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A B S T R A C T   

A subset of undergraduate applicants to the University of California, Berkeley were invited to submit letters of 
recommendation as part of their applications. I use scraped text of the submitted letters, natural language 
processing tools, and a within-subject experimental design wherein applications were read in parallel with and 
without their letters to understand the role that this qualitative information plays in admissions. I show that 
letters written on behalf of underrepresented applicants were modestly distinctive. I also construct an index of 
letter strength, measuring the predicted impact of the letter on the student’s application score. I show that 
underrepresented applicants tend to get weaker letters, but that readers pay less attention to letter strength for 
underrepresented students. Overall, the inclusion of letters modestly improved application outcomes for the 
average underrepresented student.   

1. Introduction 

The college admissions decision is an important determinant of 
students’ life chances, and a highly visible source of inequality of op-
portunity. Students from disadvantaged backgrounds are much less 
likely to apply to (Hoxby & Avery, 2013; Hoxby & Turner, 2013) or be 
accepted at (Krueger et al., 2006) selective colleges than are those from 
more advantaged backgrounds. Growing evidence indicates that this has 
important implications for graduation and other life outcomes (e.g., 
Black, Denning, & Rothstein, 2021; Bleemer, 2021; Cohodes & 
Goodman, 2014). 

The specific criteria used in making admissions decisions may have 
implications for the equity of the process. In particular, critics of the SAT 
and ACT college admissions exams have often argued that they create 
unfair advantages for students from already advantaged backgrounds (e. 
g., Atkinson, 2001; Kurlaender et al., 2020; Rothstein, 2004). This has 
motivated many colleges to change the weight placed on different 
quantitative measures, for example by emphasizing class rank, and 
others to adopt “holistic” review processes that aim to reduce reliance on 
quantitative measures more generally. Evidence on so-called “percent 

plans” suggests that merely changing the weights can lead to fairer ad-
missions rules (Black, Denning, & Rothstein, 2021; Bleemer, 2021), 
though it does not fully offset inequality in pre-college opportunity 
(Cortes & Klasik, 2020). 

But for all of the concern about the SAT, the qualitative components 
of college applications may be at least as much of a problem (Alvero 
et al., 2020, 2021). Students from lower-income and otherwise disad-
vantaged backgrounds are unlikely to get the college counseling, essay 
writing help, and other application assistance that is routinely available 
to more privileged students. This may lead them to submit weaker ap-
plications, with less polished or less carefully chosen essays. They may 
also have limited access to recommenders who can write them strong 
letters that satisfy the particular demands of undergraduate admissions 
offices. More generally, the inclusion of qualitative measures typically 
requires using subjective application reviews rather than mechanical 
formulas. It is not clear that more subjective decisions will be any fairer 
than are purely quantitative measures. Human reviewers are subject to 
their own biases, conscious or otherwise, and holistic review may simply 
expand the scope for them to preference students from more advantaged 
backgrounds. 
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I shed light on this question by examining the role of letters of 
recommendation (LORs) in a selective campus’s holistic admissions re-
view process. I use natural language processing methods to measure the 
content of letters, and investigate whether letters submitted for students 
from different groups are distinctive (that is, whether the student’s 
identity characteristics are reliably predicted by the letter content) and 
whether they improve or hurt those students’ relative chances of 
admission. In contrast to past work using artificial intelligence to assess 
qualitative components of college applications (e.g., Alvero et al., 2020, 
Alvero et al., 2021), I do not make assumptions about how application 
reviewers interpret information that may be correlated with student 
background, but use actual application scores to infer what the readers 
value. 

My study draws on a pilot program implemented by University of 
California, Berkeley (UCB) in 2016–17. Importantly, UCB is officially 
committed to an equitable admissions process that does not provide 
unfair advantages for students from advantaged backgrounds. It has for 
many years used “holistic review,” whereby applicants are evaluated as 
a whole package without fixed weights for any particular admissions 
measures (Hout, 2005).2 Applications are read individually, and readers 
are instructed not to use mechanical rules and to look for evidence that 
students from less advantaged backgrounds can succeed. However, prior 
to the pilot I study, UCB had never solicited letters of recommendation 
as part of its admissions process. The explicit motivation for introducing 
LORs was to provide more information that could be used to identify 
students who had overcome disadvantages, and the letters may have 
been used differently than in other settings where that is less of a 
priority. 

Even within the UCB context the move to use LORs was controver-
sial. While some, including the university’s leadership, believed that 
LORs could be used to identify more students from underrepresented 
groups who were prepared to succeed at Berkeley, others argued that 
they would have the opposite effect. They predicted that low-income 
and otherwise disadvantaged applicants would not have access to 
mentors who could write them strong letters, and that the effect of 
including this qualitative information would be to create barriers to the 
admission of underrepresented applicants.3 

The LOR pilot was designed to ask for letters only when they might 
be important to the decision because the applicant was otherwise mar-
ginal for admission. This created variation across students in the pres-
ence of letters. Ben-Michael, Feller, & Rothstein, 2021 study the effect of 
including LORs on admissions decisions at Berkeley, using matching 
strategies to identify comparable groups of students who did and did not 
submit letters. They find that the availability of letters improved 
application scores on average for both advantaged and disadvantaged 
groups, with the largest effects for students whose quantitative qualifi-
cations would have predicted modest probabilities of admission. The net 
effect was to slightly reduce the relative scores of students from un-
derrepresented groups. 

Here, I take advantage of a within-subjects experimental design that 
was built into the UCB pilot study to dig deeper into the roles that letters 
play. A subset of 10,000 applicants who had submitted letters was 
selected at random for inclusion in the experiment. These students’ 
applications were evaluated twice – once as intended under the LOR 
pilot, with the letters considered by application readers, and once by a 
separate set of readers who were not given access to the letters. By 
comparing the scores given by these separate sets of readers, I can 
measure the impact of the letters on the score at the individual applicant 

level. 
For the students included in the within-subjects experiment, I ob-

tained access to the letters themselves. Text was extracted from the 
letters, de-identified, and used to construct a number of “features” 
capturing the content of the letters. I measure the frequency of mentions 
of academic, athletic, community, and other topics, as well as the overall 
tone of the letter. I use these features to quantify differences in the types 
of letters written on behalf of different students and what the application 
review process in fact values in a student’s letter. 

My first question is whether letters written on behalf of underrep-
resented students are distinctive. My investigation is similar in spirit to 
that undertaken by Alvero et al. (2021), who show that essay content 
can be used to predict family income. I show that letters submitted on 
behalf of underrepresented applicants are indeed different from those 
submitted for their more advantaged peers. Controlling for the quanti-
fiable elements of applications, I show that a one standard deviation 
increase in the “URM-ness” of an applicant’s letters is associated with a 
23 percentage point increase in the likelihood that the applicant is 
indeed from an URM group. For comparison, Alvero et al. (2020) find 
that the content of application essays can achieve 65% accuracy in 
classifying applicants as above or below median family income; Alvero 
et al. (2021) find that essay content explains about one-third more 
variation in family income than do SAT scores. 

However, the distinctiveness of URM students’ letters is largely 
reflective of the fact that their applications are distinctive in many ways 
captured by traditional admissions criteria like GPAs and SAT scores. 
When I construct an index from these criteria to best predict URM status, 
a one standard deviation increase in this index is associated with a 31 
percentage point increase in the probability of a URM student. More-
over, the index of traditional applications measures explains nearly 1/3 

of the variation in the letter-based index. To isolate the information in 
the letters that is new, not merely duplicating what is already available, I 
construct an alternative index of letter features selected to add incre-
mental predictive power to non-letter features of the application. This 
has much less predictive power – a one standard deviation increase in 
this index is associated with only a 5 percentage point increase in the 
URM share.4 

Second, I use the letter features, in combination with the reader 
scores from the experiment, to construct a measure of letter strength. 
Taking advantage of the fact that applications were read both with and 
without letters, I define a strong letter as one that yields a higher reader 
score when the application is read with the letters. I allow the data to 
speak to the relative importance of content, writing style, identity of the 
recommender, or other aspects of the letter for generating that score. I 
show that there is substantial variation in quantifiable aspects of letter 
strength – letters that I score one standard deviation above average are 
associated with a 5.7 percentage point increase in the likelihood that the 
reader who observes the letters will give the applicant a higher score 
than the reader who did not have the letters. However, the letter 
strength score values different aspects of the letter than those that are 
predictive of applicant characteristics; my index of letter strength is only 
weakly correlated (− 0.16) with the letter’s score for predicting the ap-
plicant’s demographic group. 

