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Abstract

When hiring new workers, employers often screen large numbers of written applica-
tions before selecting a subset for more costly, in-person interviews. A large literature
suggests that information frictions lead to screening on imperfect quality signals—e.g.,
educational pedigree and network-based referrals—and that these practices can perpet-
uate labor-market inequities. In theory, a reduction in the cost of in-person screening
could lead to improvements in both efficiency and equity by reducing the use of blunt
signals that disadvantage certain groups. We test this hypothesis by studying the in-
troduction of a labor-market intermediary, the Accounting Rookie Camp (ARC), that
greatly facilitated in-person screening in the labor market for PhD accountants. Using
a novel data set with information on new PhDs, recruiters and market outcomes over
11 years, we estimate difference-in-difference models that leverage variation in the tim-
ing of ARC adoption. We find that degree program rank and adviser connectedness
are strong predictors of initial job placements, but that their impacts are significantly
reduced by participation in ARC. The results suggest that the historical returns to
program reputation and adviser networks were driven partly by their signaling values,
which were reduced by new the information channels created by ARC. They also indi-
cate that in some respects, ARC adoption helped foster greater diversity in hiring. At
the same time, we find no evidence that ARC reduced existing disparities in placements
by gender and only weak evidence that it benefited under-represented minorities. Fi-
nally, using names to predict nationality and native language, we find that ARC led to
worse placements for candidates whose native language is very different from English.
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1 Introduction

When hiring new workers, employers often care about qualities that are hard to ascertain
or verify from written application materials. In-person interviews can be more informative,
but due to their high cost, they tend to be limited to a subset of pre-screened applicants.
Research suggests that in the initial screening process, employers often rely on educational
pedigree, network-based referrals, or group membership (e.g., race or gender) as signals of
applicant quality or fit. However, to the extent these signals correlate with socioeconomic
advantage and not ability, they will yield relatively small efficiency gains and will instead
have distributional effects (Arrow, |1973; Montgomery, 1991)) that may perpetuate inequalities
(Calvo-Armengol and Jackson, |2004).

In theory, an innovation that reduces the cost of in-person screening could lead to im-
provements in both efficiency and equity by reducing information asymmetries and the need
to rely on blunt signals that disadvantage certain groups. However, increasing the role of
personal interactions in the screening process could also give way to greater influence for bias
or errors in judgment (Hoffman et al., 2018]). More generally, it could increase the weight
placed on any candidate characteristic that is easier to observe in person. Despite a large
body of empirical research aimed at understanding the practical importance and distribu-
tional consequences of job market screening, there is little rigorous evidence on the role of
in-person evaluations.

We address this gap by studying the introduction of a labor-market intermediary that
dramatically changed the hiring process in the academic labor market for PhD accountants.
Before 2010, universities seeking to hire PhD accountants for research-oriented positions
typically did not meet with applicants in person before selecting a short list of candidates to
invite for campus interviews. However, in 2010, a two-day meeting known as the Accounting
Rookie Camp (ARC) was created to facilitate in-person screening. Its stated purpose is
to provide a forum for faculty and recruiters to meet and network with PhD candidates,

attend 15-minute research presentations by job-seeking candidates, and interview job-market



candidates before making decisions about recruiting ‘fly-outs/f]

If the Rookie Camp provided new information about candidates that recruiters used
to update their assessments and inform their fly-out decisions, then we should expect to
see less weight placed on other imperfect proxies that were previously used by recruiters
to screen applicants. To test this prediction, we assemble 11 years of data on new PhD
job candidates, recruiters, and market outcomes. We then leverage the staggered adoption
of ARC by institutions on both sides of the market to examine how the determinants of
job-market matches changed as institutions began participating in the Rookie Camp.

We begin by focusing on a well-known correlate of job outcomes in academia: the research
rank of one’s PhD program. Consistent with prior research, we find there is a high degree
of assortative matching in the labor market for new PhDs in Accounting: degree program
reputation is a strong predictor of a candidate’s initial success, as measured by the rank
of the hiring institution. We then estimate difference-in-difference models that allow this
relationship to change after institutions begin participating in the Rookie Camp. We find
that the impact of program rank is significantly reduced by participation. This result is
robust to models that use variation from both sides of the market, and it does not appear
to be driven either by pre-existing trends or by selection in the timing of adoption.

We interpret this result as implying that the historical return to program reputation was
driven partly by its signaling value to employers, which is diminished by the new information
channels created by the Rookie Camp. We also conclude that by reducing the influence of
program reputation, the ARC helped foster greater diversity in hiring, at least on one key
dimension.

Next, we investigate the role of personal connections by examining the coauthor net-
works of a candidate’s PhD thesis adviser. We find that even when controlling for assor-
tative matching based on institution rank, the presence of a coauthor connection between

a candidate’s adviser and a hiring school greatly increases the likelihood of that particular

Thttp://aaahq.org/Meetings /2018 / Accounting-Rookie-Camp.



job match being realized. Again, however, the impact of adviser connections is significantly
reduced after ARC adoption. Moreover, we find a similar reduction in the importance of
geographic proximity in determining which job matches are realized in the market. These
findings lend further support to our conclusion that when the cost of in-person screening
was lowered by ARC, recruiters reduced their reliance on traditional screening mechanisms
and information channels.

Turning to candidate-level characteristics, we first explore changes in the role of pre-
market publications—arguably one of the best and most easily verifiable signals of future
productivity. We distinguish between the importance of having any publication prior to
graduation and having a “top-5” publication (a strong and relatively rare signal). We find
that prior to ARC, having a top-5 was was especially important for candidates for lower-
ranked schools, carrying almost twice as much weight as for candidates from higher-ranked
schools, but that the opposite was true for other publications. Interestingly, ARC appears
to have helped level the playing field by reducing disparities in the weights of both signals.
Thus for candidates from lower-ranked schools, ARC participation reduced the importance
of having a top-5, but increased their relative return to publications in general, possibly by
improving the odds that their application materials would be carefully reviewed.

If the impact of ARC on hiring patterns was driven primarily by employers ability to
make more informed decisions, then its introduction should have led to better hires by the
earlier adopters and more efficient matches generally. Consistent with this prediction, we find
significant positive effects of ARC adoption by recruiters on both the quantity and quality
of publications authored by their new hires within the first three years of employment [

Finally, we also test for differential effects of the new screening process by the gender,
race, or nationality of the candidate (as inferred from names or photographs). If the ARC
helped level the playing field in the job market by reducing the role of educational pedigree

and personal connections, a natural question is whether ARC also helped foster diversity

2In future work, we will examine ARC’s effect on match quality as measured by turnover and likelihood
of tenure with the initial employer.



with regard to gender, race, or nationality. Our findings suggest that it did not. We find no
evidence that ARC participation reduced existing disparities in placements by gender and
only weak evidence that it benefited under-represented minorities.ﬂ

Perhaps our most striking finding pertains to candidates whose undergraduate degrees
were from outside the U.S.—and especially those with Chinese surnames. We find that Rookie
Camp participation resulted in a penalty for such individuals, as measured by a decline in
the probability of placing at a highly ranked university (relative to candidates with domes-
tic undergraduate degrees or English-sounding surnames). If we interpret this result in a
framework of statistical discrimination (Arrow, 1973)), it might suggest that the new infor-
mation gleaned from the Rookie Camp led employers to update their prior beliefs about the
research productivity in a negative direction for Chinese candidates. An alternate interpre-
tation is that the increased role of interpersonal interaction may have caused factors like
language or culture to become more salient or to carry more weight in the overall evaluation
of candidates. We find some evidence of an increased role for language when we characterize
candidates by the distance between their (predicted) native language and English (though
this is highly correlated with Chinese nationality).

To further probe the finding for candidates with Chinese surnames, we focus attention
on a subset of these individuals who have what might be considered a signal of their English
fluency and /or assimilation with American culture: an English or white-sounding first nameﬁ
We find that these candidates historically obtained relatively high-ranked jobs, but that they
perform significantly worse in the years following ARC adoption, with negative impacts that

are much larger than those for Chinese overall. Estimates from models of pre-market quality

3Moreover, when we estimate ARC’s impact on the role of program reputation separately by gender, we
find that the diversifying effect is driven mainly by improved placements for male candidates from lower-
ranked programs. With regard to under-represented minorities (Blacks and Hispanics), our estimates suggest
that like female candidates, these groups also tend to be under-placed, but unlike female candidates, minority
candidates appear to benefit from ARC participation. However, the estimated impact is imprecise due to
the small numbers of minorities in our sample.

4We include both individuals whose only first name is white and those who list a white-sounding name in
parenthesis after their Chinese name. Roughly 13 percent (50 out of 396) individuals with Chinese surnames
have a white-sounding first name.



signals, including measures of written English proficiency derived from textual analysis of
PhD dissertations, help to rule out differential changes in the quality of candidates’ written
application materials as driver of our results.

In future work, we will supplement our analysis of job placements with an analysis of fly-
out data constructed from CVs and an email survey. This will allow us to test whether the
effects we find on hiring were mediated through changes in who received flyout invitations, as
would be expected if our findings indeed reflect changes in the initial screening process. We
will also examine whether recruiter attendance at a candidates research presentation, which
we will proxy from the randomly assigned time slot, moderates ARC’s impact. Because the
presentation schedule was determined randomly, a moderating effect of a good time slot on
the importance of other signals could be interpreted as evidence that recruiters relied on
information garnered from the presentations when making flyout decisions.

A large body of research has been devoted to understanding the theoretical implications
of informational asymmetries in the hiring process as well as the practical importance and
distributional consequences of various signaling and screening mechanisms. Empirical studies
often focus on identifying the role for signaling or screening through a particular mechanism
such as educational attainment, network-based referrals, or statistical discrimination based
on group membership (e.g., race or gender). A common challenge in this literature is how to
credibly distinguish these mechanisms from other channels linking applicant characteristics
to labor market outcomes.

Methodologically, our study complements a strand of literature that identifies the pres-
ence of screening or signaling by asking how employers respond to a sharp change in the
cost or availability of information on applicant quality. Two recent examples are MacLeod
et al.| (2017)), who find that employer access to a new measure of individual skill reduces the
return to college reputation in Colombia, and Agan and Starr| (2018)), who find that a ban
on the use of criminal background checks in New Jersey led to a higher penalty for black

males in the screening process for job interviews.



More generally, our study builds on three specific strands in the literature:

1. Signaling value of education. We provide new evidence on the long-standing question
of whether the returns to education reflect a signaling value (Spence) |1973) in addition
to a human capital effect on productivity (Becker] 1964)). Distinguishing between these two
channels is difficult because individuals rarely differ in the educational credentials that might
signal their ability to employers without also differing their accumulated human capital
(Clark and Martorell, 2014). Early work by Farber and Gibbons (1996) and |Altonji and
Pierret| (2001) proposed testing the prediction that if signaling is important, the return to
education should diminish with job tenure as employers learn about worker ability. In this
vein, (Oyer and Schaefer| (2019) find that the return to an elite law-school education is large
and relatively stable over time, and interpret this as suggesting a small role for signaling.
However, as these authors acknowledge, the persistence in earnings variation could be caused
partly by variation in the quality of first jobs rather than individual earnings potential (Oyer],
2006; (Oreopoulos et al., [2012; |Kahn, [2010).

Our approach circumvents these issues by asking how informational frictions affect the
return to educational reputation in initial job placements. This approach is most similar
to MacLeod et al| (2017) who study the returns to college reputation in the Colombian
labor market and find that the introduction of a college exit exam, which provides employers
new information about the skills of college graduates, leads to a reduction in the effect of
college reputation on earnings. Aside from a different context, our study differs in several
key ways. One is that we can distinguish empirically between the reputation of one’s degree
program and the connections of one’s adviser; our results point to the independent effects
of program reputation and networks. Another crucial difference is that in our context, the
new information available to employers is obtained from in-person interactions rather than
an objective measure of skill.

2. Networks and employee referrals. Theory suggests that among other reasons, firms

may use referrals as a screening mechanism to reduce asymmetric information (Montgomery),



1991). In our context, an adviser’s professional and social connections to faculty at other
institutions may impact her students’ placements because it enhances her ability to pro-
vide credible signals about match quality. Other possible channels include reciprocity and
favoritism. The empirical literature on hiring networks has produced substantial credible
evidence that networks and referrals influence labor market outcomes (Kramarz and Skans|,
2014)); however, less is known about the reasons why network-based hiring is so common.
Support for the screening explanation has been found in the context of ethnicity-based net-
works in Germany (Dustmann et al., [2016) and in a selection of large U.S. firms (Burks
et al., 2015} Brown et al., 2016). But in a field experiment in India, [Beaman and Magruder
(2012) find that network-based hiring can lead to favoritism and reduced productivity. We
extend this body of evidence to the context of academic labor markets.

