < 0.01, * p < 0.05 

Note: The sample is restricted to applicants to colleges with complete enrollment records. Quartiles are based on yield rates calculated in pre-adoption years. 

The upper bounds of the bottom, second, and third quartiles are 0.249, 0.399, and 0.476, respectively. All estimates are from student-weighted linear probability 

models that include college fixed effects, year (relative to Landscape adoption) fixed effects, and their interaction, and the following student-level covariates: 

sex, race, geographic locale, in-state status, feeder high school status, and early application status dummy variables, and continuous measures of SAT or 

concorded ACT exam scores. Standard errors, clustered by institution, are reported in parentheses.  

Sources: Application records from pilot institutions matched to College Board administrative data. 
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Table B6. Estimated change in the probability of enrollment per 10-percentile point increment in challenge 

level, by year relative to Landscape adoption and quintile of distance from an applicant's home to college 

  (1) (2) (3) (4) (5) 

  

Bottom 

Quintile 

Quintile 

Two 

Quintile 

Three 

Quintile 

Four 

Top 

Quintile 

Challenge level in y-3  0.011*** 0.008** -0.005* -0.002* -0.001 

  (0.002) (0.003) (0.002) (0.001) (0.000) 

Challenge level in y-2 0.010*** 0.008** -0.004 -0.001 0.000 

  (0.002) (0.003) (0.003) (0.001) (0.001) 

Challenge level in y-1 0.009** 0.007* -0.006 -0.001 0.000 

  (0.002) (0.003) (0.003) (0.001) (0.000) 

Challenge level in year of adoption 0.009** 0.008** -0.004 0.000 0.000 

  (0.003) (0.002) (0.003) (0.001) (0.001) 

            

P-value of joint F-test: Slopes in prior           

years are equal 0.288 0.661 0.098 0.500 0.076 

            

P-value of joint F-test: Slope in year of            

adoption = slopes in prior years 0.463 0.515 0.172 0.016 0.153 

            

Number of applicants 566,213 645,735 634,594 608,932 553,009 

*** p < 0.001, ** p < 0.01, * p < 0.05 

Note: The sample is restricted to applicants to colleges with complete enrollment records. The upper bounds of the bottom, second, 

third, and fourth quintiles are 93, 229, 516,  and 1,208 miles, respectively. All estimates are from student-weighted linear probability 

models that include college fixed effects, year (relative to Landscape adoption) fixed effects, and their interaction, and the following 

student-level covariates: sex, race, geographic locale, in-state status, feeder high school status, and early application status dummy 

variables, and continuous measures of SAT or concorded ACT exam scores. Standard errors, clustered by institution, are reported in 

parentheses.  

Sources: Application records from pilot institutions matched to College Board administrative data. 
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1 Authors’ calculations using 2018 Integrated Postsecondary Education Data system data. 
2 We define an applicant’s neighborhood by the census tract, which are small, relatively permanent subdivisions of a county delineated by the U.S. Census Bureau. 

On average, census tracts in the U.S. contain 4,000 individuals and 50 percent of tracts contain between 2,900 and 5,500 individuals.  
3 High school-level challenge information is aggregated up from the neighborhood-level indicators by averaging across the census tracts of college-bound seniors 

at the high school. Admissions professionals view the same neighborhood-level challenge information for applicants from the same census tract and the same high 

school-level challenge information for applicants from the same high school.  
4 To ensure that Landscape can be used by institutions operating in disparate policy environments, including in settings where consideration of race is prohibited 

in college admissions, no student-, school-, or neighborhood-level demographic information is used to construct the challenge measures. Nevertheless, the measures 

are highly correlated with student demographic characteristics, including family income, parental education, and race. For example, two-thirds of students in the 

bottom challenge decile are White versus fewer than 10 percent of students in the top challenge decile. Likewise, average family income among students in the 

bottom challenge decile is $218,701 versus $44,838 for students in the top challenge decile. 
5 Applicants admitted off the waitlist are included in the admitted group. Waitlisted students not admitted are included in the non-admitted group. We are unable 