Third, I assess the distribution of letter strength among URM and 
non-URM applicants. Letters written for URM applicants are weaker, on 
average, than those written for non-URM applicants. About half of this 
reflects the fact that students who were rated as weaker by readers 
without access to letters tend to get weaker letters, and the URM 
applicant pool is weaker on non-letter dimensions than the non-URM 
pool. Even when I adjust flexibly for the strength of the application 
without letters, however, I find that URM students’ letters are slightly 2 Subsequent to the period I study, the University of California Regents voted 

to eliminate the SAT and ACT from UC admissions, though they were in use 
2016-17.  

3 Following the pilot study, though before any results from it were available, 
the UC Regents voted to allow campuses to request letters of recommendation 
from up to 15% of their applicants each year. 

4 Alvero et al. (2021) also find that essay content is strongly related to SAT 
scores, but do not measure the incremental information in essays above what is 
otherwise available. 
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weaker, on average. The gap in letter strength predicts a 1.3 percentage 
point gap in the likelihood that the reader who sees the letters will assign 
a higher score than one who does not. 

Finally, I investigate how the inclusion of letters affects application 
outcomes, and how this varies with URM status. Readers with access to 
the letters assign somewhat higher scores to URMs relative to non-URMs 
than would be predicted based on either non-letter application charac-
teristics or the initial read scores. However, this URM benefit is lessened 
for applicants with the strongest letters, and increased for those with 
weaker letters. In other words, application readers seem to identify 
features in the letters that raise their evaluations for the average URM 
applicant, but within the URM pool they reward strong letters less than 
they do within the non-URM pool. One plausible interpretation is that 
the letters reveal information both about applicant strength and about 
applicant disadvantage; the readers reward both, but put less weight on 
the strength information for students who come from more disadvan-
taged backgrounds. I find evidence consistent with this, in that the URM- 
distinctiveness of the letters is associated with better application out-
comes for URM applicants, but even controlling for this the strength of 
the letters has less effect on URM students’ outcomes. 

My study relates to the long literature and policy debate regarding 
the use of quantitative measures in selective college admissions (see, e. 
g., Bastedo et al., 2018; Black, Denning, & Rothstein, 2021; Bleemer, 
2021; Bowen & Bok, 1996; Hout, 2005; Karabel, 2005; Kurlaender et al., 
2020; Lemann, 1995; Rothstein, 2004). It also relates to similar debates 
in other arenas, where policymakers must decide when and how to use 
subjective information in making consequential decisions. Employers 
decide who to hire, police decide who to arrest, judges and juries decide 
whether to convict, and real estate agents decide which houses to show, 
all based on human judgments, informed by a combination of measur-
able and unmeasurable factors. Concerns about the possibility that these 
judgments may introduce bias have been raised in discussions of hiring 
(Bendick & Nunes 2012; Bertrand & Mullainathan 2004; Biernat & 
Fuegen 2001; Madera et al., 2009; Schmader et al., 2007), police-citizen 
interactions (Correll et al., 2007; Gelman et al., 2007; Lai & Zhao 2010; 
Oliveira & Murphy 2015), and criminal sentencing (Glaser et al., 2015; 
Rachlinski et al., 2009; Weinberg & Nielsen 2012). 

Understanding the role of bias in subjective decisions is difficult, as 
any given decision could reflect either bias or legitimate use of not easily 
quantifiable components of the information on which the decision 
maker relies. The police officer making an arrest decision may interpret 
the same information differently when it relates to a black or a white 
suspect, or may be seeing something real in his assessment of the sus-
pect’s body language, for example, that raises the (fairly assessed) 
likelihood of guilt. 

The UC Berkeley LOR pilot study provides a unique opportunity to 
shed light on this issue because it allows me to quasi-experimentally 
vary the amount of information available to the subjective decision-
maker. Moreover, it takes place within a context where the explicit goal 
is to use the qualitative information in an unbiased way, to identify 
positive aspects of students’ applications that may not be apparent from 
other information. Thus, my results shed light on the potential to use 
qualitative information to increase fairness of review processes, but can 
be seen as an upper bound on what might be found in other processes 
where the goals and training are less clear. 

2. The UC Berkeley letters of recommendation pilot 

2.1. Admissions at UCB 

UCB is one of the most prestigious universities in the country. US 
News ranks it 22nd among all universities and 2nd among public uni-
versities, and measures its undergraduate admissions rate as 17% (US 
News 2021). US News also reports that the 25th and 75th percentile SAT 
scores among admitted students were 1310 and 1530, respectively, 
corresponding to the 87th and 99th percentiles of all SAT-takers (Board, 

2020). This is comparable to NYU or Rochester. UCB is one of the largest 
of the highly selective universities, with over 30,000 undergraduates. 

The university’s size, along with budget constraints, means that the 
admissions process is more routinized than at smaller private colleges 
and universities. Historically, admissions were largely mechanical – 
Bleemer, 2022 documents that in the mid-1990s, at least half of Berkeley 
admissions were based on SAT and high school GPAs alone. More 
recently, Berkeley has adopted “holistic review” (Hout, 2005), and each 
application is read and scored by two separate readers. However, even 
this holistic review is an industrial process. The university hires dozens 
of temporary application readers each spring, and anticipates that they 
will spend only a few minutes on each application. Where Stevens 
(2007) assigns a large role at the small liberal arts college he studies to 
“committee,” a group discussion of individual applicants that leads to a 
consensus decision, there is no such consensus-building process at UCB. 
Rather, the two separate reader scores are mechanically aggregated into 
an admissions decision, without a role for group deliberation. 

Because the context for the LOR pilot is important to understanding 
its effects, I provide some detail about the admissions process. Students 
use a single application to apply to any of the University of California 
(UC) campuses, specifying the campuses to which they wish to apply and 
a college and/or major at each campus. With the application, they 
submit their transcripts, grade point averages, test scores, and essays 
written in response to system-wide prompts. The central UC admissions 
office then forwards applications to each campus that the applicant 
selected. 

At UCB, each application is read twice. The first evaluations are 
conducted by a large pool of readers that include both permanent UCB 
admissions staff and outsiders hired on a short-term, piecework basis. 
Readers score applications on a three-point scale – Yes, Possible, or No. 
They are instructed to consider the whole application package rather 
than any particular numerical components in isolation, and work largely 
independently with occasional “norming sessions” where the team dis-
cusses the scores given to a small number of applications with the goal of 
establishing common scales. Applications are then evaluated a second 
time, this time by a more limited pool of more experienced reviewers. 
These readers apply the same holistic review, but this time have access 
to the first readers’ scores and any comments in addition to all other 
application materials. 

These two rounds of reading yield nine possible scores (e.g., Yes-Yes, 
Possible-Yes, etc.). Files then go to the central admissions staff for de-
cisions. These decisions incorporate capacity constraints for the various 
undergraduate colleges – for example, the College of Engineering is 
much more competitive than the College of Letters and Science – and for 
some majors. Within each college or major, decisions usually respect the 
rankings established by the two reader scores. That is, all applicants to a 
division with two Yes scores are admitted before any students with a 
single Yes. Within rankings groups (e.g., among those receiving two 
“Possible” scores), tiebreaking is done by the admissions staff. Tie-
breaking is done en masse, and does not involve careful consideration of 
each individual application. An implication is that the only way that 
subjective elements of an application, or any implicit bias of admissions 
staff, can influence the admissions decision is through the reader scores. 

2.2. Underrepresented applicants 

A primary motivation of the UCB LOR pilot was to assess whether 
LORs could be used to identify underrepresented applicants who were 
strong enough to admit but unlikely to be admitted without the LORs. 
The UCB admissions office tracks four indicators of applicant disad-
vantage: Low income families, parents who did not attend college, low- 
test-score high schools, and underrepresented racial and ethnic groups. 
Three of these four are included on the application materials made 
available to readers. Race and ethnicity are not included, as the Cali-
fornia constitution prohibits the consideration of either in admissions or 
hiring, though in some cases readers may be able to infer them from 
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names and other applicant characteristics. For most of this paper, I will 
group the four categories together into a “URM” composite, consisting of 
any student who falls in any of the groups. Overall, URMs comprise 
about two-fifths of in-state, non-athlete applicants, with about one-fifth 
in each of the four overlapping categories. 