3. Statistical discrimination. Our study is also related to the literature on race and
gender-based statistical discrimination. A key challenge in this literature is the difficulty
of distinguishing between statistical discrimination—e.g., the use of race as a proxy for some
other quality the employer cares about—and discrimination due to implicit bias or prejudice of
the hiring agent. An established literature uses correspondence studies that randomly assign
names to fictitious resumes as a means of testing for hiring discrimination. In their seminal
paper, |Bertrand and Mullainathan| (2004) find that resumes with “white” names receive
roughly 50% more call-backs than those with “black” names, and this gap is robust to the
inclusion of additional information that could signal productivity. The authors cautiously
interpret this evidence as being more consistent with employer bias than with statistical
discrimination. However, recent work by |/Agan and Starr| (2018) find strong evidence of race-
based statistical discrimination by showing that so-called “ban-the-box” policies, which limit
employers use of criminal background checks to screen job applicants, reduce the call-back
success rates for resumes of black men.

Understanding the motivations and mechanisms underlying name-based discrepancies in

call back rates is key for understanding the policy implications. For example, if discrimi-



nation is statistical and if an applicant’s race is a coarse proxy for productivity, then racial
disparities might be addressed by changes in sequencing or screening technology. Under this
scenario, individuals from “out” groups might also improve their own outcomes by adopting
names that signal in-group status (Biavaschi et al., [2017; |Oreopoulos et al., 2012; Arai and
Skogman Thoursie, 2009). On the other hand, in the presence of a strong racial bias or
preference for a characteristic that is highly correlated with race, disparities are likely to
persist under any screening technology in which race is observed prior to the final hiring
decision.

Interestingly, advocates for ban-the-box policies have stressed the importance of rapport
building for overcoming stereotypes that lead to statistical discrimination. Support for this
view comes from audit studies that use individuals rather than resumes and conclude, for
example, that personal contact plays an essential role in mediating the effects of criminal
stigma (e.g., |[Pager et al.|2009). While ban-the-box policies appear to have reduced interview
opportunities for black men because they increased employer screening costs, the question
remains whether a reduction in interview costs could have led to the intended benefits. While
our study focuses on a more specialized market, it provides some of the first rigorous evidence,
using data on actual job seekers, on the broader question of how increasing personal contact
in the early stages of the job screening process affects labor market outcomes.

Finally, this study complements prior work on academic labor markets in economics,
accounting and other related fields. Several studies find that degree school reputation and
advisor connections are both strong predictors of job market success.E] However, to the
extent that a candidate’s research potential is improved by attending a higher-quality PhD

program and having an adviser with better networks, these patterns of assortative matching

5The importance of attending an elite graduate or undergraduate institution has been documented in the
markets for economists (Athey et al., 2007; |[Smeets et al., 2006); financial economists (Chan et al., [2009);
lawyers (Oyer and Schaefer}, |2019); and accountants (Fogarty et al., [2011). Others have found that adviser
connections play a significant role. For example, see|Rose and Shekhar| (2018)) and [Krueger and Wu/ (2000) on
the market for economists; and [Hadlock and Pierce| (2018]) on financial economists. School-based networks
have also been studied in the markets for lawyers (Oyer and Schaefer, [2016] 2019) and for PhDs in political
science (Fowler et al.| [2007)



would be expected even if future research productivity were perfectly observed[f] As such,
most of the prior research does not speak to the importance of school reputation or adviser
connections as screening devices. Our finding that the returns to these established predictors
of job-market success are diminished when informational frictions are reduced allows us
to conclude that their value to recruiters is derived partly from the difficulty of assessing
application quality. This conclusion is consistent with that of Conley and Onder| (2014) who
study the determinants of research productivity of new PhDs in Economics and conclude
that there is substantial noise in identifying research talent at the time the doctoral degree
is granted. Importantly, our study goes beyond descriptive evidence and provides causal

evidence that labor market institutions like ARC can reduce informational frictions[’]

2 Setting

2.1 The Academic Labor Market for Ph.D. Accountants

Like most other academic job markets, the academic market for PhDs in accounting is
characterized by a decentralized search and matching process, with timing that is driven by
the academic calendar. Because skills and personal qualities that are highly valued are also
hard to convey credibly in writing, campus interviews (“flyouts”)-in which candidates give a
formal presentation of their research and have individual meetings with current faculty—are
an essential part of the process. But because they typically include only a small fraction of
applicants, the screening process used to narrow the applicant pool is also critical. Studies
examining the determinants of placements in accounting and related academic fields have

found that both adviser connectedness and reputation of degree-granting institutions play

6 Another link between credentialing and labor market outcomes is through rents. [Barrios (2019) finds
that adoption of the 150-hour rule which increased the educational requirements for a CPA license led to a
reduced supply of new CPAs and increased rents to the profession with little impact on quality.

"Two recent studies find evidence that in-person meetings have significant positive effects on the formation
and dissemination of knowledge among researchers (Leite Lopez de Leon and McQuillin, 2020; |Catalini et al.)
2020). However, we know of no studies that examine impacts on hiring.



important roles (Krueger and Wu, [2000; Baruffaldi et al., 2016; Rose and Shekhar, 2018]).
However, prior to 2010, universities seeking to hire PhD accountants for research-oriented
positions typically did not meet with candidates in person before selecting their fly-out list.

The annual job market for new accounting PhDs typically starts in September of the
year before the job begins. Most degrees are awarded in May or June and academic jobs
typically begin in July or August of the following year. Job openings for accounting PhDs
are listed through the Accounting Research Network, the American Accounting Association
(AAA), and HigherEd Jobs, although a small number of schools post solely on their own
websites. Schools require candidates to submit applications and advisors to submit letters
of reference through a number of modalities, including mail, e-mail, university-specific web
servers, and third-party web servers. Traditionally, employers would review applications
throughout the fall and in January invite some applicants to on campus interviews. Flyouts
occur from late January to the end of March with the market clearing by April and with
most candidates finding positions. Applicants who have not secured a position by late April
may seek temporary academic employment as one-year visiting assistant professors or as

lecturers; or they may postpone graduation and re-enter the job market the following year.

2.2 The Accounting Rookie Camp

In contrast to larger academic fields like economics, the traditional recruiting approach in
accounting relied primarily on paper applications and advisor letters as opposed to formal
interviews at an annual academic meeting. The lack of an interview market stemmed partly
from the mismatch in timing between the annual meeting of the AAA and the academic
labor market—especially in the market for research-oriented positions.ﬁ In 2010, the Univer-
sity of Miami aimed to address this shortcoming by organizing an Accounting PhD Rookie

Recruiting and Research Camp (henceforth ARC or Rookie Camp) that was held in early

8 As discussed in Bergner et al.|(2016) and Hunt and Jones (2016)), recruiters for teaching-oriented positions
in Accounting often set up short interviews at the AAA meeting, which is held in August of each year.
However, the early timing of the AAA meeting makes it less useful to recruiters for research-oriented positions
since the quality of one’s dissertation is easier to assess the closer it is to the final product.

10



December.

The ARC facilitated in-person screening of candidates in three ways. First, it created a
venue where recruiters could set up short interviews with candidates. Second, it provided
opportunities for informal meetings among all recruiters and candidates in attendance. Fi-
nally, and perhaps most importantly, it organized a series of formal, 15-minute research
presentations which were given by participating job candidates and could be attended by
any recruiter. The presentation schedule was determined randomly to minimize concerns
about favoritism in the allocation of preferred time slots. Beginning in 2013, the Rookie
Camp was organized by the AAA and by 2015 it had become an integral feature of the job

market for new PhDs in accounting.

2.3 Other features of the academic labor market

Beyond the introduction of the Accounting Rookie Camp, several features of the market for
new PhDs in Accounting offer practical advantages for studying the screening process. First,
academic research position are human-capital intensive and initial contracts for new PhDs
are typically written for at least three years, making screening very important. Second, while
informational frictions are high for employers, they are relatively low (and arguably much less
relevant) for applicants. In short, all jobs openings are posted in a few places at the same time
of year, so the cost of learning about open positions is low; and the application procedure is
fairly uniform—making the marginal cost of an application low. Third, there is a fixed supply
of newly qualified candidates each year and a relatively small number of research-oriented
positions for new PhDs. The combination of a small number of positions and a low marginal
cost of an application makes it plausible to assume that candidates who desire a research job
apply to most or all positions. Finally, while we lack data on earnings, it is also a reasonable
assumption that candidates for research-oriented jobs share a primary objective of placing
at the highest-ranked department, subject to some idiosyncratic preferences. Not only do

higher-ranked department tend to pay higher salaries and benefits; strong initial placements

11



also confer several advantages that impact future productivity and thus future job options
(Oyerl, 2006]).

While our analysis does not require that these assumptions hold exactly, they are useful
for interpreting the data. For example, it is very unlikely that the assortative matching of
new PhDs to similarly ranked universities reflects preference-based sorting on the part of
the job seekers. It is also unlikely that ARC had any significant effect on job matching by
informing job-seekers about open positions, although it may have allowed applicants and

recruiters to share information about idiosyncratic preferences or features of the job.

3 Data and Sample Construction

Our analysis employs a comprehensive new database that contains the names and charac-
teristics of all individuals who received a PhD in accounting from a U.S. institution between
2005 and 2015. This section describes the data sources, sample construction, and key vari-

ables in our analysis.

3.1 Sample of Ph.D. Graduates

To generate our base sample, we used the most recent 15 volumes of Hasselback’s Accounting
Directories’] Graduates and programs were researched to ensure doctorates were earned in
accounting. In total, we collected data on the career and educational histories of more than
2,270 graduates from 102 academic institutions in the U.S. with active doctoral programs in
Accounting during the sample period. We supplemented the information from the directory
with data on new graduates with PhDs in Accounting that we collected from university
websites, online vitae, ProQuest’s dissertation database, and the official ARC rosters. We
then used the information on individual candidates to construct panel data on the schools

where they received their degrees and the institutions that hired them.

9These were downloaded from http://www.jrhasselback.com /FacDir.html
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The sample for the primary analysis is restricted to doctoral graduates whose first job
was at a four-year academic institution. Because we have relatively little information on
individuals employed outside academia, we exclude those with non-academic jobs as well as
graduates who obtain visiting or lecturer positions or who are missing placement information
altogetherm We also exclude a small number graduates with start dates that far pre-date
their graduation year or initial placements more than two years after earning the degreeﬂ
These restrictions leave us with a sample of 1,741 individuals that we use for most of our
analysis. To rule out market-driven changes in sample selection as a confounder in our
analysis, we use data on the full sample of all PhDs each year to construct and control for

measures of labor market tightness.

3.1.1 Candidate Publications

We obtain individuals’ publication histories, including publication titles, coauthors, and
dates, from several sources: individuals’ CVs, the Social Science Research Network (SSRN),
google scholar, and the Brigham Young University (BYU) Accounting research ranking site.
E We use these sources to generate three separate measures of an individual’s productivity
before and after graduating: the total number of publications, the number of publications in
top-five journals, and the number of coauthored publications. When looking at the relation-
ship between pre-market publications and the first job placement, we include only papers
that were published up to and including the year the individual graduated. When modeling

post-hire productivity, we include papers published in the first three years of employment.

10While the Hasselback directories cover all four-year academic institutions, they do not include PhDs
who are not employed in academia. We therefore have information on non-academic placements only in
cases where we can obtain a CV or LinkedIn profile. Fewer than 1% of all candidates in our sample take
non-tenure track positions in academia.

1 Graduates with pre-PhD start dates typically held non-research positions before pursuing the doctorate
and then returned to those institutions to resume employment. Those with late start dates may have delayed
employment due to family or other reasons.

2https:/ /www.byuaccounting.net /rankings /univrank /rankings.php
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3.1.2 Candidate Gender, Race and National Origin

We do not have information on self-reported race, ethnicity, or gender since most individuals
do not provide this information on their CVs. However, it is the information available to
employers that we are interested in studying, and research based on “correspondence studies”
with fictitious resumes has established that employers appear to infer race and gender from
applicants’ names (Bertrand and Mullainathan, [2004). We therefore use the candidates’
names to predict their gender, race, and national origin using a combination of classifying
algorithms and APIs. For gender, we use the NamSor Gender API, which infers gender from
the combination of characters in individuals’ first and last names[”| For cases where gender
is identified with less than 99% certainty, we assign gender based on assessments made by
research assistants using photographs from the professional websites of the candidates.