to disaggregate estimates by waitlist status due to missingness in the waitlisted status of applicants across pilot institutions and over time. 
6 To protect student privacy, institutions provided College Board with student identifiers that are not linkable across colleges. As a result, for each pilot institution 

we observe whether admitted students enrolled at that college, but we do not observe whether and where non-matriculating students attended. 
7 Furthermore, the average share of Pell recipients across all public and private, non-profit four-year institutions is 43.4 percent versus 19 percent across the 43 

pilot institutions. Given the relatively high correlation between the share of Pell recipients and average challenge level across pilot institutions (𝜌 = 0.79), this 

provides more suggestive evidence that students from relatively higher challenge levels are underrepresented in the study sample.  
8 We also estimated logistic regression models and LPM models with higher order polynomials that allow for non-linear relationships but found no graphical or 

statistical evidence that the relationship between challenge level and the probability of admission/enrollment in each year is non-linear. Given no evidence of non-

linearities, we present results from the parsimonious LPM model for two reasons: 1) we are primarily interested in the deviation from slope in the year of adoption 

relative to the three prior years, and unlike the logistic and higher order polynomial LPM models, which to interpret require calculating average marginal effects 

at different points along the challenge level distribution, the point estimates from the basic LPM model are directly interpretable, and 2) in the logistic specification, 

we are forced to exclude the year-relative-to-adoption-by-college fixed effects that control for college-specific admission trends, as the average marginal effects 

are not estimable with their inclusion. We therefore also prefer the LPM specification because it allows for reporting results that control for secular admission 

trends unique to each institution in the study sample. 
9 We also estimated versions of equation (1) in which we replaced the overall level of challenge with either the high school- or neighborhood-level score. We 

present those results in Appendix B. 
10 Although econometric studies more commonly control for group-specific time trends linearly, we control for them non-parametrically because the linear fit is 

poor with only four years of data available for each institution. 
11 Feeder high schools are typically defined by the number of graduates that enroll at a college, not the number that apply. We define feeder high school status by 

the number of applicants to each college because we observe application records, but not enrollment records, for all pilot institutions. Moreover, admissions officers’ 

familiarity with high schools hinges more on how many applicants are routinely sent to colleges, and not necessarily how many students enroll each year. 

Nevertheless, our results appear robust to using this alternative definition. As shown in Table 3, the estimated pre-post changes in the probability of admission by 

challenge level are identical across models that include and exclude all student-level covariates, including the feeder high school status of each applicant. 
12 Eight percent of the sample were missing exam scores. We imputed missing scores using college-specific prediction models and the full set of non-missing 

baseline characteristics at each institution. In models that control for student-level covariates we also include dummy variables (ACT, SAT, and imputed) to account 

for the source of exam scores. 
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13 The data in this study span 2014-2019, which predates the widespread adoption of test-optional admissions policies beginning in 2020 in response to the 

COVID-19 pandemic. 
14 The “other race” category includes students who self-identify as American Indian or Alaska Native, Native Hawaiian or Other Pacific Islander, or Two or 

More Races. The latter group largely explains why approximately 20 percent of applicants in each year are included in this category. Due to changes in how 

race/ethnicity data was collected from colleges over time, we are unable to disaggregate the “other race” category in our analyses. 
15 The results in Table 2 also suggest a secular, 10-percentage point increase in early decision applicants over time. To examine whether our results conflate the 

adoption of Landscape with a change in early action or decision policies, we estimated results using a conditioned sample that excludes nine colleges that 

experienced the largest changes in the share of applicants that applied early decision over the four year period (operationalized as colleges in the top quintile of 

observed variation, among which the standard deviation of the share of applicants that applied early decision exceeded 8 percentage points). The average standard 

deviation of the 34 colleges that remain in the conditioned sample is 1.6 percentage points and the median is 0.7 percentage points. As shown in Appendix Figure 