2.3. The LOR pilot 

The pilot study that I examine was implemented in 2016–2017, for 
applications submitted in November 2016 for matriculation in Fall 
2017. Hereafter, I refer to this as the “2017′′ admissions cycle. The 2017 
study followed a smaller pilot in the previous cycle. Out of concerns that 
requests for LORs would be burdensome for applicants’ teachers and 
counselors, not all applicants were asked to submit letters. Instead, 
students applied without letters in November, and in early December a 
subset of applicants were invited to provide letters, which if submitted 
were made available to the second-round readers. 

The goal was to invite only students who were marginal for admis-
sion, but of course it is difficult to identify marginal students before 
applications are reviewed. A two-pronged approach was used for quickly 
selecting students to invite. First, the first round of application reviews 
was accelerated to generate scores for as many applicants as possible by 
early December. Any students who were scored as “Possible” by this 
point were invited to submit letters. In addition, the admissions office fit 
a statistical model to the previous year’s scores and used this to predict 
students with high probabilities, based on their quantifiable application 
measures, to receive “Possible” scores.5 All students selected by the 
model were invited to submit letters, regardless of the timing or outcome 
of the first reader’s evaluation. In total, 30% of (in-state, non-athlete) 
applicants were invited to submit letters. 

Applicants invited to submit letters were assured that a failure to do 
so would not be counted against them, and were asked to provide names 
and contact information of letter writers, who were then asked directly 
for their letters by the application system. 79% of invited students 
provided names of recommenders, and 77% (97.5% of those who pro-
vided names) wound up with at least one submitted letter.6 Rothstein 
(2017) shows that underrepresented applicants were much less likely to 
request letters, but that this was concentrated among students who were 
unlikely to be admitted in any case. 

The first round of application review was completed before letters 
arrived. The second round considered letters when they were available. 
Readers used the same three-point scale and were instructed not to hold 
a student’s letters against them and not to penalize students without 
letters. 

2.4. The within-subjects experiment 

As part of the pilot, 10,000 students who had returned letters – about 
half of the total – were selected for inclusion in a more detailed study. I 
hereafter refer to these students as “the study sample.” Their applica-
tions were reviewed a third time for the study, with these third reader 

scores playing no role in actual admissions decisions. The third round 
was conducted by readers recruited from the group who conducted the 
second reads, after decisions had been made but otherwise under con-
ditions designed to replicate as closely as possible the second reads as 
they would have occurred had LORs not been available.7 

Like the first and second readers, the study readers (the “third 
readers”) scored applications on the Yes/Possible/No scale. Their scores 
were intended to represent the counterfactual outcome that the student 
would have obtained had LORs not been considered. The “within sub-
jects” comparison between the actual second read scores and the third 
reader scores from this simulation thus provides an estimate of the effect 
of LORs at the level of the individual student. As it turned out, the third 
readers were less generous in their scoring than either the first or the 
second readers. Overall, 26% of applicants in the study sample received 
higher scores from the 2nd readers and 15% received higher scores from 
the 3rd readers; 59% received the same score from each.8 These student- 
level treatment effects are quite noisy, however, as an application’s 
second and third reader were different people who may have prioritized 
different aspects of the applications. Moreover, while the lower score 
distribution in the 3rd round may indicate that the 2nd readers were 
positively influenced by the letter content, it is also possible that the 
score norms that readers actually used changed a bit between rounds. 
Thus, I do not examine student-level treatment effects, but use them to 
estimate the average effect of letters for students with particular char-
acteristics (e.g., test scores, or letter content). 

Table 1 presents summary statistics for the full sample of applicants 
and for three progressively narrower subgroups: Those invited to submit 
letters, those who actually submitted them, and the study sample. 
Invited students had slightly higher GPAs but lower SATs than the 
average applicant, and were substantially more likely to come from the 
URM groups (55% vs 42%). They were also much less likely to have 
received “No” scores and somewhat less likely to have received “Yes” 
scores from the first readers – as expected, given the role of a “Possible” 
score in selecting students for the LOR pilot. Those who actually sub-
mitted letters were positively selected on both GPAs and SATs relative to 
those invited, and were less likely to be URM (though the URM share 
was still higher than in the applicant pool as a whole). Last, as noted, in 
the experimental sample the third readers’ scores, without LORs, were a 
bit lower than the second readers’ scores, with LORs, for the same 
students. 

2.5. The admissibility index 

Even with holistic admissions, quantifiable information plays a large 
role. It is possible for a student with very weak high school GPA, test 
scores, and course-taking, but strong essays or LORs, to be admitted, but 
it is quite unlikely. It is useful for my purposes to have a unidimensional 
summary of the strength of the quantifiable portions of the application. I 

5 This model was a logistic regression where the outcome was an indicator for 
a “Possible” score, with both “Yes” and “No” scores coded as failures. Explan-
atory variables consisted of quantifiable admissions measures (test scores, 
grades) and demographic characteristics (school composition), but not indi-
vidual race and gender. I used the same variable list to construct the admissi-
bility index discussed below. Applicants with predicted probabilities of 
“possible” scores above 50% were invited to submit letters. 

6 Many of the students who did not provide names of recommenders with-
drew their applications, perhaps due to an early admission decision elsewhere. 
For a student already applying to other UC campuses, adding an application to 
Berkeley involved only checking an additional box on the application form and 
paying an application fee (which could be waived). There appear to have been 
many students who applied to Berkeley but were not serious about these ap-
plications, and who did not submit letters. 

7 Readers participating in the study were compensated at a slightly higher 
piece rate than in the regular cycle. A lead reader led norming sessions, as in the 
regular process. Applications were not assigned to third readers who had pre-
viously reviewed the application in either the first or second rounds; a handful 
of the 10,000 students in the study sample are excluded from my analysis 
sample due to inadvertent violations of this rule.  

8 For comparison, if second and third read scores had been randomly and 
independently assigned to applicants using the marginal distributions seen in 
the sample, 38% of students would have received the same score in both 
rounds. I am not aware of an estimate of the inter-rater reliability of the UCB 
read scores holding the available information constant, but one way to estimate 
it is to compare the scores given to students in the study sample by the first and 
third readers, neither of whom had access to the letters. 65% of students 
received the same scores in these two rounds. Note, however, that the 3rd 
readers, like the 2nd readers, had access to the 1st readers’ scores, which may 
have nudged them toward a higher rate of concordance than would occur with 
fully independent assessments. 
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used data from the 2016 admissions cycle to construct this. I estimated a 
logistic regression taking admission as the dependent variable and 
considering as explanatory factors the SAT score, high school GPA, 
average SAT scores at the applicant’s high school, the applicant’s 
course-taking relative to what was available in the high school, the high 
school’s test score rank (based on average scores on state accountability 
tests), the average parental income at the high school, an indicator for a 
high school at which fewer than 5% of graduates apply to the UC, and 
the applicant’s parents’ education and income. All of these are measures 
that are featured prominently in the information provided to readers for 
use in scoring applications. The model also includes fixed effects for the 
college and major applied to. I use this logistic model to generate a 
predicted probability of admission for each applicant in the 2017 cycle, 
and I refer to this as the “Admissions Index,” or AI. 

The AI is scaled as a predicted admissions probability. In the overall 
pool of applicants to UCB, the average AI is 0.16 and the standard de-
viation is 0.22. A large share of applicants has very low AIs – 44% of 
applicants have AIs below 0.05, while only 27% have AIs above 0.2. The 

former applicants are very unlikely to be admitted, and are also unlikely 
to receive the positive initial evaluation needed to support an LOR 
invitation. It is important to emphasize that these strong relationships do 
not indicate a failure of the holistic review process. Rather, the AI simply 
summarizes the outcomes of that process, and captures the quantifiable 
characteristics of students who typically did well or poorly in holistic 
review. The variation in outcomes among students with the same AIs 
(for all AIs greater than 0 and less than 1) reflects other factors that are 
captured by holistic review but not by the AI. 