We assign race and national origin to individuals in our sample by combining predictions
using both NamSor and “NamePrism”, a non-commercial ethnicity /nationality classification
tool. Specifically, for each candidate, we use both the first and last name to query the
NamePrism online tool and obtain baseline probabilities for the 6 ethnic categories defined
by the U.S. Census Bureau: hispanic; non-hispanic white, non-hispanic black or African
American, non- hispanic asian/Pacific Islander, non-hispanic American Indian and Alaska
Native, and non- hispanic Multi-racial. NamePrism employs a training data set of 57 million
contact lists from a major Internet company, US census data on the distribution of last names
by race, and trains its algorithm using the homophily principle exhibited in communication
as the basis for its ethnicity classifier. Each candidate is assigned a probability, ranging from
0% to 100%, of belonging to each of the six ethnic groups, and the six probabilities sum to

1. We assign the category with the highest probability.

13This tool was developed by Elian Carsenat: http://www.namsor.com/. It uses classifications algorithms
trained on large labeled databases in the census.
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3.2 University Reputation and Chair Connections
3.2.1 University Reputation

Our primary measures of university reputation are based on the BY'U rankings for universities
and PhD programs. We use the university rankings to measure the quality of a candidate’s
initial job placement and the program rankings to measure the reputation of their PhD
program. University rankings are constructed by aggregating the total number of citations
for each author and then summing across all authors employed at the university in a given
year, excluding those listed as emeritus or retired.@ Universities are rank-ordered based on
this total citation count. PhD programs are ranked similarly by aggregating the citations of
all individuals who graduated from a program in the previous six years. In both cases, to
avoid concerns about endogenous changes in rankings over time, we measure rank at a fixed
point in time, using the three years prior to the Rookie Camp[l?] We also convert both rank

measures to percentile ranks to facilitate interpretation of the estimated coefficients.

3.2.2 Adviser Networks

In addition to information on a candidate’s degree program, we also collect information on
their primary Ph.D. adviser or dissertation chair. We obtain adviser names from a combina-
tion of CVs and dissertation title pages["| Our primary interest is in the adviser’s network
connections to potential employers, which may affect placements either through an informa-
tion channel or through reciprocity and favoritism. We measure the role of connections using
information on advisers’ coauthors[l’| We define an adviser as being connected to an institu-

tion in year t if she has ever published a paper with a researcher who is at that institution

14The authors are not penalized for co-authorship work; however, our results are robust to co-authorship
adjustments

15The BYU ranking data is not available prior to 2009

16We found adviser names for 86% of our sample. These were obtained from the candidate’s dissertation,
published online by ProQuest.

17Coauthor information is obtained from individuals publications which were gathered from the sources
cited above.
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in year ¢[1¥]

3.3 Rookie Camp Data

We obtained information on ARC participants by compiling Rookie Camp programs for the
years 2009-2014. The programs provide the names of all individuals participating as job
candidates each year, their school affiliations and dissertation titles, and the date and time
of each individual’s 15-minute presentation. The programs also contain information on the

recruiting schools in each of the years.

3.4 Descriptive statistics

Figure [I] shows the total numbers of participants in the market each year for new PhDs
(panel @), supplying universities (panel @, and hiring universities (panel . In addition,
panel (a) shows the counts of new PhDs who obtained a job at any four-year institution
(i.e., the individuals in our analysis sample), and panel (c) shows counts for a subset of
highly ranked universities that were likely to eventually recruit at ARC[™| Finally, the light
blue bar in each panel shows the numbers of Rookie Camp participants each year.

In the six years before the Rookie Camp, an average of 69 U.S. PhD programs sent PhDs
to the market each year; an average of 140 new PhDs got jobs each year at an average of
111 hiring universities. The jobs numbers dip somewhat during the recession (2009-2010)
and then rise to an average of 180 per year in the post-ARC years (2011-2015).

In 2011 (its first year), ARC was attended by 49 new PhDs (roughly 30% of all new PhDs
in the sample that year), representing 32 of the 70 Ph.D. programs that sent candidates to

the market. By 2015, participation in ARC had risen to 128 job-seekers representing nearly

18Specifically, we consider the advisor’s coauthors on all publications between the year 1997 and year ¢4
(to account for a lag between coauthorship and publication date).

19Highly ranked universities are defined as having a research rank above the median in our sample. As
discussed further below, these schools were much more likely to ever recruit through ARC, consistent with
ARC’s focus on the research market. When analyzing the effect of ARC participation by job candidates, we
focus on the likelihood of obtaining a first job at a highly ranked school.
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two-thirds of all PhDs and 70 of the 82 PhD programs with students on the market. On the
demand side of the market, the number of hiring universities that participated in the ARC
rose from 15 in 2011 to 61 in 2015. By 2015, 44% of hiring universities participated in ARC
(panel , and roughly half of new hires were made by a university that participated in ARC
(not shown in the figure).

Because the ARC was intended primarily to facilitate the market for research-oriented
jobs, participation rates—especially in the early years—skewed toward more highly-ranked
schools. Trends in the composition of participants on both the supply and demand side of
the market are shown in Figure [2 Starting with the supply side (panel @ we see that the
average rank of degree schools participating in the first year of ARC was around the 65th
percentile. However, this was followed by a steady downward trend, and by 2015, the average
rank was close to the median (consistent with an 85% participation rate that year).

Turning to the demand side of the market, panel [b] of Figure 2] shows that the top-ranked
recruiting schools were generally the first to attend the ARC. The participating recruiting
schools in the first three years were, on average, ranked at the 80th percentile of all hiring
schools in the sample. Schools that began participating in 2014 and 2015 were somewhat
lower-ranked, but even by the end of the sample period, the average rank of participating
recruiting schools was around the 70th percentile, compared to a mean around the 25th
percentile for non-ARC recruiters. When analyzing the impact of ARC participation by
recruiters, our preferred models will focus on the set of relatively high-ranked, research-
oriented schools that had “adopted” ARC by the end of the sample period.

Descriptive statistics for our analysis samples are shown in Tables[T|and 2] Table[T]shows
average characteristics of the individual job candidates and their degree programs, both for
the sample overall, and separately for schools ranked above and below the median and in
the years before and after the introduction of ARC. The overall sample is 41% female, 66%
White, 29% Asian (or Pacific Islander) and 4.3% Black or Hispanic (henceforth minority).

The two largest groups by predicted national origin are English (44%) and Chinese (23%).
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Women, minorities, and Chinese students are all somewhat under-represented at high-ranked
schools. Over time, there is a slight increase in the share of English candidates and a decline
in the share of Asian candidates at both groups of schools.ﬂ

Looking at program characteristics, we see that the average cohort size in our sample
is 3.2 students; higher-ranking programs are roughly 25% larger than lower-ranking ones,
and both groups grow around 15% over the sample period. Consistent with the research
orientation of the ARC, new PhDs from higher-ranking schools participate at 50% higher
rate than those from lower ranking schools (60% vs. 39%). Unsurprisingly, they are also
much more likely to be hired by top-ranked universities over the sample period. However,
while these graduates are more than twice as likely to obtain a “top-ranked” job in 2005-2010,
they are only 80% more likely to do so in the five years after ARC’s introduction—suggesting
a diminished role for program rank in placement success.

Table [2| provides descriptive statistics for four groups of recruiters in our sample: The
“early adopters” who began participating between 2011 and 2013; the “late adopters” who
began in 2014 or 2015; the “post-sample” adopters who attend for the first time in 2016 or
2017; and those who had never participated as of 2018. Consistent with Figure 2b, both
the average rank and the fraction of schools ranked above the median is higher among the
groups that participated earlier (rows 1 & 2). Row 3 shows the predicted program rank of
new PhDs hired by the schools in each groups, based on a regression model that includes
various characteristics of the hiring school and estimated using the first three years of the
data (2005—2007)@ As expected, recruiters that participate in the ARC earlier, being more
highly ranked themselves, tend to hire candidates from higher-ranked programs. Employers
that participate earlier are also more likely to run one of the PhD programs that produces

the candidates in our sample. Interestingly, however, the “early adopter” group also has

20Detailed data on the demographic composition of PhDs each year are provided in Appendix .

21'The model includes: the school’s BYU rank described above; an alternative rank based on UT Dallas;
dummies for being in the U.S., for having a PhD program, and for being unranked (and assigned rank of
zero) in either ranking measure; the average number of hires in 2005-2007; and the interactions of these
variables with each other.
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the largest share of non-U.S. schools (15% of this group), suggesting that non-U.S. schools
interested in hiring PhDs from the U.S. viewed Rookie Camp participation as important.
Figure |3| shows a binned scatter plot of the average rank of the hiring school against
an individual’s degree school rank, along with the fitted line from a quadratic model. The
relationship is close to linear with an R-squared of 0.22. This striking degree of assortative
matching on institutional reputation is consistent with prior literature on academic labor

markets (see footnote 5).

4 Empirical Strategy & Identifying Variation

The strong relationship between degree program rank and the rank of the university where
a new PhD gets hired suggests that applicants from highly ranked programs tend to have
higher research potential on average. But if employers’ find it hard to assess individual
variation within programs, then the strength of the relationship might be driven partly by
employers use of program rank as an imperfect proxy for quality. In turn, if the Rookie
Camp allowed recruiters to improve their assessments, we should expect program rank to
become less predictive of job placements after recruiters and applicants begin participating
in the ARC. This same logic applies to the role of other quality signals and screening devices
such as an individual’s pre-graduation publication record and the network connections of
their advisor.

To test these predictions, we use a difference-in-difference approach that exploits variation
in the timing of Rookie Camp adoption by schools. We use three complementary but distinct
approaches that differ in the source of variation in ARC participation (variation across
recruiters vs. degree programs) and in the level at which the outcome is measured (candidate,

employer, or match).
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4.1 Models of hiring decisions using recruiter variation

We begin by using variation among recruiters to estimate models in which the outcome
describes the candidate that is hired. Specifically, for recruiter j in year ¢, we model the

rank of the new hire’s degree program (Degree School Rank;j) as:

Degree School Rankj, =/ * Recruiter Rank; + B2 * Post ARC}

(1)
+ B3 * (Recruiter Rank x Post ARC')j, + 0, + €

Here, Recruiter Rank; is the predicted value of Degree School Rank;j, from a model
fitted to observed hires in 2005-2007, based on the recruiter’s rank and other fixed char-
acteristics prior to 2011 (see footnote 19). It can be thought of as measuring a recruiter’s
historical ability to attract candidates from highly-ranked programs due to its own research
reputation. We estimate equation using the full sample, so in the absence of any changes
in reputations or hiring practices over time, we would expect 3; = 1. Post ARC}; is a
dummy variable that equals one if the employer sent a recruiter to the Rookie Camp in
year t or earlier, and Recruiter Rank x Post ARC}; is the interaction of Recruiter Rank;
and Post ARC};. Equation also includes year fixed effects (6;) to control for overall
market conditions in year ¢; we also estimate specifications that replace Recruiter Rank;
with recruiter fixed effects.

Our primary interest is in 3, which tells us how participation in the ARC as a recruiter
affects the relationship between the recruiter’s reputation and the rank of the degree pro-
grams it hires from. In equation , (3 is estimated using variation in ARC adoption among
employers with the same predicted hiring patterns (from years prior to the ARC’s intro-
duction). A causal interpretation of 33 requires that there is no selection on unobservables
in the decision to begin recruiting at ARC. A second assumption underlying the simple
difference-in-difference model is that there are no dynamic effects at the recruiter level; ARC
participation changes recruiters’ hiring in the year they participate, and not with a lag.

To assess the validity of our research design, we present a number of robustness tests.
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These include: (1) restricting the sample to employers that made at least one hire pre- and
post ARC (to improve balance in the composition of hiring schools over time); (2) further
restricting the sample to employers that eventually adopted the ARC (to further improve
comparability); and (3) adding recruiter fixed effects to the model to control for all variation
in hiring patterns due to fixed characteristics of employers. In this last specification, s is
identified off of within-employer changes in hiring patterns and differences in the timing of
adoption. We also estimate distributed lag models by adding leads and lags of the treatment
variable to equation (1). The leads allows us to assess the assumption of no selection on
unobservables by testing for differences in hiring patterns prior to ARC’s implementation;
while the lags allow us to test for dynamic effects.

Finally, we also estimate specifications that control for potentially confounding variation
due to differential effects of labor market conditions on different types of recruiters. To
do this, we construct two measures of labor market tightness in each year: one based on
the share of all new PhDs who obtain any job at a four-year academic institution, and one
based on the ratio of the number of jobs at highly ranked universities to jobs at all four-year
universities. Figure [4] illustrates the time series pattern in these two measures.