B3, we estimate nearly identical results in the full and conditioned samples, which suggests that our main results are not driven by changes in early action or 

decision policies coincident with the introduction of Landscape.   
16 In Appendix Figure B1, we further show that, among the subset of colleges where we observe admission decisions over four pre-adoption years, the vertical gap 

four years and three years before adoption are nearly identical. This suggests that using three pre-adoption years to model secular trends, as we are limited to doing 

in the full sample, is likely sufficient for differentiating pre-post changes associated with Landscape from efforts pilot institutions undertook to increase study body 

diversity that pre-date gaining access to the tool. 
17 In Appendix Figure B2, we present analogous figures that replace the overall challenge level with either the high school or neighborhood components. The 

patterns of results are nearly identical to those presented in Figure 4, which indicates that both the high school- and neighborhood-level challenge information in 

Landscape informed college admission decisions. 
18 In the three years preceding Landscape adoption, a 10-point increase in SAT score is associated with a 1.2 percentage point increase in the probability of 

admission to a pilot institution. Thus, the estimated change in the probability of admission for students from the most challenging backgrounds is equal to 
0.005∗100

0.012
= 41.67 SAT points. 

19 In Appendix Table B2, we report estimated admission changes as a function of each neighborhood- and high school-level challenge component to examine if 

certain challenge indicators influenced admission decisions more than others. The results indicate that admission officers were responsive to all challenge indicators. 

However, the magnitudes of the estimates tend to be slightly larger with respect to the high school-level measures, which suggests the high school-level challenge 

indicators were most salient to admission decision-making.   
20 On average, access to Landscape is associated with a -0.8 percentage point decrease in the probability of admission for applicants in the bottom challenge 

tercile and a 2.2 percentage point increase in the probability of admission for applicants in the top challenge tercile. In the three years preceding Landscape 

adoption, the admit rate among bottom- and top-tercile applicants was 34.7 percent and 25.0 percent, respectively. Thus, the average decrease in the number of 

applicants admitted from the bottom challenge tercile is ((14,322 ∗ (34.7 − 0.8)) − (14,322 ∗ 34.7)) = −118, and the average increase in the number of 

applicants admitted from the top challenge tercile is ((3,346 ∗ (25.0 + 2.1)) − (3,346 ∗ 25.0)) = 73. 
21 Specifically, we estimated college-specific logit models to predict the probability of admission using the full set of student-level covariates contained in 𝑿𝑖  in 

equation (1). Challenge levels and scores in context measures were excluded from the prediction models to ensure that the predictions were derived solely from 

factors observable to admission officers before Landscape was in use. 
22 In contrast, we find no evidence that pre-post changes in admission chances as a function of challenge level for Asian applicants and students of “Other” racial 

groups. The results for Black students are ambiguous due to a secular trend that predates Landscape adoption.  
23 We also examined heterogeneity by in-state application status, feeder high school status, and the applicant’s distance from home to the college, on the 

hypothesis that Landscape would have greater influence on admission decisions for applicants from backgrounds with which admission officers are less familiar. 

We find no evidence to support this hypothesis. The results of those sub-group analyses are available from the authors upon request. 
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24 We estimated overall changes to the racial composition of admitted students in two ways: 1) by replacing 𝐿𝐹𝑖 in equation 1 with an indicator for URM status, 

and 2) by replacing 𝐿𝐹𝑖 with separate dummies for applicants that self-identified as Black, Hispanic, Asian, or another non-White race/ethnicity. Across neither 

specification do we find evidence of changes to the racial composition of the admitted class after the introduction of Landscape. The results of these analyses are 

available from the authors upon request. 
25 The respective ranges of the bottom, middle, and top terciles are: 3,279-12,532; 12,764-25,978; and 26,482-58,375. 
26 Furthermore, we find no evidence in Appendix Table B1 that enrollment changes were slow to emerge but materialized in the second year of the tool’s use. 
27 The upper bounds of the bottom, second, and third quartiles are 0.249, 0.399, and 0.476, respectively. 