On average, URM applicants have weaker academic qualifications 
than do non-URM applicants. Fig. 1 shows AI distributions for the two 
groups, both for the full sample and the experimental sample. The mean 
and median AI among all non-URM applicants are 20% and 9%, 
respectively, while among URM applicants the mean is 12% and the 
median is 5%. The AI distribution is higher in the experimental sample, 
selected on the basis of the initial application evaluation discussed 
above, due largely to reduction in the density at the left tail. Only 27% of 
experimental sample applicants have AIs below 0.05, much lower than 
the 44% in the full sample. This reduction is made up by higher density 
in the upper portion of the distribution, around 0.25: 40% of the 
experimental sample has AIs above 0.2. Gaps between URM and non- 
URM applicants are if anything larger in the experimental sample: The 
median AI is 21% for non-URM applicants and 10% for URM applicants. 

2.6. Letter content 

Following the pilot study, the admissions office provided to me the 
text from the letters that were received for each of the students in the 
study sample, extracted from the original PDFs, along with applicants’ 
responses about the identity of the letter writers (e.g., the writer’s 
relationship to the applicant). To preserve applicant confidentiality, the 
letter texts were de-identified, using a procedure described in detail in 
the appendix. Most applicants had two letters, so after dropping students 
whose letters could not be parsed I am left with a corpus of 17,645 letters 
written on behalf of 9841 applicants. 

I use a “bag of words” approach to assign features to each letter, 
using both off-the-shelf dictionaries and some developed specifically for 
this study. The off-the-shelf dictionaries come from the Linguistic In-
quiry and Word Count (LIWC) package, which has been used for several 
previous studies of LORs (e.g., Houser & Lemmons, 2018; Madera et al., 
2009; Schmader et al., 2007) and college essays (Alvero et al., 2021). 
The package counts the number of words from each dictionary that 
appear in each letter, accounting for the use of word stems. I use 23 
features from this package. These come in several types. One set of 
dictionaries focuses on specific topics, such as “achievement,” “drives,” 
and “power.” Another focuses on the writing itself, with measures of the 
number of words longer than six letters, the number of words per sen-
tence, and the length of the letter. A third attempts to summarize the 
tone of the letter, with measures of “analytical thinking” and “emotional 
tone,” and of the degree to which the language is present-, past-, or 
future-focused. Pennebaker et al (2015) describes the development and 
validation of the LIWC dictionaries. 

I also developed some dictionaries specifically for this project, with 
the goal of capturing domains that may be important in college appli-
cation LORs but not as important in the more general texts used to 
develop LIWC. I began by generating counts of 300 of the most common 
words or word stems in the LOR corpus, plus a list of 98 hand-curated 
adjectives. Thus, separate variables measure the number of uses of the 
words “volunteer,” “conscientous,” “ability”, and “challenge.” Next, I 
and several research assistants constructed ten dictionaries corre-
sponding to topical areas more important in LORs than in the general 
writing that LIWC is designed to measure, such as academics, commu-
nity, sports, and humanities. For example, my “STEM” dictionary in-
cludes words like physics, computer, statistic, and laboratory; the “grit” 
dictionary includes drive, enthusiasm, train, focus, effort, etc. Finally, I 
also construct measures of the letter writer’s relationship to the student, 

Table 1 
Summary statistics.   

All 
applicants 

Invited to 
submit 
letters 

Submitted 
letters 

Experimental 
sample  

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

N 85,061 25,121 19,295 9,993 
College     

Chemistry 4% 4% 4% 3% 
Engineering 23% 22% 21% 19% 
Environmental 
Design 

2% 2% 2% 2% 

Letters & Sciences 62% 63% 65% 67% 
Natural Resources 9% 9% 9% 10% 

Underrepresented 
students     
Any 
underrepresented 
category 

42% 55% 49% 62% 

Black or Hispanic 24% 35% 30% 40% 
First generation 16% 28% 23% 32% 
Application fee 
waiver 

22% 36% 30% 40% 

Low-ranking high 
school 

26% 46% 39% 39% 

Application 
characteristics     
GPA 3.68 3.74 3.79 3.75 
SD [0.35] [0.31] [0.25] [0.28] 
SAT composite 1925 1897 1944 1883 
SD [261] [297] [269] [282] 
Admissions index 16% 20% 22% 22% 
SD [22%] [22%] [22%] [22%] 

Letters of 
recommendation     
Invited 30% 100% 100% 100% 
Requested 23% 79% 100% 100% 
Submitted letters 23% 77% 100% 100% 

Reader scores     
Reader 1 (without 
letters)     

No 62% 25% 17% 24% 
Possible 24% 72% 79% 71% 
Yes 14% 3% 4% 5% 

Reader 2 (with 
letters)     

No 63% 40% 32% 37% 
Possible 21% 43% 48% 44% 
Yes 15% 17% 20% 19% 

Reader 3 (without 
letters)     

No    42% 
Possible    45% 
Yes    13% 

Notes: All statistics pertain to in-state applicants who are not recruited athletes. 
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as reported by the student: Teacher, counselor, coach, employer, or 
other. 

The Appendix includes full lists of the words included in each of the 
ten bespoke dictionaries; see the LIWC documentation (Pennebaker 
et al., 2015) for its word lists. Table 2 presents summary statistics for the 
bespoke word counts. The average student’s letters include 31 uses of 
“academic” words, 12 of “extracurricular” words, and 19 of “grit” words. 
URM students’ letters include fewer uses of each category of words 
except for those relating to family. 

Table 2 also shows a principal components analysis of these features 
along with a few key application features. The first component, ac-
counting for 26% of the total variance, seems to be a broad measure of 
academic strength, with substantial weight on GPAs, SATs, and counts of 
academic-related words. The second component, 16% of total variance, 
seems to distinguish the purely quantitative aspects of the application 
from the letters, with positive weight on non-letter characteristics and 
negative weight on all of the letter features. The third component, 7% of 
the variation, seems to distinguish applicants whose letters emphasize 
humanities and language from those whose letters emphasize sports 
and/or STEM topics. 

3. Are letters written for underrepresented students different? 

The first question I investigate is whether there are measurable dif-
ferences between the letters written for URM and non-URM students. 
There are several reasons to anticipate such differences, even before 
seeing the summary statistics in Table 2. First, as hypothesized by the 
supporters of the LOR policy change, some students will have overcome 
challenges on the way to college that their recommenders find worthy of 
mention, and this may be more common among URM than non-URM 
applicants. Second, as suggested by the opponents of the policy, the 
recommenders for URM students may be more over-stretched, have 
weaker writing skills, and be less familiar with the selective college 
application process; all of these might translate into differences in the 
letters they produce. Third, and perhaps most important, URM and non- 
URM applicants are different in many ways, including in ways relevant 
to the admissions decision, as evidenced by the differences in AI 

distributions seen in Fig. 1 and the gaps in test scores and GPAs in 
Table 2. If we think that one role of the letter is to express in words the 
academic accomplishments indicated by the numerical metrics, we 
might expect the letters written on behalf of URM students to be less 
effusive about academic achievements, on average, than those written 
for non-URM students, even when backgrounds and letter writers are the 
same. 

I treat the third source of differences as a confounder in the analysis, 
as LORs are never considered in admissions on their own, but only as 
complements to the quantitative elements of the application.9 Thus, my 
question is whether letters written for URM students differ from those 
written for non-URM students with similar quantitative elements of the 
application portfolio. To measure this, I ask whether letter features pre-
dict a student’s URM status, over and above the information contained 
in the rest of the application. 

Specifically, let Xi represent the quantifiable components of the 
application of student i, let Wi be a vector of letter features, and let URMi 
be an indicator for a URM applicant. I fit three prediction models. The 
first model uses just the letter features to predict URM. I use this model 
to generate a predictive probability that a student with letter features W 
comes from a URM group, 

DW
i ≡ P̂[URMi | Wi]

DW(for “distinctive) measures the degree to which the letter content 
identifies the applicant as likely to be URM (DW close to one) or not (DW 

close to zero). 
The second model is the same, but uses only non-letter features X to 

predict URM. It generates a distinctiveness measure DX: 

DX
i ≡ P̂[URMi | Xi].