Figure[p|illustrates the research design using variation in ARC adoption among recruiters,
and presents visual evidence in support of the key assumptions. The figure uses data on the
subset of employers who eventually adopt the ARC during our sample period (henceforth
“ever adopters”), and splits them into two groups based on the timing of adoption: the
“early adopters” who begin participating between 2011 and 2013 (panel @) and the “late
adopters” who begin in 2014 or 2015 (panel @ Within each of these categories, employers
are further grouped into “higher-ranked” or “lower-ranked” based on their ranking relative
to the median of the “ever-adopter” analysis Sample.ﬂ The dashed lines plot the average
Recruiter Rank; (which is the predicted value of Degree School Rank;; using hires from

2005-2007) for each of these groups over time. Since Recruiter Rank; is a fixed characteristic

22Recall from Table 2 that the ever adopters are generally more highly ranked than non-adopters in our
sample.
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of each school, these group means will vary over time only if there are compositional changes
in the sample that cause the variable to be correlated with changes in hiring patterns over
time. The flat trend in these lines is therefore reassuring.

The solid lines in Figure |5/ plot the mean values of Degree School Rank;, for the actual
hires made each year. In the years prior to ARC adoption (indicated by the vertical line in
each panel), deviation of these lines from the predicted values reflect changes over time in
unobserved determinants of hiring patterns. As would be expected, there is some fluctuation
around the predicted means. Importantly, however, there is no evidence of differential trends
in the years prior to ARC adoption, consistent with the assumption of no selection on time-
varying unobservables. Finally, both panels show a similar pattern following ARC adoption:
among the higher-ranking employers, the degree school rank of new hires begins to fall
relative to its predicted value. By the end of the sample period, the observed gap in average
Degree School Rankj, between higher and lower-ranked employers is effectively eliminated.
This indicates that there was a decline in assortative matching with timing that is strongly

suggestive of a causal role for the Rookie Camp ]

4.2 Models of job placements using degree-school variation

Since the ability to screen through ARC requires participation by job candidates as well as by
recruiters, we can also estimate ARC’s impact on placements using variation in adoption by
degree-granting schools. Here, we estimate linear probability models in which the outcome
is defined as whether the initial placement of candidate ¢ with a PhD from degree school s

in year t is at a highly ranked university (i.e., one that is ranked above the median of all

23Note that while the overall impact of ARC appears to grow over time following adoption, we cannot
infer anything about the dynamic effects for individual employers from this figure; a dynamic effect for the
market overall could be driven entirely by the increase in ARC participation over time.
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employers in our sample). Our estimation equations take the following form:

HighRank FJ;y = (1% DS Rank, + o * Post ARCy
+ B3 % (DS Rank x Post ARC')4

+ By« Year 14+ 85 * (DS Rank x Year 1)q (2)
+ B¢ * Xist + B % (X X Post ARC);s + Ps * (X X Year 1)
+ et + €ist

The variable DS Rank, is constructed using observed hires in 2005-2007 and the rank
of a candidate’s degree school prior to 2011 to predict the probability of HighRank F'J;s.
Hence it measures the degree program’s historical ability to place candidates at highly ranked
universities due to the research reputation of its graduates@ We also estimate variants of
equation that replace DS Ranks with degree school fixed effects. In some specifications,
we also include characteristics X of the individual candidate. These include quality signals
that vary at the candidate level such as the number and quality of journal publications before
graduation. X also includes the candidate’s gender and predicted race and nationality.

While the unit of observation in (2) is a new PhD candidate, the treatment variable
Post ARCy; is defined at the program level: a program is defined as having adopted the ARC
in year t if it sent at least one job candidate to the Rookie camp in year ¢ or earlier. Although
ARC participation does vary at the individual level even within some program cohorts, an
individual’s decision to participate is almost certainly endogenous. We therefore instrument
the individual’s decision with ARC adoption by the degree school. To avoid concerns about
selective timing of a school’s adoption due to idiosyncratic variation in candidate quality
between cohorts, we include a dummy variable, Year 1y, to control for the first year of
adoption by each degree school@ Thus, the coefficients 8, and (3 can be interpreted as
the reduced-form effect on candidates’ outcome of their degree programs’ decision, made

in prior years, to begin sending job candidates to the rookie camp. We are particularly

24 Analogous to Recruiter Rank; in equation , the model also includes other fixed school-level charac-
teristics, such as average cohort size, that may affect a program’s reputation.

25For example, a school’s initial decision to participate could be motivated by an unusually promising
candidate or by a last-ditch effort to help a weak candidate who has no other prospects by late November.
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interested in (3, the coefficient on the interaction of degree school rank with the post-ARC
adoption indicator, as this will tell us whether a candidate’s degree-school reputation carries
less weight in determining their job market success after the school starts participating in
the ARC.

We also use models like ([2]) to explore whether the effect a degree school’s participation in
ARC differed by an individual candidate’s characteristics X, conditional on any differential
effects by the rank of the degree school. For example, by defining X as an indicator for
having publications prior to the market, we use the coefficient 3; (on the interaction of X
with Post ARCy;) to test whether this potentially observable signal of research productivity
became more or less important in the context of the ARCPY Similarly, we can test for
heterogeneous effects by gender, race and nationality by defining X as a dummy variable for

a particular demographic characteristics.

4.3 Match-level models for the role of networks and proximity

Our third estimation approach uses variation from both sides of the market to study how
adoption of ARC affected the characteristics of job matches. Different from our first two
approaches, our unit of analysis is now a potential match between job candidate ¢ and
recruiter j, and we are interested in match-specific variation in the cost to recruiter j of
learning about candidate ¢ through channels other than the ARC. We focus on two proxies
for information channels: adviser coauthor networks and geographic proximity’] We start
by showing that both measures have independent effects on the likelihood that a particular
match is realized, even when controlling for the effect of rank similarity between schools. We
then ask whether the introduction of ARC reduced the importance of network connections

and physical distance in determining the matches that are realized.
To proceed, we construct a match-level data set consisting of all possible recruiter-

candidate pairs that can be formed from the set of all universities that hired in a given

26Tn these specifications, we also include the interaction of X with Yearls:.
27Catalini et al. (2020) show that geographic frictions play an important role in research collaborations
among scientists.
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year and all candidates that graduated and obtained a job in that year. We then estimate
the following linear probability model:

Hirejse =1 * Stmilar Rank School;s + Py ¥ Advisor C'onnection;; + B3 * Log Distance;s
+ B4 * Post ARC}/s + 5 x Post ARC x Similar Rank;,
+ B * Post ARCj;s x Advisor Connection;;
+ B7 * Post ARC}j x Log Distancej,
+oas +75 + 0+ €ijar
(3)
The dependent variable Hire;js is an indicator variable that takes on a value of one if
candidate ¢ from degree school s was hired by university j in year ¢ and is equal to zero
otherwise. The variable Similar Rank School, an indicator for whether the degree school
and recruiting school are in the same rank decile, captures the effect of assortative matching.
The role of networks in the market is captured by Advisor Connection, which takes on a
value of one if the candidate’s dissertation advisor had a coauthor on the faculty of the
recruiting school. And to capture the role of physical distance in the job market, we include
Log Distance which is the log distance between the campuses of the degree school and
recruiting school. Finally, Post ARC' is an indicator variable that takes on the value of
one in years after either the recruiting school or the degree school began participating. We
estimate the model using each source of variation, and in all specifications we include fixed
effects for degree school (ay), hiring school (v;), and year (6;). Our coefficients of interest
are (35, B¢ and (7, which capture the effect of ARC participation on the importance of rank

similarity, chair connections and distance for determining job matches.
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5 ARC’s Effect on the Importance of Traditional Qual-

ity Signals

5.1 The role of degree-school reputation
5.1.1 Evidence from variation in recruiter participation

Table 3| reports the estimates of equation (|l), which examines how hiring outcomes are
affected when recruiters participate in ARC. Here, the outcome is the percentile rank of
the degree school where the hired candidate received their PhD. Column 1 shows the model
estimates based on the full sample, while the specifications in columns 2-6 are restricted to
recruiters that ever participated in the ARC. In columns 3-6, the sample is further restricted
to recruiters that hired in both the pre and post-ARC periods.

To interpret the coefficients, recall that Recruiter Rank is an index of recruiter rank
variables in years prior to ARC and constructed from a model predicting DS Rank. Thus,
in the absence of any changes in program ranks or hiring practices over time, we would expect
B1 = 1, and the coefficient of .95 in column 1 suggests that the rank order of universities
(with respect to their ability to recruit from top schools) changes little over time. In turn, the
coefficient of -0.40 on Post ARC' x Recruiter Rank implies that the effect of recruiter rank
on the average program rank of realized hires fell by 40% when recruiters began participating
in the Rookie Camp. The magnitude of this coefficient is reduced somewhat, but remains
negative and significant, when estimated using only the “ever adopter” sample (column 2)
and when excluding those that did not hire in both the pre- and post-ARC years (column 3).
In our preferred specification that includes recruiter fixed effects (column 4), the estimate
implies a 27% reduction in the effect of recruiter rank on degree school rank. This estimate is
robust to specifications that include measures of labor market tightness and allow the effects
of labor market conditions to vary with the rank of the recruiter (columns 5 and 6).

Further support for a causal interpretation of this result is shown in panel (a) of Figure
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6, which plots the coefficients and 95% confidence intervals from a distributed lag model
with 3 leads and 2 lags. In the 3 years prior to adoption, the coefficients are close to zero
with no evidence of a trend. They become negative and significant beginning in the year of

adoption

5.1.2 Evidence from variation in degree-school participation

In Table [ we examine ARC’s effect on job market placements using variation from the
supply side of the market. Table |4] reports the estimates of equation , in which the
outcome is an indicator for placing at a highly ranked university. Consistent with the results
of the recruiter-based analysis, the estimates in Table 4 suggest that ARC adoption lead
to a statistically significant, 21%-23% reduction in the effect of degree school rank on the
probability of obtaining a highly ranked first job. The coefficients are remarkably stable
across specifications, including our preferred specification with degree school fixed effects
(column 4). Moreover, the insignificant coefficients on Year 1 and its interaction with
DS Rank obviate concerns about selection in the timing of ARC adoption.

The coefficients from the distributed lag model for candidate placement are shown in
panel (b) of Figure 6. Again, the coefficients are close to zero with no trend in the 3 years
prior to ARC adoption by the candidate’s degree school, and they are negative and significant
in the 3 years beginning with the year of adoption.

In Table 5 we demonstrate the robustness of the inferences in Table [ to alternative
measures of job market outcomes. Column 1 reproduces the estimates from column 4 of
Table 4. In column 2, we replace the binary outcome (HighRankF'J) with the percentile
rank of the first job. And in column 3, we replace the rank measure with an indicator variable
for whether the hiring school ever participated in the ARC. Consistent with our previous
results, model 2 shows that ARC adoption by degree programs led to a diminished association

between the rank of one’s degree school and the rank of one’s first employer. Additionally,

28The model estimates are shown in Appendix Table A1l
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the results in column 3 suggest that the effect of ARC participation on placements is indeed
driven by changes in the likelihood of being hired by an employer that recruited through
ARC.

Overall, these results suggest that the ARC changed the sources of information used by
recruiting schools to screen candidates and reduced their reliance on degree programs rank

as a signal of candidate quality.

5.2 The role of candidate-level quality signals

In Table @, we examine the role of a previously observable signal of applicant productivity (a
pre-graduation publication) and the ARC’s effect on the weight placed on this signal in the
hiring decision.@ Table @ reports the estimates of a variant of equation , defining X as an
indicator for having a publication prior to the market. Thus, we use the coefficient 87 (on
the interaction of X with Post RCy) to test whether this potentially observable signal of
research productivity became more or less important in the context of the ARC. We consider
three variations of pre-graduation publications: any publication before graduation (Models
1-3), a top 5 publication before graduation (Models 4-6), and a coauthored publication
before graduation (Models 7-9). The models are estimated on the full sample (Models 1, 4,
7) as well as separately for candidates from higher-ranked (Models 2, 5, 8) and lower-ranked
(Models 3, 6, 9) degree programs.

In Model 1, we see a clear relation between having a Pre Grad Publication and the
likelihood of obtaining a high ranked placement (an increase of 17 percentage points in the
likelihood). Moreover, the ARC does not seem to have changed the importance of this signal
given the small and insignificant coefficient on Pre Grad Pub SignalX DS Post RC'. This
inference holds for both top-5 publications as well as coauthored publications (Models 4
and 7). The relation is consistent with pre-graduation publications serving, on average, as

a significant signal of individual quality. For example, in the case of a top-5 publication,

29Tn Appendix Figure we plot the percentage of individual who graduate each year with at least one
publication.
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where quality is even more explicit from the publication, we see the likelihood of placing at
a high ranked university increase 24 percentage points.

We go on to examine the potential differential effects of the ARC (based on whether the
candidate graduated from a high or low ranked school) on the importance of the pre-grad
publication as a signal of quality. Models 2 and 3 shows that before the ARC, PhDs from
top schools had a higher return to a pre-graduation publication" Specifically, having a
publication before graduation increased the likelihood of getting a job at a highly-ranked
university by 20 percentage points (on a mean of 63%) for graduates of high-ranked schools,
and by 14 percentage points (on a mean of 29%) for graduates of lower-ranked programs.
Post ARC, the return is diminished for PhDs at top schools, but not for those from lower-
ranked schools as can be seen in Figure [} This differential pattern is more pronounced for
the return to coauthored pubs (Models 5 and 6) where the return to a coauthored pub is
roughly cut in half for those from top programs, yet doubled for those from lower-ranked
programs.

These differential patterns suggest that for students from highly ranked programs, the
ARC led to a reduction in the weight placed on the signal-consistent with the predicted
effects of reducing the cost of information in a standard signaling/screening model. However,
if anything, ARC had the opposite effect for PhDs from lower-ranked institutions, where
the results suggest that the ARC may have reduced “attention discrimination” (Bartos
et al., [2016)—which previously favored graduates of higher-ranked programs-by lowering the
overall cost of screening. In other words, candidates with publications who were previously

overlooked because they graduated from a lower-ranked school can now get noticed.

5.3 The impact of ARC on the role of connections and proximity

We examine the role of advisor connections and physical distance in academic placements

in Table , which provides estimates of equation . Model 1 reports the baseline estimates

30Recall that 20% (33%) of PhDs from high (low) -ranked schools had a publication before graduating.
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of the relation between the likelihood of a candidate being hired and the similarity in the
rank of the schools. We find that prior to the ARC, the probability of a match occurring
between a candidate from degree school s and a job at school j is 0.6 percentage points higher
(relative to all other possible matches) if school s and school j are in the same rank decile. In
Model 2, we introduce advisor connections. While the coefficient on rank similarity remains
strong and highly significant, we find that conditional on school rank similarity; there is a
5.2 percentage points increase in the hiring probability if the candidates dissertation chair
has a coauthor at school j. Thus, given that the likelihood of a coauthor connection is higher
in similarly ranked schools, the network effect of advisor connections seems to explain about
12% of the assortative matching by school rankE-] We introduce school distance in Model
3. Consistent with information frictions that increase with distance, we find that increases
in the distance between schools are associated with a reduction of 0.7% in the likelihood of
being hired. This estimate translates into a 13% reduction in the likelihood of being hired
for a one standard deviation increase in distance.

The effect of the ARC on these baseline relations is examined in Models 4 and 5. In Model
4, we use variation from the degree school adoption, while Model 5 uses variation from the
recruiting school’s participation in the ARC. In Model 4, we see that the adoption of the
ARC significantly weakens the relationship between placement and chair connections, rank
similarity, and distance. Consistent with less reliance on private information and networks,
the ARC leads to a quarter reduction in the importance of connections in placement (a
reduction of 1.5% points in the likelihood of placing at a university given a chair’s connection
to the school). We see a similar reduction in the importance of school rank similarity with a
0.5% reduction in the likelihood of placing post ARC. Finally, we find a 0.3 percentage point
reduction in the coefficient on distance, suggesting that distance-based information frictions
became less critical after schools began participating in ARC.

When we examine the ARC from the perspective of the recruiting schools’ participation in

31The conclusions are very similar if we use a continuous measure of rank distance rather than indicators
for being in the same rank decile.
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Model 5, we again see a reduction in the weight put on the similarity of rank and distance.
For example, after participating in the ARC, recruiting schools reduce their hiring from
schools within their rank (the interaction of Post ARC Adoption (Recruiter)X

Advisor Connection eliminates the association with the similarity of rank. However, we see
no significant effect on their reliance on advisor connections in hiring. Finally, hires made
after ARC adoption come from degree schools that are further away on average. Overall,
the results in Table [7]lend further support to our conclusion that the ARC lowered the cost
of in-person screening, which lead recruiters to reduce their reliance on traditional screening

mechanisms and channels of information.

5.4 The impact of ARC on the Productivity of New Hires

Our results so far indicate that ARC changed the weights on the various signals used by
employers in the market and, in turn, changed the composition of who gets hired. To
examine whether this change in selection improved the efficiency of the market, we focus on
ARC'’s effect on productivity. Specifically, in Table [§] we examine the impact of ARC on
the productivity of new hires in their first three years. We measure productivity as the log
number of publications in their first three years (Columns 1 and 3) and the log number of
publications in a Top-5 accounting journal (Columns 2 and 4). We estimate specifications
based on equation using OLS. Columns one and three are estimated as linear OLS
models, while columns two and four are linear probability models. All specifications include
year fixed effects, while columns three and four include degree school fixed effects.

Table [8 shows that candidates hired by recruiters during the period of the ARC tend to
be more productive. We see that the candidates these ARC participating schools hire have a
10 to 15% increase in the number of published articles. They also exhibit an increase in the
number of articles published in a top-5 journal of around 10%. Moreover, this improvement
in productivity does not seem to vary by the rank of the hiring university, as indicated by

the precise zero coefficients on the interaction between Recruiter Rank and the Post ARC
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variable. While these results suggest an improvement in productivity of hires obtained
through ARC, the improvement could be driven by either better screening by employers given
the in-person elements of ARC and/or improvements in the match quality of candidates to

recruiters 4

6 ARC’s Role in the Evolution of Placement Gaps by
Gender, Race and Nationality

The results presented thus far suggest that the ARC helped level the playing field by re-
ducing the importance of attending a prestigious degree school, network effects (advisor
connections), and by drawing attention to graduates of lower-ranked programs who have
strong research potential (as measured by pre-market publications). In light of this finding,
a natural question is whether ARC also led to greater equality of opportunity in other dimen-
sions. In this section, we examine placement gaps by candidate gender, race and nationality

(predicted by their names) and estimate the impact of ARC participation on these gaps.

6.1 Conditional placement gaps by gender, race & nationality;

evolution over time

In Figure |8, we examine placement gaps and the evolution of these gaps over the years in
our sample period by plotting coefficients from a linear probability model that predicts the
likelihood of placing in a top-ranked university, controlling linearly for the rank of the degree
school, a dummy for group membership (e.g., gender), and the interactions of these variables
with a linear time trend )] Even among students who graduate from similarly ranked degree

schools; there are significant gaps in placements by gender, race, and national origin.

32Disentangling these two mechanisms is beyond the scope of the current draft. A potential way forward
would be through promotion decisions, which we are currently acquiring to focus more on the match quality
dimension.

33The full models can be seen in Appendix Table
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Panel @ shows that the placement gap for females relative to males has deteriorated
over the period, with women being ten percentage points less likely to place at a highly
ranked school by 2015. Panels (bHd)) show placement gaps for minorities (defined as Black
race or Hispanic origin), Asians and foreign candidates. Here again, we see significant gaps
in recent years, and with the exception of the the minority-white gap, all gaps appear to
widen in the post-ARC years. Asian and foreign candidates start the sample with 5 to 7%
higher likelihoods of placing at a high-rank school. However, by the end of the period, both

groups are less likely to place at a top tier school (9 to 10% less likely).

6.2 Candidate Demographics and the ARC

The placement gaps documented above naturally raise the question of what effect has the
ARC had on the gaps. In Figure [0, we turn to answer this question by modeling the
effect of the ARC on the relation between candidate demographics and placement at a
highly ranked university. In Panel [d] we begin by examining each demographic group’s
likelihood of participating in the ARC. We then construct the placement gaps for the various
characteristics plotted in Panel b by estimating equation[I These models give us the reduced-
form estimates of the likelihood of a high-ranked placement, using the sample of schools that
eventually participated in the rookie camp. The specifications also include year and degree
school fixed eﬂectsﬂ We plot each of the coefficients on the demographic characteristics (
i.e., the placement gap) as well as the full effect of the ARC on the placement gap for each
group

Panel [b] of Figure [9] documents a significant gender gap in placements among candidates
from similarly ranked programs. Yet, we do not find that ARCs impact differed significantly
by the candidates gender. Concerning under-represented minorities (Blacks and Hispanics),

our estimates suggest that these groups also tend to be under-placed, but unlike female

34See Appendix Table for the full models
35The full effect of the ARC on the placement gap is defined as the sum of Dem and DemX Post RC' in
the estimated models found in Appendix Table @
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candidates, minority candidates appear to benefit from ARC participation. However, the
estimated impact is imprecise due to the small numbers of minorities in our sample. Turning
to the larger subgroups of race and nationality in our sample, we find that ARC participation
resulted in a significant penalty (measured by a relative decline in the rank of the hiring uni-
versity) for candidates with Asian last names (relative to whites) and for non-US candidates
(relative to candidates whose undergraduate degree is from a U.S. school). This is despite a
somewhat higher first stage participation effect for Asian candidates, as seen in Panel [a|

The large negative effects documented for those candidates with Asian and foreign-
sounding names above lead us to investigate potential explanations for this effect. We do so
by repeating the analysis (estimate the same models as in Figure @ for the largest subgroup
within each of these categories: students with Chinese-sounding names (66% of Asians, 45%
of foreign students, and 23% of all PhDs in our sample). Figure |10 provides the first stage
participation (Panel E[) and the placement effects of the ARC (Panel @

In Figure [10] we see that despite being no more likely to participate in the ARC (relative
to whites), individuals with Chinese surnames suffer a significant penalty on their likelihood
of placing at a high-rank school (more than a 36% decrease in the likelihood) after the ARC.
For candidates of other nationalities, the ARC penalty is small and statistically insignificant.
These results suggest that the effect for Chinese candidates is not solely driven by their
foreign status per se and may instead be driven by some combination of language and
cultural differences (Felbermayr and Toubal, |2010; Melitz and Toubal, 2014]).

To investigate this possibility, we examine Chinese individuals that use white-sounding
first names—a potential signal of the individual’s effort to assimilation to U.S. culture. In the
pre-ARC period, these individuals were at least as likely as white candidates—and more likely
than other Chinese individuals—to obtain a highly-ranked job. But when these individuals
begin participating in the ARC, their likelihood of being hired at a highly ranked school
declined by nearly 40 percentage points and roughly double the impact on Chinese students

as a whole. These estimates are robust to the inclusion of pre-market publications (interacted
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with degree-school rank and the ARC adoption dummy) as controls, and as such, they do

not appear to be driven by changes over time in the quality of Chinese candidates.

6.2.1 Language Differences and Writing Differences

To further explore the role of language differences in driving the relation, we go on to
examine ARC’s effect based on how different an individual’s native language is from English.
Our language distance measure is calculated as the distance between the candidate’s native
language and English using data from elinguistics.net. We then classify foreign candidates
by the similarity of their (predicted) native language to English, and we estimates the impact
of ARC adoption for those with more distant native languages. Figure [11]indicates that the
post-ARC penalty is strongest among those whose native language is very different from
English. This finding further supports our conclusion that language differences play a role
in driving the post-ARC penalty for Chinese candidates.

Potentially, recruiters could have detected language differences prior to ARC from the
writing quality of an individual’s job market paper. However, given the work and help put
into individuals’ job market papers (receiving help with the writing from advisors and copy
editors), it seems that job market papers would not help distinguish individuals’ language
ability. Moreover, writing quality and spoken language quality may be distinct (some speak
better than they write and vice versa). We formally test this perspective by collecting
the dissertations for individuals in our sample. We then perform various natural language
processing techniques on the documents to generate two measures of writing quality: one
based on the number of grammatical errors in the text and one reflecting the writing richness
of the document P

In Figure [12| we begin by examining the writing gaps for the three demographic groups:

Asians, Chinese, and White-named Chinese. These writing gaps constructed by estimating

36The lexical richness measure of Mass we use is based on a logarithmic function of the relation between
the terms (types) and the total number of words in a text (tokens). The measure gives us a measure of the
diversity of the writing.
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equation [T replacing the outcome measure with the percentage of grammatical errors in Panel
[ and the writing richness measure Mass in Panel [b] These models give us the reduced-form
estimates of writing changes for the groups relative to whites before and after ARC, using
the sample of schools that eventually participated in the rookie camp. The specifications
also include year and degree school fixed eﬂ“ects.ﬁ We plot each of the coefficients on the
demographic characteristics (i.e., the writing gap) as well as the full effect of the ARC on
the writing gap for each group |

Panelfa] of Figure[12] shows that concerning grammatical errors, all three groups had sim-
ilar percentages of errors in their dissertations as compared white candidates before ARC.
Moreover, it seems that after the ARC, all three groups decreased the percent of typograph-
ical errors in their job market papers as compared to white candidates. When we look at
writing richness in Panel [b] we see each of the groups exhibiting a similar richness in writing
when compared to white candidates in the pre-ARC period. Similar to the inferences from
Panel [d] there is a statistically insignificant increase in the richness of the Asian and Chi-
nese groups relative to whites after ARC. Notably, there is no difference in writing richness
for Chinese with white first names before and after ARC. Thus, it seems unlikely that job
market papers could be used to distinguish the language ability of the candidates before
ARC. Overall, these results highlight the importance of the in-person component of ARC in
amplifying the prominence of language differences and driving the previously documented
changes in placement likelihoods for these groups.