Finally, a third model uses both X and W: 

Fig. 1. Distribution of admissions index, by sample and applicant URM status 
Notes: Admissions index is the predicted probability of admission given applicant characteristics, using fitted model from previous admissions year. 

9 This is a contrast to Alvero et al. (2020, 2021), who do not adjust their 
analysis of essay content for information that overlaps with quantitative 
application measures. 
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DX,W
i ≡ P̂[URMi | Xi, Wi].

The degree to which the letters themselves are distinctive to students 
of a particular group, over and above what one would predict based 
solely on the quantifiable application features that are available to 
readers even in the absence of letters, is captured by the difference be-
tween the second and third predictions, ΔW

i ≡ DX,W
i − DX

i . A letter that is 
distinctive of a type that is written for URM students not otherwise 
identifiable by their Xs will lead to a ΔW substantially above zero, while 
one that is more typical of non-URM students will lead to a negative ΔW. 

To fit the three prediction models, I use random forests (James et al., 
2013). Random forests allow for arbitrary non-linearity and interactions 
in the relationships between the predictor variables and the variable 
being predicted, and use variation across trees given access to different 
subsets of predictors to control over-fitting. Nevertheless, even random 
forests can over-fit to chance features of the sample, which can bias 
upward the predictive power of the features for the outcome examined. 
To guard against this, I divide the study sample into two random sub-
samples. I use one, consisting of 75% of the original sample and labeled 
the “training” sample, to fit the random forest models. I then use the 
remaining observations, the “test” sample, to assess the accuracy of the 
predictions. I find that the X features alone can predict 40.1% of the 
variation of URM in the training sample, and the index is quite reliable 
out of sample, explaining 39.5% of the variation in the test sample. 
Adding W to the model increases the explained share of variation only to 
41.0% in the training sample and 40.5% in the test sample. Thus, the 
inclusion of letter features raises the explained share of variance by only 
about one percentage point, indicating a modest degree of distinctive-
ness of the letters written for URM candidates. 

Fig. 2 shows the distribution of ΔW among URM and non-URM 
candidates. These are only modestly different. The average URM 
candidate in the test sample has a predicted URM probability, based 
solely on X, of DX = 0.759. His or her letters raise that predicted 
probability that the applicant is URM by only ΔW=0.004 percentage 
points. The average non-URM candidate, by contrast, has DX = 0.364, 
while the letters reduce the predicted probability by ΔW=− 0.006. There 
is meaningful dispersion around this mean, however. The standard de-
viation of ΔW is 0.06. 

Fig. 2 also includes a series that reweights the non-URM candidates’ 
AI distribution to more closely represent the URM students, to ensure 
that we are comparing candidates who are the same but for their letters. 
This makes little difference. 

One reason that letters may have little incremental predictive power 
is that URM status is already well predicted by the X features. The second 
panel of Fig. 2 shows the distribution of ΔW in the subsample of students 
who were not already identified as almost certainly URM by their X 
features (i.e., those who have DX < 0.9). Again, we see substantial 
dispersion, but a relatively small difference between the distributions for 
URM and non-URM students. 

Table 3 presents several linear probability models that use DW, DX, 
and ΔW to predict URM, all estimated in the test sample. Column 1 
shows a model that uses DWas the sole predictor. This has a coefficient of 
1.62, indicating that a 0.01 increase in distinctiveness of the letter fea-
tures is associated with a 1.62 percentage point increase in the likeli-
hood of the candidate being a URM.10 This explains 22 percent of the 
variation in URM status; the average URM has a predicted probability 
from this model of being URM of 69%, as compared with 47% for the 
average non-URM applicant. Thus, letters for URM applicants are indeed 
quite distinctive from those written for non-URM applicants. 

Column 2 uses just the index constructed from non-letter features, 
DX. This explains nearly twice as much of the variation in URM status: 
The average URM applicant has a predicted probability of 76%, as 
compared with 36% for non-URMs. Column 3 adds ΔW to the model. 
This has a positive and statistically significant coefficient – letter fea-
tures do improve predictions of URM status. However, it increases the R2 

by only 0.01 and only incrementally improves the ability to distinguish 
between URM and non-URM applicants. Columns 4 and 5 add the AI as a 
control. While it is a statistically significant predictor – controlling for 
DX and ΔW, the AI is positively associated with being a URM – it does not 
change the overall patterns and adds only minimally to the ability to 
distinguish the two groups of applicants. Finally, columns 6 and 7 
include ΔW without DX, first without and then with the AI control. The 
letter-based index is a statistically significant predictor of URM status, 
but it does not vary enough to meaningfully distinguish the two groups 
of applicants. Without the DX control, the AI is negatively correlated 

Table 2 
Summary statistics for letter features, experimental sample.   

Mean SD Non URM - URM difference Correlation with AI Principal component analysis 
Comp. 1 Comp. 2 Comp. 3 

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

GPA (unweighted) 3.75 0.28 0.15 0.55 0.29 0.14 − 0.05 
GPA (weighted) 4.18 0.36 0.23 0.63 0.35 0.19 − 0.06 
Honors classes 17.6 6.6 3.5 0.50 0.28 0.16 − 0.04 
SAT Math 651 106 119 0.50 0.37 0.21 − 0.03 
SAT Reading 638 109 114 0.53 0.35 0.20 0.07 
SAT Writing 596 104 88 0.60 0.31 0.17 0.09 
ACT composite 28.2 4.4 4.2 0.36 0.30 0.19 0.08 
Letter topics (word counts)        

Academic 31.1 15.0 4.2 0.20 0.25 − 0.35 0.07 
Arts 7.0 5.8 2.0 0.10 0.18 − 0.26 0.14 
Extracurriculars 12.4 8.3 0.8 0.08 0.18 − 0.38 − 0.18 
Family 12.1 7.7 − 0.4 0.02 0.13 − 0.42 0.03 
Grit 19.0 9.5 1.6 0.07 0.19 − 0.39 − 0.12 
Humanities 3.2 3.9 0.8 0.09 0.12 − 0.14 0.60 
Language 0.6 1.7 0.3 0.03 0.07 − 0.08 0.42 
Social Sciences 0.8 1.6 0.1 − 0.02 0.06 − 0.16 0.26 
Sports 4.8 6.0 1.3 0.04 0.13 − 0.22 − 0.37 
STEM 6.7 7.7 3.1 0.22 0.20 − 0.07 − 0.39 

PCA share of explained variance     26% 16% 7% 

Notes: Students typically submit only one of the SAT and ACT. Students not submitting one of the tests are assigned the mean value among those who do. 

10 In principle, in the training sample the coefficient of this regression should 
be 1: A 0.01 increase in the predicted likelihood of being URM should be 
associated with a one percentage point increase in the actual likelihood. In fact, 
the coefficient is 1.58 in the training sample. This reflects a common occur-
rence, which is that random forest models are not always well calibrated. Thus, 
the units of DW need to be rescaled by approximately 1.6 to be interpreted as 
predicted probabilities. 
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with URM status, as expected from Fig. 1. 
Overall, Table 3 indicates that there is indeed information in letters 

that can distinguish URM from non-URM candidates. However, there is 
not a great deal of it: The ΔW index on its own explains only 0.4% of the 
variance of a URM indicator, and its incremental explanatory power 
once DX is controlled is just 1%. 

Table 4 presents models that further illustrate the magnitude of 
differences in ΔW between URM and non-URM applicants. To estimate 
these, I regress ΔWon URM, again adding controls for the AI and then for 
DX. The difference in the letter URM score ΔW between URM and non- 
URM applicants is only 0.007, on average. This more than doubles 

when I add controls, but remains under two percentage points. Thus, 
while letter distinctiveness can be reliably identified, it is not very 
dramatic – readers can already identify URM candidates with a high 
degree of accuracy, and distinctive letters add only a little to this. 