Our results can either be interpreted through the framework of statistical discrimination
or from a recruiter bias. From the lens of statistical discrimination, the results would suggest
that the new information gleaned from the in-person signals in the ARC led employers to
update their prior beliefs about the research productivity in a negative direction for Chinese

candidates and a positive direction for Anglo candidates (Arrow} [1973)). The alternative

37See Appendix Table for the full models
38The full effect of the ARC on the writing gap is defined as the sum of Dem and DemX Post ARC in
the estimated models found in Appendix Table

36



interpretation is that the increased role of interpersonal interaction may have caused factors
like language to become more salient or to carry more weight in the overall evaluation of
candidates. This would be consistent with the evidence from the Chinese candidates with
white first names, for whom recruiters’ perception of their English-speaking ability may have

changed substantially.

7 Conclusion

We study the effects of a labor market intermediary that reduced the cost of in-person job
screening on the determinants and distribution of job-market placements for new PhDs.
We find strong evidence that the increase in in-person screening led recruiters to place less
weight on imperfect quality signals—including degree school reputation and referrals from
connected advisers-that were previously used to screen applicants. We go on to examine
how these changes in the screening process affected the ultimate productivity new hires
and the quality of job matches (Smeets et al.| (2006)). We document an increase in the
number and quality of papers produced by individuals hired through ARC. We conclude
that the historical returns to program reputation and adviser connections were driven partly
by their signaling and screening values, and that the ability to screen candidates in person
at a lower cost led employers to update their assessments and change their hiring decisions.
They also indicate that by one measure, the ARC helped foster greater diversity in hiring
and increased productivity. With respect to candidate demographics, however, we find that
rookie camp participation resulted in a penalty (measured by a decline in the rank of the
hiring university) for candidates with Chinese names relative to those with English-sounding
names. Our findings are consistent with an increase in the weight of English speaking ability
in the screening process, though cultural differences and bias may also play a role.

The study makes several contributions to the literature on the academic labor market

as well as to the general literature on hiring. Our findings are especially relevant for under-
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standing the determinants of initial placement of graduate students, which are key to shaping
academic careers (Oyer| (2006])). In the broader literature on employment and hiring, a large
body of research has explored the theoretical implications or informational asymmetries in
the hiring process as well as the practical importance and distributional consequences of
various signaling and screening mechanisms. The literature, however, has suffered from
its inability to credibly distinguish these mechanisms from other channels linking applicant
characteristics to labor market outcomes. Methodologically, our study credibly identifies the
importance of screening and signaling by asking how employers respond to a sharp change
in the cost of information on applicant quality. Finally, our study provides some of the
first rigorous evidence, using actual job seekers, that increased personal contact affects labor

market screening and hiring outcomes.
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Figure 1: This figure plots the numbers of individual and institutional participants in the
U.S. academic labor market for Ph.D. accountants by year. Panel @ graphs the number
of new Ph.D.s who graduated from one of 102 accredited U.S. Ph.D. programs and were
hired by an academic institution. Panel @ shows the number of U.S. universities producing
Ph.D.s each year while panel plots the number of hiring universities. Each panel also
shows the number of Rookie Camp participants in each year.
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Figure 2: This figure graphs the average rank of supplying and hiring universities by year

and by participation in the rookie camp. Panel @ plots the ranks for recruiting schools
while panel @ plots the ranks for degree schools.
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Figure 3: This figure plots the relation between the degree school’s rank and the first
placement rank. We also fit a line from a quadratic model using the full sample of placements.

45



I AllAccounting PhDs || All Academic Jobs I Al Academic Jobs [ Highly-Ranked Jobs
~ Acad Jobs / All PhDs - High-Rank / All Academic

1 250 .8 250

@ = @
3 150 S % 150 3
o 5 g 2
3" 3 g° ]
3 100 § = 100 §
z g E

6 0 4 0

2005 2010 2015 2005 2010 2015
Year on Market Year on Market
(a) Labor Market Tightness (b) Market for Highly Ranked Jobs

Figure 4: This figure graphs the labor market conditions in the academic market. In Panel
@, we graph the supply of accounting PhDs, the number of PhDs that obtained an academic
job, and the ratio of academic jobs to PhDs. In Panel (]ED we examine the market for highly
ranked jobs. We graph the number of academic jobs each year, the number of jobs that are
in highly ranked schools, and the ratio of high-ranked jobs to total jobs in each of the years.
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(b) Late adopters (2014-2015)

Figure 5: This figure plots the mean predicted rank and mean observed rank of degree
programs from which universities hired each year, for all hiring schools that eventually at-
tended the rookie camp. The sample is split into two groups based on the first year of the
university’s participation as a recruiter: “early adopters” (panel @) began participating be-
tween 2011 and 2013 and “late adopters” (panel @ began in 2014 or 2015 . Within each of
these categories, recruiters are further grouped into “high-ranked” or “lower-ranked” based

on their ranking relative to the sample median.
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Figure 7: This figure graphs ARC’s effect on the importance of a pre-graduation publication
on the likelihood of placing at a high-ranked school for graduates from high-ranked schools
and those from low-ranked schools. The variable Pre — Graduation Publication is defined
as having a publication up until the graduation year. The estimates are generated from the
second and the third specification of Table .
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Figure 8: This figure graphs the adjusted placement gap for various demographic groups.
The estimates are constructed by estimating the likelihood of a high-ranked placement for
each demographic group controlling for the quality of the individual’s degree school. Panel
@) plots it for the female, Panel (]ED provides it for the minority, while panels provides

it for API, and @ provides it for foreign candidates. The bands in each panel provide the
95% confidence interval for the estimated likelihood.
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Figure 9: This figure graphs both the likelihood of participating in the ARC and the
likelihood of placing at a highly rank school. Panel @ plots the likelihood of participation
for each of the groups. The estimates are generated from Table (panel a). Panel (b)
plots the likelihood of placing at a highly ranked first job by ARC participation for each of
the groups. The estimates are generated from Table (panel b). The bands in each panel
provide the 95% confidence interval for the estimated likelihood.
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Figure 10: This figure graphs both the likelihood of participating in the ARC and the like-
lihood of placing at a highly rank school for Asian subgroups. Panel plots the likelihood
of participation for each of the groups. The estimates are generated from Table (panel
a). Panel (]ED plots the likelihood of placing at a highly ranked first job by ARC participation
for each of the groups relative to white individuals. The estimates are generated from Table
A.5| (panel b). The bands in each panel provide the 95% confidence interval for the estimated

likelihood.
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Figure 12: This figure graphs the comparison of writing quality for various demographic
groups against white candidates before as well as after ARC. Panel @ uses the average
number of typographical errors in individuals dissertation. Panel (]ED uses the lexical richness
measure of Mass; the index is based on a logarithmic function of the relation between the
terms (types) and the total number of words in a text (tokens). The measure gives us a
measure of the diversity of the writing. The estimates are generated the specifications in
Table [A.8] The bands in each panel provide the 95% confidence interval for the estimated

likelihood.
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Table 1: Characteristics of New PhDs in Sample (2005-2015)

Lower-Ranked Degree Schools Higher-Ranked Degree Schools

Candidate Characteristics 2005-2010 2011-2015 2005-2010 2011-2015 Total
Female (%) 42.0% 44.2% 39.5% 40.1% 41.3%
Race:

White (%) 64.5% 65.1% 66.2% 68.0% 66.1%
Minority (%) 5.4% 5.7% 3.1% 3.6% 4.3%
Asian/Pacific Islander (%) 29.5% 28.7% 29.9% 27.9% 29.0%
Nationality:

Anglo (%) 41.8% 16.2% 41.2% 46.8% 44.1%
Chinese (%) 25.6% 24.6% 22.1% 19.6% 22.7%
Other Asian (%) 8.0% 7.9% 8.6% 9.5% 8.6%
Other European (%) 17.9% 17.0% 22.5% 16.0% 18.4%
Other (e.g. Middle Eastern) (%) 6.0% 3.2% 5.1% 6.9% 5.3%
Cohort size 2.6 2.9 3.2 3.7 3.2
Participated in Rookie Camp (%) - 39% - 60% 26%
First Job in Top-Rank School (%) 29% 35% 64% 63% 50%
Predicted First Job School Rank 33.5 33.4 64.5 63.0 50.5
Any publication % 19.6% 23.9% 33.4% 34.7% 28.8%
Top-5 journal % 6.3% 10.6% 21.1% 22.8% 16.1%
Co-authored pub w/ advisor % 3.1% 5.4% 5.9% 9.3% 6.2%
Percent Typos % 58.3% 64.5% 54.7% 66.7% 60.2%
Writing Richness 1.94 1.96 2.00 1.99 1.98
Number of placements 352 407 488 494 1741
Number of degree schools 54 45 99

This table reports descriptive statistics on various candidate characteristics for the sample of
1741 new Ph.D. graduates in accounting. The first four columns show means for sub-groups
based on whether the rank of one’s degree school is below the sample median (Lower-Rank)
or above it (Higher-Rank), and on whether the candidate entered the job market in the years
before (2005-2010) or after (2011-2015) the rookie camp was introduced.
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Table 2: Characteristics of First Jobs by University Participation in the Rookie Camp as
a Recruiter

Year University First Recruited in Rookie Camp
Early adopters: Late adopters: Post-sample: Never

University Characteristics 2011-2013 2014-2015 2016-2017  as of 2018 Total
BYU Research Ranking 79.3 61.8 46.5 23.3 51.4
Ranked above Median* 87% 62% 39% 15% 50%
Has PhD Program and is Located in US** (%) 70% 57% 41% 11% 42%
Located in US (%) 85% 96% 87% 90% 89%
Number of placements 602 336 99 704 1741
Number of universities 88 65 31 303 487

This table provides descriptive statistics for the 487 hiring universities in the sample. The
first four columns show statistics for sub-samples that are defined based on the year the
university first participated in the rookie camp as a recruiter. The final column shows
characteristics for the full sample.

* The recruiter is ranked above the median of all placements in the sample, or roughly the
60th percentile of recruiting universities.

** The recruiting university is one of the degree schools that produces a Ph.D. candidate in
the analysis.
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Table 5: Degree-School Based Models: Variation in Outcome Measures

) (2) (3)

VARIABLES First Job Rank High-Rank First Job  First Job ARC Recruiter
Post ARC Adoption (By Degree School) 1.78 0.02 -0.24%%*

(3.76) (0.05) (0.06)
Post ARC X Degree School Rank -0.10 -0.17* 0.60**

(0.07) (0.07) (0.08)
Observations 1,658 1,658 1,658
Adjusted R? 0.323 0.282 0.333
Sample DS Ever RC & Pre-Post Ever ARC & Pre-Post  Ever ARC & Pre-Post
Year FE Yes Yes Yes
Degree School FE Yes Yes Yes

This table replicates the supplier based degree school regressions from the previous table by
varying the outcome measure. Column one is a linear probability model with the outcome
being a binary measure of placement at a high-ranked university. Column two uses the
average rank of the hiring school as the outcome measure to account for multiple placements
from a degree school in a given year. Finally, column 3 used whether the hiring school
participated at the rookie camp as the outcome. Each specification includes year and degree
school fixed effects. Degree school clustered standard errors are reported in parentheses. +
p<.10 * p<.05 ** p<.01.
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Table 7: The Role of Connections in Hiring
(1) (2) (3) (4) (5)

VARIABLES Pr(Hire) Pr(Hire) Pr(Hire) Pr(Hire) Pr(Hire)
Schools in Same Rank Decile 0.608*%*  (0.505*%*  0.517** 0.708** 0.667**
(0.12) (0.11) (0.11) (0.14) (0.13)
Adviser has Connection with Recruiter 5.207**  5.033** 5.746%* 4.798%*
(0.46) (0.46) (0.58) (0.49)
Log Distance between Schools -0.685%* -0.814** -0.765%*
(0.06) (0.08) (0.07)
Post ARC Adoption -1.870** -2.226%*
(0.44) (0.35)
Adviser Connection X Post ARC -1.315* 0.777
(0.64) (0.60)
Same Rank Decile X Post ARC -0.486** -0.686**
(0.17) (0.19)
Log Distance X Post ARC 0.285%* 0.330%*
(0.06) (0.05)
Observations 216,804 216,804 216,804 216,804 216,804
Adjusted R? -0.002 0.006 0.009 0.010 0.010
First Year RC Controls No No No Yes No
Sample All All All All All
Year FE Yes Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes Yes
First Job School FE Yes Yes Yes Yes Yes
Source of Variation - - - Degree Schools Recruiters
Mean of Outcome 0.791 0.791 0.791 0.791 0.791

This table reports the coefficients of linear probability models on the job matches. The de-
pendent variable takes on a value of one if a specific university hired the candidate in that year
and zero on all the other potential hiring universities that year. The sample is constructed by
crossing all universities that hire from another degree school in a given year with all the can-
didates that were hired by any sample university in that year. Schools in Same Rank Decile
is an indicator for whether the degree school and recruiting school are in the same rank decile.
Advisor has Connection takes on a value of one if the candidate’s dissertation chair had a
coauthor in the recruiting school. Log Distance between Schools is the log distance between
the campuses of the degree school and recruiting school. Post ARC Adoption is defined as
the degree school sending candidates to the rookie camp in the current or an earlier year in
Column 4. In Column 5, Post ARC'" Adoption is defined as the recruiter school sending a
recruiter to the rookie camp in the current or earlier year. All specifications include year,
degree, and first job school fixed effects. The differential effect of the first year of participa-
tion is controlled in the specification (4). Standard errors are clustered at the degree school
and are reported in parentheses. + p<.10 * p<.05 ** p<.01.
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Table 8: The Effects of ARC on New Hire Productivity

(1) @) (3) (4)
VARIABLES log(Hire’s # pubs 3 yrs. out + 1) log(Hire’s # top-5’s 3 yrs. out + 1) log(Hire’s # pubs 3 yrs. out + 1) log(Hire’s # top-5's 3 yrs. out 4 1)
Post. ARC Adoption (By Recruiter) 0.15%* 0.07+ 0.10* 0.10*

(0.06) (0.04) (0.05) (0.04)
Post ARC X Recruiter Rank -0.00 -0.00 -0.00 -0.00

(0.00) (0.00) (0.00) (0.00)
Recruiter Rank 0.01%* 0.01%*

(0.00) (0.00)
Observations 1,036 1,036 956 956
Adjusted R? 0.096 0.149 0.141 0.227
Sample Pre-Post, Pre-Post Ever ARC & Pre-Post Ever ARC & Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE No No Yes Yes
Mean of dependend variable 0.82 0.53 0.85 0.56

This table reports the effect of ARC on the productivity of newly hired candidates. The
dependent variables are two measures of productivity: the number of publications produced
by the hire in the first three years of employment (Columns 1 and 3) and if the number
published in a top 5 journal in the first three years (Columns 2 and 4). Models estimated as
linear OLS models. Post ARC Adoption is defined as the degree school sending candidates
to the rookie camp in the current or earlier year. Recruiter Rank is defined as the predicted
rank of the first job placement of the candidate. All specifications include year fixed effects,
while columns three and four include degree school fixed effects. Standard errors are clustered
at the degree school and are reported in parentheses. + p<.10 * p<.05 ** p<.01.
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A Online Appendix: Does In-Person Screening Affect
Who Gets Hired?
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Figure A.1: This figure graphs the predicted rank of the placement against the actual
placement rank by the rank of the supplying school. Because schools may produce more
than one student per year overlay the range of placement ranks. This allows us to examine
changes in the distribution of placements. In panel @) we plot the first job ranks predicted
and actual placements for high and low ranked schools ( defined above and below the median
rank). In panel (b)) we plot the share of placement at top-ranked schools for high and low
ranked degree schools. Finally, panel () post the share of placements go to recruiting schools
that eventually attend the rookie camp for high and low ranked universities.
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Figure A.2: This figure graphs the numbers of individual participants in the U.S. academic
labor market for Ph.D. accountants by demographic groups over the sample years of 2005-
2015. Panel @) provides the number of new female Ph.D.s while panel @ plots the number
of new Ph.D.s that are minority, and @ do the same for Asian and foreign graduates.
Each Panel also shows the number of Rookie Camp participants in each year.
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Figure A.3: This figure graphs the number of Ph.D.s in accounting that took international
positions by years. Panel @ graphs the percentage of international positions obtained by
year and rank of the degree program while in panel (]E[) we plot the percentage of graduates
that go international for Asian candidates.

66



High-Ranked FJ

Pre Diff

Post Diff

Low-Ranked FJ

Pre Diff

Post Diff

High-Ranked FJ

Pre Diff

Post Diff

Low-Ranked FJ

Pre Diff

Post Diff

e
| ——

T T
-4 -2 0

(a) Female (vs. male)

| ——
=
T T T
-6 -4 -2

(c) API (vs. white)

High-Ranked FJ
Pre Diff ——
Post Diff | —fegp—
Low-Ranked FJ
Pre Diff | ——
Post Diff | ——
T T T
-1 -5 0 5 1

(b) Minority (vs. white)

High-Ranked FJ
Pre Diff ————
Post Diff = =
Low-Ranked FJ
Pre Diff = =
Post Diff | t—
T T T T T
-6 -4 -2 0 2 4

(d) Foreign (International + missing UG
vs.domestic UG)

Figure A.4: This figure plots RC’s effect on the differential signaling value of a pre-
graduation publication for each of the various demographic groups. We define the differ-
ential between groups as signaling value; - signaling valuepgsegroup- Thus a coefficient of
zero means no differential. The estimates are obtained from Table A.6. Panel @ plots
the differential for female and male while panels (]E[) plots the differential signaling value for
minority and white, () and @ do the same for Asian and foreign. The base groups are male
for @, white for and and domestic for @ In addition, the effects are estimated
separately for graduates from high-ranked schools and low-ranked schools in each panel. The
bands in each panel provide the 95% confidence interval for the estimated likelihood.

67



High-Ranked FJ

Pre Diff

Post Diff

Low-Ranked FJ

Pre Diff

Post Diff

High-Ranked FJ

Pre Diff

Post Diff

Low-Ranked FJ

Pre Diff

Post Diff

| ——

T T
-1 -5 0

(a) Female (vs. male)

| ——
=

T T
-1 -5

(c) API (vs. white)

0

High-Ranked FJ

Pre Diff

Post Diff

Low-Ranked FJ

Pre Diff

Post Diff

High-Ranked FJ

Pre Diff

Post Diff

Low-Ranked FJ

Pre Diff

Post Diff

| ——
e
e
—
T T T T T
-1.5 -1 -5 o] .5 1

(b) Minority (vs. white)

| ———

| ———

.
-1

T
-5

0

T
5

(d) Foreign (International + missing UG
vs.domestic UG)

Figure A.5: This figure plots RC’s effect on the differential signaling value of having pre-
graduation Top 5 publication for various demographic groups. We define the differential
between groups as signaling value; - signaling valuepgsegroup- Thus a coefficient of zero
means no differential. The estimates are obtained from Table A.6. Panel @ provides the
placement gap between female and male while panels (]ED plots the placement gap between
minority and white, and @ do the same for Asian and foreign. In each panel, the effects
are estimated separately for graduates from high-ranked schools and low-ranked schools.
The bands in each panel provide the 95% confidence interval for the estimated likelihood.
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Figure A.6: Percentage of Graduates with a Pre-Graduation Publication. We define an
individual having a pre-graduation publication if they had at least one publication by the
year of their graduation from the Ph.D. program.
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Table A.1: DS or FJ Leads and Lags

(1) (2)

VARIABLES DS Rank FJ Rank
Predicted School Rank 0.87** 0.69**
(0.09) (0.07)
Post RC Adoption -1.87 4.47
(5.53) (5.15)
Predicted School Rank X Post RC -0.42 -0.47+
(0.32) (0.24)
RC t-1 2.48 4.52
(6.01) (5.63)
RC t-1 X Pred Rank 0.16 -0.02
(0.35) (0.22)
RC t-2 3.04 0.95
(4.95) (4.76)
RC t-2 X Pred Rank -0.19 0.20
(0.23) (0.21)
RC t-3 0.46 6.21
(4.35) (5.29)
RC t-3 X Pred Rank 0.07 -0.12
(0.20) (0.19)
RC t+1 7.55 0.27
(4.92) (5.78)
RC t+1 X Pred Rank -0.01 0.19
(0.31) (0.27)
RC t+2 -2.85 -2.94
(5.86) (3.96)
RC t+2 X Pred Rank 0.09 -0.04
(0.31) (0.19)
Observations 957 957
Adjusted R-squared 0.194 0.183
Sample DS Ever RC and Pre-Post FJ Ever RC and Pre-Post
Year FE Yes Yes
First Job School FE No No

This table reports the estimates of distributed lag models for the
degree school rank (Model 1) and first job rank (Model 2). In
each model we add leads and lags of the treatment variable to
equation (1). The leads allows us to assess the assumption of
no selection on unobservables by testing for differences in hiring
patterns prior to ARC’s implementation; while the lags allow us
to test for dynamic effects.
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Table A.2: Conditional Placement Gaps by Gender, Race and Nationality Over Time

(1) (2) (3) (4)
VARIABLES Female Minority =~ API  Foreign

Year On Market (=Degree Year) 0.01* 0.01%* 0.01*  0.01**
(0.00) (0.00) (0.00)  (0.00)

Dem 19.69 -4.28 25.724  32.45*
(13.63)  (32.01)  (14.92)  (13.66)
Dem X Year -0.01 0.00 -0.01+ -0.02*
(0.01) (0.02) (0.01)  (0.01)
Degree School Rank 0.01%*  0.01**  0.01** 0.01**
(0.00) (0.00) (0.00)  (0.00)
Observations 1,741 1225 1,655 1,741
Adjusted R? 0.189 0.193 0.191 0.187
Sample All All All All

This table reports the conditional placement gaps by gender and ethnicity over
time. The estimates are plotted in Figure [§] Standard errors are clustered at the
degree school and are in parentheses. + p<.10 * p<.05 ** p<.01.
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Table A.3: Robustness Test for Effect of Degree School’s Adoption of ARC on The Prob-
ability of a High Rank Initial Placement

(1) 2 ®3) 4)
VARIABLES Pr(High-Rank F.J) Pr(High-Rank FJ) Pr(High-Rank FJ) Pr(High-Rank FJ)
Post ARC Adoption (Degree School) 0.04 0.04 0.01 0.01
(0.05) (0.05) (0.06) (0.06)
Post ARC X Pr Hi-Rank FJ -0.22%* -0.22% -0.19+ -0.20+
(0.08) (0.08) (0.11) (0.11)
Pre Graduation Publication 0.17%* 0.18%*
(0.03) (0.04)
Pre Graduation Publication X DS Post ARC -0.01 0.00
(0.06) (0.06)
Elite Undergrad -0.05 -0.04
(0.06) (0.06)
Elite UG X DS Post RC 0.09 0.10
(0.11) (0.11)
Observations 1,659 1,659 1,431 1,431
Adjusted R? 0.284 0.301 0.269 0.291
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever ARC and Pre-Post DS Ever ARC and Pre-Post DS Ever ARC and Pre-Post DS Ever ARC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

This table reports the robustness test for the effect of degree school’s adoption of ARC on
the placement at a high-rank initial placement. The estimates are obtained using linear
probability models. The sample is restricted to schools that participated and supplied stu-
dents in the pre and post period. A High-ranked university is defined as a university ranked
above the median of all placements in the sample, or roughly the 60th percentile of employ-
ers. In each specification, we control for the predicted probability of placing a candidate at
a high ranking school for the degree school obtained from a determinants model explained
in Section 4. Post RC Adoption is defined at the degree school, sending candidates to the
rookie camp in the current year. Pre Graduation Publication is an indicator variable that
is one if an individual has a publication at the time of graduation and zero otherwise. Elite
UG is an indicator for obtaining a Bachelor’s degree from an elite college. All specifications
include year and degree school fixed effects. We control for the differential effect of the first
year of participation in each of the specifications. Degree school clustered standard errors
are reported in parentheses. + p<.10 * p<.05 ** p<.01.
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Table A.4: Estimated Effects of ARC on Placement Gaps by Gender and Ethnicity

Panel A: First-stage effect of degree school ”adoption” on individual participation in rookie camp