Thus far, I have grouped the four URM groups together. I can instead 
treat them separately, estimating separate prediction models for stu-
dents with low-education parents, for students from low test score high 
schools, and so on. The resulting ΔW are modestly correlated with each 
other, with correlations ranging from 0.27 to 0.43. Tables 5 and 6 pre-
sent estimates corresponding to those in Tables 3 and 4 for each of the 
separate ΔW indexes. Letters written for students from low-test-score 

Fig. 2. Distribution of URM distinc-
tiveness of letters (ΔW), by URM status, 
experimental sample 
Notes: Figure shows the density of the 
letter distinctiveness index, the incre-
ment to the predicted probability that a 
student is URM from considering the 
letter features. The reweighted series 
reweights the non-URM students to 
have a similar Admissions Index (AI) 
distribution as the URM students. In 
panel B, the sample is limited to stu-
dents for whom the predicted URM 
probability given non-letter features 
(DX) is less than 0.9.   
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high schools are more distinctive from those written for students from 
other high schools than are those for the other groups. There is little 
information in letters, however, about parental education, family in-
come, or student racial or ethnic identity. 

This distinctiveness of letters from low-performing high schools is 
perhaps consistent with the hypothesis that teachers and counselors at 
these schools are not positioned to be good letter writers. However, thus 
far I have measured only letter distinctiveness, not strength – the letters 
could be distinctive because they effectively highlight how the student’s 
ability to overcome obstacles prepares them for college. I turn next to an 
analysis of letter strength. 

4. Measuring letter strength as interpreted by application 
readers 

I have established thus far that letters written on behalf of URM 
applicants differ systematically, though not majorly, from those written 
on behalf of non-URM applicants. But different need not be better or 
worse; readers can infer an applicant’s URM status with high accuracy 
even without the letters, may not consider the “URM-ness” of an ap-
plicant’s letters in scoring his or her application, and may (or may not) 
be able to extract substantial information from the letters that is unre-
lated to the applicant’s URM status. 

The next step of the analysis is to measure the features of letters that 
lead to stronger and weaker reader scores. As in the above analysis of the 
distinctiveness of letters written for URM students, a first-order chal-
lenge is to disentangle the effects of letter features from effects of the rest 
of the application that might be correlated with those letter features. For 
this analysis, I can take advantage of the within-subjects experiment. 
Rather than predicting a reader score, where it would be necessary to 
disentangle the effects of letters from that of other features, I instead 
examine the difference between the score given in the second round, 
when letters were available, and that given in the experimental third 
round, when they were not. I ask which letter features predict a stronger 

score from the second reader. That is, I fit another random forest model, 
this time using just letter features as predictors (i.e., no Xs), where the 
objective is to predict whether the applicant received a higher score 
from R2 than from R3.11 I exclude from this analysis those applicants 
who received “Yes” scores from R3, as there was nothing the letters 
could have contributed to raising these students’ scores. 

Table 3 
Predicting URM status using application and letter features, in test sample.   

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

Letter-based index of URM, unadjusted (DW) 1.62        
(0.06)        

Application-based index of URM (DX)  1.00 1.01 1.09 1.10     
(0.02) (0.02) (0.03) (0.03)    

Letter-based index of URM, adjusted for application features (ΔW)   0.87  0.83 0.52 0.65    
(0.13)  (0.13) (0.17) (0.17)  

Academic Index    0.28 0.27  − 0.48      
(0.04) (0.04)  (0.04)  

R2 0.223 0.395 0.405 0.406 0.416 0.004 0.048  
Mean predicted probability of URM         

Non-URM students 0.468 0.364 0.358 0.357 0.352 0.600 0.573  
URM students 0.691 0.759 0.763 0.764 0.768 0.604 0.621  

Notes: All columns report linear probability models where the dependent variable is an indicator for a URM student. The sample is the "test" sample, held out from the 
construction of the letter-based indices. N = 2,460. 

Table 4 
Predicting letter URM-ness index.   

(1) (2) (3) 

URM 0.007 0.009 0.019  
(0.002) (0.002) (0.003) 

Academic Index  0.023 0.008   
(0.006) (0.006) 

Application-based index of URM (DX)   − 0.029    
(0.005) 

R2 0.004 0.011 0.022 

Notes: Dependent variable in all columns is the increment to predicted applicant 
URM status from including letter features in the prediction, ΔW. The sample is 
the "test" sample, held out from the prediction model. N = 2,460. 

Table 5 
Predicting URM subgroups using application and letter features.   

(1) (2) (3) 

A. Low API high school    
Letter-based index of low API, adjusted for 
application features (ΔW) 

0.86 0.84 0.95  

(0.16) (0.16) (0.13) 
Academic Index  − 0.28 0.31   

(0.04) (0.04) 
Application-based index of low API (DX)   1.10    

(0.03) 
R2 0.012 0.028 0.350 

B. Fee waiver    
Letter-based index of fee waiver, adjusted for 
application features (ΔW) 

0.54 0.66 0.85  

(0.15) (0.15) (0.12) 
Academic Index  − 0.48 0.23   

(0.05) (0.04) 
Application-based index of fee waiver (DX)   1.09    

(0.03) 
R2 0.005 0.049 0.397 

C. First generation    
Letter-based index of first generation, adjusted for 
application features (ΔW) 

0.27 0.37 1.17  

(0.15) (0.15) (0.13) 
Academic Index  − 0.38 0.22   

(0.04) (0.04) 
Application-based index of first generation (DX)   1.15    

(0.03) 
R2 0.001 0.032 0.334 
D. Underrepresented racial or ethnic group    
Letter-based index of racial/ethnic minority, adjusted 

for application features (ΔW) 
0.22 0.35 0.58  

(0.17) (0.17) (0.13) 
Academic Index  − 0.58 0.11   

(0.04) (0.04) 
Application-based index of racial/ethnic minority (DX)   1.08    

(0.03) 
R2 0.001 0.066 0.395 

Notes: Samples and specifications are as in Table 3. Dependent variables in each 
panel are indicators for the indicated student characteristic. N = 2,460. 

11 Recall that random forest models by construction allow for arbitrary in-
teractions among the included variables. Thus, if readers value “well-rounded” 
applicants and thus reward letters that include discussions of both athletic and 
academic interests, the prediction model should in principle capture that. 
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As in Section III, I use a split-sample strategy to manage over-fitting. I 
estimate the prediction model using the training sample, then use the 
test sample to assess the quality of the predictions. The predicted values 
from the model are 

Σi ≡ P̂[1(R2i >R3i) | Wi; R3i < Yes]

Σi can be interpreted as an index of letter strength: The higher is Σi, 
the more likely is a student with letter features Wi to benefit from the 
inclusion of letters in the admissions process. Although the model is fit 
only to applicants who do not receive “Yes” scores from R3, I use it to 
generate measures of letter strength for all applicants. 

Table 7 presents regressions of various admissions outcomes on Σi. 

Of note is the model for the outcome of a higher score from R2 than from 
R3, the same measure used to train the Σi index. This coefficient is 
smaller than 1 in the training sample; random forest models, unlike OLS, 
do not generate unbiased predictions. This indicates a modest amount of 
overfitting, but also substantial signal value in the letter strength index. I 
construct a new index Σ̃i = 0.8 ∗ Σi that scales down the original index 
by this coefficient. This index measures the strength of the applicant’s 
letters in units of the probability that the letters predict that the reader 
score will rise when they are considered. The letter strength index is also 
strongly positively correlated with the second reader’s score on its own, 
with the simple difference between the 2nd and 3rd readers’ scores 
(converting them each to a 1–2–3 scale), and with the eventual admis-
sions outcome. 

Fig. 3 shows the distribution of Σ̃i in the full sample, for both URM 
and non-URM students. There is substantial variation in letter strength – 
a 25th percentile letter is associated with a 25 percent chance of getting 
a stronger score from reader 2 than from reader 3, while a student with a 
75th percentile letter has a 33 percent chance of this. The standard 
deviation of Σ̃i is 0.057. 

I can also examine the specific letter features that seem to be 
important to measured letter strength. Pure length is an important fac-
tor, with longer letters tending to be stronger. Features measuring a 
focus of the letters on academic strength – counts of words like “AP,” 
“STEM,” “academic,” “research,” “science,” and “intellectual” – seem to 
be strongly represented among the features with high importance. Letter 
writer identity is comparatively unimportant – none of the variables 
measuring the student’s relationship to the letter writer appear high on 
the list. 