(1) @] () 4)
VARIABLES Female Minority Asian Foreign
Post RC Adoption (Degree School) 0.57%* 0.55%* 0.55%* 0.55%*
(0.05) (0.05) (0.05) (0.04)
Post RC X Pr Hi-Rank FJ 0.33%* 0.32%* 0.33%* 0.33%*
(0.07) (0.09) (0.08) (0.06)
Dem -0.01 0.00 -0.02% -0.02*
(0.01) (0.02) (0.01) (0.01)
Dem X Post RC -0.03 -0.17+ 0.07 0.04
(0.04) (0.10) (0.06) (0.04)
Observations 1,659 1,161 1,579 1,659
Adjusted R-squared 0.532 0.507 0.548 0.532
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

Panel B: Reduced-form effect of degree school ”adoption” on probability of placing in a top ranked
school

M @ ® @
VARIABLES Female Minority Asian Foreign
Post RC Adoption (Degree School) 0.06 0.10 0.06 0.09
(0.05) (0.07) (0.06) (0.06)
Post RC X Pr Hi-Rank FJ -0.13+ -0.17+ -0.15+ -0.144
(0.08) (0.10) (0.08) (0.08)
Dem -0.02 -0.14% -0.05+ -0.03
(0.03) (0.06) (0.03) (0.03)
Dem X Post RC -0.03 0.08 -0.08 -0.08+
(0.05) (0.14) (0.05) (0.05)
Has Top5 Pub 0.24%* 0.23%* 0.24** 0.24%*
(0.04) (0.07) (0.05) (0.05)
Has Top5 Pub X DS Post RC -0.03 -0.02 -0.03 -0.04
(0.06) (0.07) (0.06) (0.06)
Observations 1,659 1,161 1,579 1,659
Adjusted R-squared 0.306 0.295 0.309 0.307
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

This table reports the effect of ARC on placement gaps by gender and ethnicity. The
estimates are plotted in Figure [} The sample is restricted to schools that participated and
supplied students in the pre and post period. All specifications include year and degree
school fixed effects. We control for the differential effect of the first year of participation
in each of the specifications. Standard errors are clustered at the degree school and are in
parentheses. + p<.10 * p<.05 ** p<.01.
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Table A.5: Estimated Effect of ARC on Placement Gaps for Chinese-sounding Names

Panel A: First-stage effect of degree school ”adoption” on individual participation in rookie camp

(1) 2 ®3) 4)

VARIABLES Chinese Other Nationalities White Name Chinese Pr(RC)
Post RC Adoption (Degree School) 0.54%* 0.56%* 0.53%*

(0.05) (0.04) (0.06)
Post RC X Pr Hi-Rank FJ 0.42%* 0.31%* 0.38%*

(0.08) (0.07) (0.08)
Dem -0.02 0.00 -0.03

(0.01) (0.01) (0.03)
Dem X Post RC -0.01 0.04 -0.15

(0.06) (0.05) (0.13)
Has Top 5 Pub 0.03

(0.02)
High Language Distance 0.04*
(0.02)

Observations 1,111 1,278 779 1659
Adjusted R? 0.541 0.524 0.511 0.466
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

Panel B: Reduced-form effect of degree school ”adoption” on probability of placing in a top ranked
school

(1) 2) ®3) (4)

VARIABLES Chinese Other Nationalities White Named Chinese Pr(High-Rank FJ)
Post RC Adoption (Degree School) 0.11 0.09 0.14 0.10+

(0.06) (0.07) (0.09) (0.06)
Post RC X Pr Hi-Rank FJ -0.26%* -0.16+ -0.30%* -0.13+

(0.09) (0.09) (0.11) (0.07)
Dem -0.04 0.02 0.05

(0.03) (0.03) (0.06)
Dem_X_post -0.14%* -0.05 -0.41%*

(0.05) (0.07) (0.15)
Has Top5 Pub 0.25%* 0.20%* 0.20%* 0.24%*

(0.04) (0.06) (0.07) (0.05)
Has Top5 Pub X DS Post RC -0.03 0.02 0.00 -0.04

(0.08) (0.07) (0.08) (0.06)
High Language Distance -0.00

(0.03)
High Language Distance X DS Post RC -0.13%*
(0.04)

Observations 1,111 1,278 779 1,659
Adjusted R? 0.322 0.283 0.298 0.308
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

This table reports the effect of ARC on placement gaps for Asian. The estimates are plotted
in Figure [I0] The sample is restricted to schools that participated and supplied students in
the pre and post period. All specifications include year and degree school fixed effects. We
control for the differential effect of the first year of participation in each of the specifications.
Standard errors are clustered at the degree school and are in parentheses. + p<.10 * p<.05
* p<.01.
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Table A.6: ARC’s Effect on the Importance of Pre-Graduation Publication for Various
Demographic Groups

Panel A: Effect on Graduates from High-Ranked Schools

(1) 2 3) (4)
VARIABLES Female Minority API Foreign
Post RC Adoption (Degree School) 0.17 0.22+ 0.16+ 0.25%
(0.10) (0.11) (0.09) (0.10)
Post RC X Pr Hi-Rank FJ 0.02 -0.00 0.01 -0.02
(0.21) (0.25) (0.22) (0.21)
Dem -0.04 -0.21* -0.04 0.03
(0.04) (0.10) (0.04) (0.04)
Dem X Post RC 0.05 0.17 0.00 -0.11%
(0.07) (0.21) (0.05) (0.05)
Pre Graduation Publication X DS Post RC -0.08 -0.03 -0.11 -0.09
(0.07) (0.08) (0.08) (0.07)
Pre Graduation Publication 0.20%* 0.19%* 0.21%* 0.20%*
(0.04) (0.06) (0.05) (0.04)
Observations 902 612 862 902
Adjusted R? 0.155 0.146 0.154 0.154
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes
Panel B: Effect on Graduates from Low-Ranked Schools
) @ ® @
VARIABLES Female Minority API Foreign
Post RC Adoption (Degree School) 0.06 0.09 0.02 0.03
(0.10) (0.11) (0.11) (0.10)
Post RC X Pr Hi-Rank FJ 0.10 -0.01 -0.06 0.07
(0.27) (0.32) (0.29) (0.26)
Dem -0.02 -0.12 -0.05 -0.09%
(0.04) (0.09) (0.04) (0.03)
Dem X Post RC -0.13 0.03 -0.22% -0.06
(0.09) (0.15) (0.09) (0.07)
Pre Graduation Publication X DS Post RC 0.06 0.04 0.09 0.10
(0.09) (0.10) (0.10) (0.09)
Pre Graduation Publication 0.14* 0.16* 0.13* 0.12%
(0.06) (0.07) (0.06) (0.06)
Observations 757 549 17 757
Adjusted R? 0.156 0.166 0.165 0.161
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

This table reports the importance of a pre-graduation publication on placement gaps. The
estimates are plotted in Figure The sample is restricted to schools that participated
and supplied students in the pre and post period. In panel A, the sample is further restricted
to graduates from high-ranked schools while the sample is limited to graduates from low-
ranked schools in panel B. All specifications include year and degree school fixed effects. We
control for the differential effect of the first year of participation in each of the specifications.
Standard errors are clustered at the degree school and are in parentheses. + p<.10 * p<.05
** p<.01.
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Table A.7: ARC’s Effect on the Importance of Pre-Graduation Top 5 Publication Pre
Graduation for Various Demographic Groups

Panel A: Effect for Graduates from High-Ranked Schools

(1 (2) 3) 4)
VARIABLES Female Minority API Foreign
Post RC Adoption (Degree School) 017+ 0.24* 0.15+ 0.24*
(0.10) (0.12) (0.09) (0.12)
Post RC X Pr Hi-Rank FJ 0.00 -0.06 -0.01 -0.04
(0.23) (0.25) (0.23) (0.23)
Dem -0.03 -0.18* -0.03 0.04
(0.04) (0.09) (0.04) (0.04)
Dem X Post RC 0.04 0.14 -0.01 -0.11+
(0.06) (0.20) (0.06) (0.06)
Has Top5 Pub 0.21%* 0.18%* 0.21%* 0.21%*
(0.05) (0.06) (0.05) (0.06)
Has Top5 Pub X DS Post RC -0.04 0.00 -0.05 -0.06
(0.07) (0.07) (0.07) (0.06)
Observations 902 612 862 902
Adjusted R? 0.156 0.141 0.154 0.155
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

Panel B: Effect for Graduates from Low-Ranked Schools

1) (2) @) (4)
VARIABLES Female Minority API Foreign
Post RC Adoption (Degree School) 0.06 0.10 0.01 0.03
(0.11) (0.14) (0.12) (0.11)
Post RC X Pr Hi-Rank FJ 0.07 -0.03 -0.12 0.05
(0.25) (0.33) (0.30) (0.29)
Dem -0.01 -0.12+ -0.06 -0.10%*
(0.04) (0.07) (0.04) (0.03)
Dem X Post RC -0.13+ 0.04 -0.23* -0.05
(0.08) (0.15) (0.09) (0.08)
Has Top5 Pub 0.40%* 0.44** 0.38* 0.40%*
(0.11) (0.13) (0.15) (0.13)
Has Topb Pub X DS Post RC -0.10 -0.12 -0.02 -0.08
(0.15) (0.19) (0.19) (0.14)
Observations 757 549 717 757
Adjusted R? 0.169 0.184 0.183 0.176
First Year RC Controls Yes Yes Yes Yes
Sample DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post DS Ever RC and Pre-Post
Year FE Yes Yes Yes Yes
Degree School FE Yes Yes Yes Yes

This table reports the importance of having top 5 publication pre graduation on placement
gaps. The estimates are plotted in Figure [A.5] The sample is restricted to schools that
participated and supplied students in the pre and post period. In panel A, the sample
is further restricted to graduates from high-ranked schools while the sample is limited to
graduates from low-ranked schools in panel B. All specifications include year and degree
school fixed effects. We control for the differential effect of the first year of participation
in each of the specifications. Standard errors are clustered at the degree school and are in
parentheses. + p<.10 * p<.05 ** p<.01.
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Table A.8: Comparison of Writing Quality for Various Demographic Groups against White
Candidates before and after ARC

Panel A: Writing Typos
6) 2 3)

VARIABLES API Chinese White Chinese Names
Post ARC Adoption (By Degree School) 0.23 0.35 0.11

(0.30) (0.32) (0.22)
Post ARC X Degree School Rank -0.29 -0.21 -0.17

(0.28) (0.27) (0.22)
Dem -0.02 -0.05 0.00

(0.09) (0.12) (0.24)
Dem X Post RC -0.10 -0.14 0.02

(0.15) (0.17) (0.35)
Pre Graduation Top 5 Pub 0.14 0.09 -0.09

(0.10) (0.09) (0.06)
Pre Graduation Top 5 Pub X Post ARC -0.19 -0.17 -0.01

(0.12) (0.14) (0.11)
Observations 538 492 323
Adjusted R? 0.068 0.131 0.330
First Year RC Controls Yes Yes Yes
Sample Ever ARC & Pre-Post  Ever ARC & Pre-Post Ever ARC & Pre-Post
Year FE Yes Yes Yes
Degree School FE Yes Yes Yes

Panel B: Writing Compelxity
6) 2) 3)

VARIABLES API Chinese White Chinese Names
Post ARC Adoption (By Degree School) 0.02 0.04 0.04

(0.05) (0.05) (0.04)
Post ARC X Degree School Rank 0.03 -0.00 -0.00

(0.07) (0.08) (0.11)
Dem 0.00 0.02 0.03

(0.02) (0.02) (0.06)
Dem X Post RC 0.05 0.04 0.01

(0.04) (0.05) (0.07)
Pre Graduation Top 5 Pub -0.02 -0.02 -0.01

(0.03) (0.02) (0.02)
Pre Graduation Top 5 Pub X Post ARC 0.02 0.03 0.00

(0.04) (0.04) (0.03)
Observations 538 492 323
Adjusted R? 0.161 0.183 0.243
First Year RC Controls Yes Yes Yes
Sample Ever ARC & Pre-Post Ever ARC & Pre-Post Ever ARC & Pre-Post
Year FE Yes Yes Yes
Degree School FE Yes Yes Yes

This table reports comparison of writing quality for various demographic groups against white candidates
before as well as after ARC. The estimates are plotted in Figure The sample is restricted to schools
that participated and supplied students in the pre and post period. The dependent variable in Panel A is
average number of typographical errors in individual dissertation. The dependent variable in Panel B is the
lexcial richness measure of Mass; the index is based on a logarithmic function of the relation between the
terms (types) and the total number of words in a text (tokens). The measure gives us a measure of the
diversity of the writing. All specifications include year and degree school fixed effects. We control for the
differential effect of the first year of participation in each of the specifications. Standard errors are clustered
at the degree school and are in parentheses. + p<.10 * p<.05 ** p<.01.
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