The correlation between the letter strength score Σ̃i and the 
distinctiveness score ΔW

i is a fairly weak − 0.16. 

5. Are letters written for underrepresented students stronger or 
weaker than those written for other students? 

Fig. 3 shows that there are notable differences in the strength of 
letters written on behalf of URM and non-URM applicants. The average 
non-URM applicant has a letter strength score Σ̃i of 0.303, while the 
average URM applicant has only 0.278. The non-URM mean falls only to 
0.300 when this group is reweighted to the URM AI distribution. 

Table 8 presents regressions that investigate this. The raw gap in Σ̃i 
between URM and non-URM applicants is 0.026, indicating a 2.6 per-
centage point difference in the probability of receiving a higher score 
from reader 2 than from reader 3. This is nearly half of a standard de-
viation of Σ̃i, a substantial difference. 

Columns 2–4 add controls meant to capture the strength of the 
application without the letters. Column 2 adds the AI, while column 3 

Table 6 
Predicting distinctive letter scores.   

(1) (2) (3) 

A. Low API high school    
Low API high school 0.014 0.014 0.023  

(0.003) (0.003) (0.003) 
Academic Index  0.000 − 0.014   

(0.006) (0.006) 
Application-based index of low API (DX)   − 0.031    

(0.006) 
R2 0.012 0.012 0.022 

B. Fee waiver    
Fee waiver applicant 0.009 0.012 0.024  

(0.003) (0.003) (0.003) 
Academic Index  0.029 0.011   

(0.006) (0.007) 
Application-based index of fee waiver (DX)   − 0.036    

(0.006) 
R2 0.005 0.014 0.028 

C. First generation    
First generation applicant 0.005 0.007 0.028  

(0.003) (0.003) (0.003) 
Academic Index  0.024 − 0.011   

(0.006) (0.006) 
Application-based index of first generation (DX)   − 0.081    

(0.006) 
R2 0.001 0.008 0.072 

D. Underrepresented racial or ethnic group    
Racial/ethnic minority 0.003 0.005 0.013  

(0.002) (0.002) (0.003) 
Academic Index  0.019 0.008   

(0.006) (0.006) 
Application-based index of racial/ethnic 
minority (DX)   

− 0.024    

(0.005) 
R2 0.001 0.005 0.013 

Notes: Sample and specifications are as in Table 4. Dependent variable in each 
panel is the increment to the predicted probability that an applicant has the 
indicated identity from including letter features in the prediction. 

Table 7 
Letter strength index (Σi) and application outcomes.   

Regression on Σi Regression on Σi  

Coeff. SE N R2 Coeff. SE N R2  

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

A. Training sample         
Read 2 score > Read 3 score 0.744 0.067 6,397 0.019 1.085 0.098 6,397 0.019 
Read 2 score (1–3) 2.319 0.098 7,381 0.071 3.382 0.142 7,381 0.071 
Read 2 score - Read 3 score 0.532 0.097 7,381 0.004 0.776 0.141 7,381 0.004 
Admission 0.903 0.063 7,381 0.027 1.316 0.091 7,381 0.027 
B. Test sample         
Read 2 score > Read 3 score 0.686 0.120 2,137 0.015 1.000 0.175 2,137 0.015 
Read 2 score (1–3) 2.234 0.174 2,460 0.063 3.258 0.254 2,460 0.063 
Read 2 score - Read 3 score 0.514 0.168 2,460 0.004 0.750 0.245 2,460 0.004 
Admission 0.839 0.113 2,460 0.022 1.223 0.165 2,460 0.022 

Notes: Each row reports two bivariate regressions. The dependent variable is as indicated on the left. The independent variable in columns 1–4 is the random forest 
prediction of whether the second reader’s score will be higher than the third reader’s score, given the letter features. Columns 5–8 rescale that prediction to have 
coefficient 1 in the test sample for that outcome. 
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adds controls for the reader-1 and reader-3 scores, each conducted 
without benefit of the letters, and column 4 includes both. The reader 
scores might capture aspects of the application’s strength that are 
available even without the letters but difficult to proxy with quantifiable 
application characteristics. Their inclusion reduces the gap in ̃Σi by close 
to half, but it remains substantial. Column 5 adds the application 
distinctiveness scores from Section III. This eliminates the gap in letter 
strength, with most of the work being done by the letter-based measure. 
Evidently, the distinctiveness indices are capturing something that is 
valued by application readers – even though I had difficulty 

distinguishing letters written for URM and non-URM students, the index 
I obtained has meaningful signal, and readers reward letters that look 
like those written for non-URM students. It is impossible to tell from the 
available data whether this is something that is rightly valued, or 
whether the readers are unreasonably discriminating against students 
from URM groups. Moreover, although ΔW is a strong predictor of Σ̃, its 
very limited variability means that it does not account for much varia-
tion in letter strength: A standard deviation change in ΔW accounts for 
only 17% of a standard deviation of Σ̃. 

6. How does inclusion of letters affect the evaluation of 
applications? 

As a final analysis, I investigate the relationship between my con-
structed letter strength measure and admissions outcomes, and in 
particular how the inclusion of letters affects URM-non-URM differences 
in these outcomes. I estimate linear probability models for two out-
comes: The second reader’s score, treated as a numeric measure ranging 
from 1 to 3, and admissions outcome, treated as binary. 

Column 1 of Table 9 presents models for these outcomes that include 
just Σ̃i, the letter strength index. Students with stronger letters receive 
much stronger scores from reader 2 and are much more likely to be 
admitted. The standard deviation of Σ̃i is 0.057, so a one-standard de-
viation increase in Σ̃i is associated with an increase of 0.19 in the reader 
2 score (that is, about one-fifth of the distance from a Possible to a Yes) 
and a 7.0 percentage point increase in the probability of admission. 

Strong letters are partially reflective of already strong applications, 
so this much overstates the impact of the letters themselves. Column 2 
adds controls for the AI and the 1st and 3rd reader scores. This reduces 
the coefficient on Σ̃i by more than two-thirds; it remains statistically 
significant and practically large in the models of reader scores, but is 
only marginally significant in the model for admissions. 

Columns 3–5 present models that omit the letter index and include 

Fig. 3. Distribution of scaled letter strength (Σ̃) among URM and non-URM applicants in experimental sample 
Notes: Figure shows the density of the rescaled letter strength index, the predicted probability that reader 2, with access to the letters, will give a higher score than 
reader 3, without access, given the letter features, and is estimated only from the subsample who do not receive “Yes” scores from reader 3. The “reweighted” series 
reweights non-URM students to have a similar distribution of the Admissions Index (AI) as the URM students. 

Table 8 
Predicting letter strength.   

(1) (2) (3) (4) (5) 

URM − 0.026 − 0.022 − 0.015 − 0.013 − 0.004  
(0.002) (0.002) (0.003) (0.003) (0.003) 

Academic Index  0.042  0.026 0.016   
(0.005)  (0.006) (0.006) 

Read 1: Possible   0.024 0.023 0.016    
(0.003) (0.003) (0.003) 

Read 1: Yes   0.024 0.019 0.019    
(0.006) (0.006) (0.006) 

Read 3: Possible   0.007 0.004 0.003    
(0.003) (0.003) (0.003) 

Read 3: Yes   0.012 0.006 0.004    
(0.004) (0.004) (0.004) 

Application-based index of 
URM (DX)     

− 0.031     
(0.005) 

Letter-based index of URM, 
adjusted for application 
features (ΔW)     

− 0.160     
(0.018) 

R2 0.053 0.079 0.100 0.108 0.143 

Notes: Dependent variable is Σ̃i, the letter strength index rescaled to an unbiased 
predictor for the test sample. N = 2,460.  
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URM controls. URM students receive much lower reader 2 scores than 
non-URM students, on average, and are 3.6 percentage points less likely 
to be admitted. The reader 2 gap shrinks by half when the AI is 
controlled, while the admissions gap is reversed. When I add controls for 
the 1st and 3rd reader scores – though note that the reader scores could 
themselves be influenced by bias for or against URM students – URM 
students do better on admissions and reader scores (the latter not sta-
tistically significant) than non-URMs with the same AI and 1st and 3rd 
reader scores. Because the 2nd reader observes the letters of recom-
mendation but the 1st and 3rd readers do not, this indicates that URM 
students are relatively advantaged by the inclusion of letters in the 
application review. 

Column 6 includes both the URM indicator and the letter strength 
measure. URM students do better than non-URM students with the same 
AIs, 1st and 3rd reader scores, and letter strength index. Column 7 adds 
interactions between URM and the AI and the letter strength measure. 
For ease of interpretation, both the AI and Σ̃i are normed relative to their 
mean in the URM applicant pool, so the URM coefficient can be inter-
preted as the difference in outcomes for URM students with average 
values of the AI and Σ̃i. 

The URM - Σ̃i interaction is negative, indicating that readers place 
much less weight on a strong letter for URM than for non-URM appli-
cants. The URM-AI interaction is near zero, as expected: Any differences 
in the way that readers interpret the non-letter components of the ap-
plications of URM and non-URM applicants should be absorbed by the 
1st and 3rd reader scores. (When I omit these controls, the URM- AI 
interaction is large and positive.) The URM main effect remains positive 
and significant. 

The results in column 7 bear some further explication. They indicate 
that a URM applicant with average AI and Σ̃i tends to receive higher 

reader scores and to be more likely to be admitted than a non-URM 
applicant with the same AI and letter strength score, but that as letter 
strength improves, the URM advantage is reduced. Thus, the inclusion of 
letters appears to help the average URM student, but the features that 
are generally indicative of strong letters do not seem to convey the same 
advantage for URM as for non-URM applicants. 

One potential explanation for this is that letters convey multiple 
pieces of information about a student’s potential. For example, one 
might imagine that readers extract from the letters information both 
about the challenges that a student has overcome and about achieve-
ments that are not captured by the quantitative measures used to 
construct the AI. The former plausibly varies more between URM and 
non-URM applicants, while the variation in the latter may be primarily 
within group. It is plausible that the letter strength index Σ̃i is largely 
measuring the achievement component of the letters and the URM main 
effect is capturing the “overcoming challenges” component. One way to 
assess this is to bring in the letter distinctiveness information from 
Section III. In column 8, I add controls for both DX and ΔW, both on their 
own and interacted with URM. These have basically no effect on the 
model for reader 2 scores, for which the R2 is unchanged to three dec-
imal places. They have a bigger effect in the model for admission: Letters 
typical of URM candidates are associated with substantial admissions 
advantages for URM students. Controlling for this reduces the URM-by- 
Σ̃i interaction by half: Once I allow for the fact that URM-distinctive 
letters are rewarded more heavily for URM applicants, I no longer find 
much evidence that stronger letters are rewarded differentially. We still 
see a substantial positive URM main effect – the average URM applicant 
receives a substantial bonus from the inclusion of letters in the 
evaluation. 

Overall, this pattern of results seems consistent with the above 
explanation that letters convey information about obstacles overcome as 

Table 9 
Letter strength and application outcomes.   

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

Panel A. Dependent variable is Read 2 score         
Σ̃i 3.258 0.905    0.946 1.521 1.485  

(0.254) (0.207)    (0.208) (0.333) (0.335) 
URM   − 0.293 − 0.159 0.036 0.049 0.066 0.103    

(0.029) (0.027) (0.026) (0.026) (0.028) (0.041) 
URM*Σ̃i       − 0.938 − 0.795        

(0.425) (0.436) 
URM*AI       0.024 0.109        

(0.112) (0.122) 
URM*DX        0.198         

(0.111) 
URM*ΔW        0.245         

(0.393) 
AI  y  y y y y y 
Reader 1 & 3 scores  y   y y y y 
DX, ΔW        y 
R2 0.063 0.442 0.040 0.230 0.438 0.442 0.444 0.444 
Panel B. Dependent variable is an indicator for an admission offer         
Σ̃i 1.223 0.245    0.326 0.499 0.532  

(0.165) (0.152)    (0.152) (0.244) (0.245) 
URM   − 0.036 0.037 0.092 0.096 0.102 0.086    

(0.019) (0.018) (0.019) (0.019) (0.021) (0.030) 
URM*Σ̃i       − 0.282 − 0.145        

(0.312) (0.319) 
URM*AI       − 0.005 0.060        

(0.082) (0.089) 
URM*DX        0.120         

(0.081) 
URM*ΔW        0.519         

(0.287) 
AI  y  y y y y y 
Reader 1 & 3 scores  y   y y y y 
DX, ΔW        y 
R2 0.022 0.247 0.002 0.140 0.254 0.255 0.255 0.262 

Notes: N = 2,460. All controls included in interactions with URM are measured relative to their average in the URM subsample. 
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well as applicant achievement, and that the average URM applicant 
benefits from the former. 

7. Conclusion 

There are many aspects of selective admissions that create explicit or 
implicit advantages for students from high-scoring high schools and 
wealthy families who have experience with the college application 
process. Efforts to increase fairness in admissions amount to increasing 
or reducing the weights given to particular measures, in the hope that 
the fairer measures can be given the most weight. But measuring the 
impact of any particular measure on admissions is not straightforward. 

I use data from a pilot study conducted by the University of Cali-
fornia, Berkeley, in 2017. A subset of applicants that year were asked to 
submit letters of recommendation from two teachers, counselors, or 
other adults. Working with the admissions office, I obtained the text of 
the letters submitted. I also oversaw a within-subjects experimental 
design, wherein applications of students who submitted letters were re- 
read under identical conditions but without the letters. I use compari-
sons between application scores given by readers who had the letters 
and those from the parallel no-letter evaluations to identify which letter 
features lead to higher application scores. 

I show that letters written on behalf of underrepresented applicants 

are only minorly different from those written on behalf of other appli-
cants with similar quantitative credentials. One exception to this general 
pattern is that students from low-scoring high schools do seem to receive 
different letters, perhaps indicative of a shortage of adults at these 
schools who can write strong letters. 

I also show that it is possible to identify features of letters that lead to 
stronger application scores. Although my use of natural language pro-
cessing to identify letter strength leads to a “black box” estimate, fea-
tures characterizing the degree to which the letters emphasize academic 
strength appear important in determining reader scores. 

Last, I show that underrepresented applicants achieve better average 
application outcomes – reader scores, admissions decisions – when let-
ters are available. These gains are not concentrated among the students 
with the strongest letters, according to the above index; rather, students 
with average letters benefit more than do those with stronger letters. A 
plausible interpretation, consistent with the data, is that readers infer 
two different dimensions of applicant characteristics from the letters, 
both of which they reward. They infer applicants’ academic strength, 
captured by the letter strength index, and they infer the degree to which 
the applicant has overcome barriers. The latter is widely seen to be an 
important qualification for selective colleges, but it is not easy to 
observe even in holistic review systems like that in place at UC Berkeley. 
There is a case for including subjective information like letters in the 
process in order to make it more visible, at least within systems like 
Berkeley’s that are carefully designed to promote equitable admissions. 

Appendix to Qualitative Information in Undergraduate 
Admissions: A Pilot Study of Letters of Recommendation 

As discussed in the text, the analysis was conducted on deidentified 
data. This appendix describes the deidentification process in more 
detail. 

The analysis combines traditional data from administrative records 
maintained by the admissions office, with variables like GPAs, SAT 
scores, demographics, and readers’ assigned scores, with data derived 
from the text of the letters of recommendation. The administrative re-
cords are deidentified before being provided to the research team – in-
dividual identifiers like names and dates of birth are replaced with a 
coded ID. The process for providing matching versions of the letters 
involved several steps:  

1 PDF files of letters were extracted to generate an unstructured text 
field containing the full contents of the PDF file.  

2 A new variable was created containing the coded ID of the student for 
whom the letter was submitted. Additional variables were created 
with other metadata, most notably the student’s description of his or 
her relationship with the letter writer.  

3 The unstructured text field was modified to remove the first name 
and last name of the student and of the letter writer, wherever they 
appeared.  

4 The text field was further cleaned to select only the text between the 
salutation and the closing. This was intended to remove addresses as 
well as artifacts from the letter writer’s letterhead. 

Steps 1–3 were conducted by the admissions office. The resulting file 
was passed to researchers, who conducted step 4. 
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