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Abstract

In chapter one we first describe the demand for interns. Bygasing the text of all avail-
able ads on a popular internship website, we are able to desie the occupation that best
matches the advertised internship. We also match eacméftigrad to its local labor market.
We find that internships in loose labor markets are moreylikelbe unpaid. Paid internships
are in occupations that have higher wages, require lessegobttraining, and are more quan-
titative. We then conduct an audit study with more than 10 f#&umes, where we randomly
assign student characteristics and apply to internshigstil that employers are more likely
to respond to an application when they are looking for an ighipdéern. We find little effect of
major field of study, volunteer experience, and college vexjxerience on employer callbacks
and some evidence that a higher GPA and previous interngipgrience increases positive
employer responses. Black applicants receive fewer pesiisponses than white applicants,
but this is entirely driven by greater discrimination agdiblack-named applicants living far
away from employers.

Chapter two continues on this work by describing the demanglills for virtual interns-
ships. Using the available database from all available add in chapter one, | focus on a small
subset containing only virtual internships. Following Deghand Kahn (2016), | process the
text of the advertisements using key words aligned with ifigeskill sets. From this data set |
assess the skills associated with paid, unpaid, part-time full time internships. In addition,
| link each internship ad to its local labor market to asséssimpact of unemployment. |
find an increase in the unemployment rate decreases thelpligbthat an internship is paid.
Finally, | assess the association between different skifi and downstream wages. Using the
Occupation Employment Statistics data set, | link the as'ddwnstream occupations using a
machine learning algorithm. | find that cognitive and finahskill sets are statistically signifi-
cant and positively associated with the downstream wagest Bloprisingly, words associated

with positive character traits are negatively associatitd downstream wage.
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Chapter 1

The Demand for Interns

Internships often provide students first experiences irsiiléed labor market, and they
are increasingly perceived as a requirement for regulal@myent after college. More than
60 percent of graduates have held an internship at someging their college careers, more
than double the rate in the 1988sIn response to increasing mismatch between educational
attainment and jobs for new college graduates since thg-28€0s (Abel, Deitz, and Su 2014)
and the prioritization of relevant experience in hiring idans (Finch, et al. 2013; Cappelli
2014; Nunley, et al. 2016a; Nunley, et al. 2016b) students hame under increasing pressure
to obtain relevant work experience, and internships magraffudents a way to enhance their
resumes. Empirical evidence on the labor-market returniatesnship experience indicates
improved early-career employment prospects (Nunley, PRgimero and Seals 2016a) and
higher earnings later in life (Saniter and Siedler 2014).

The U.S. Department of Labor characterizes internshipswasams to provide short-term,
practical experience for students, recent graduates, aodle changing careetsAlthough
the durations of internships are usually less than one y@hiapprenticeships can last many
years, internships have assumed many of the features oérappaships as the size of the
internship market has grown. A 2015 survey of large firms eltmited States, for example,
indicated that 90 percent of interns who return for a subseginternship were offered full-
time employmerit Among the 90 percent of returning interns, almost 90 peroéthem

accepted the employment offers from the firms for which they tompleted internships. The

1Seehttp : //www.naceweb.org/s10072015 /internship — co — op — student — survey.aspz (last seen
19 March 2017) and the Lindquist-Endicott Report (1992).

2See https://www.bls.gov/careeroutlook/2006/summt2apdf (last seen 19 March 2017).

3The National Association of Colleges and Employers 201&rhsthip & Co-op Survey.



high rate of transition from intern to full-time employeeesgs to indicate that an internship,
like an apprenticeship, serves an important role in det@ingieventual employmeht

Another institutional feature of apprenticeships not pgya wage for the apprentices work
has also become a common, if controversial, feature ofristéps. The Department of Labor
(DOL) has stated that it is possible for an intern not to besatered an employee under the Fair
Labor Standards Act (FLSA) if the internship is similar taitring obtained in an educational
environment and it is understood the intern is not entittegday or regular employment with
the firm in the futur® Whether interns are employees has been the subject ofrat taasuit,
however, that may be eventually argued before the U.S. Swp@ourt.

We first describe the internship market by using web-scrapgdrtisements from a promi-
nent website. The text from these internship ads is usedpag in a machine-learning algo-
rithm that assigns to each an O*NET Standard Occupatioradification (SOC) code, allow-
ing us to link the advertisement data to the American Comtyguurvey (ACS) and O*NET.
We also use the geographic location of the firms seekingnater examine how local labor
market conditions may affect the characteristics of theatahfor interns. After combining the
various data sources, we summarize the characteristibg afternships in our sample overall
and by major occupation categories, which provides a smapshthe skills demanded and ex-
pected earnings associated with internships classifieddifferent occupation categories. We
emphasize the factors that are correlated with the paididrgtatus of internships: the roles of
(a) tight versus loose conditions in local labor markets géneral versus job-specific training

(Acemoglu and Pischke 1998, 1999a, 1999b; Becker 1964)(@ndifferent skill demands

“Fersterer, Pischke, and Winter-Ebmer (2008) find annualiegs returns to apprenticeships in Austria of
approximately four percent, and also note that there istanbal heterogeneity in quality across industries and
occupations in apprenticeships. Saniter and Siedler (2fii® positive wage returns of roughly six percent
associated with internships. Heterogeneity in the retarinternships depends, however, on the strength of labor
market orientation for specific majors.

SApprenticing under the supervision of a more experienctigaar for little or no pay is an ancient practice
(Wallis 2008). Apprenticeship contracts often includeddiog schemes, by which an apprentice might post a
cash amount to compensate the master in the event the apprguits before the term is over (Elbaum 1989).

6See https://www.dol.gov/whd/regs/compliance/whdfp@i(last seen 19 March 2017).

A U.S. district court ruled in 2015 that unpaid interns wenepéoyees under the FSLA and, therefore, were
entitled to (at least minimum wage) compensation (Glatt @x Bearchlight Pictures, Inc. 2015). This ruling
was in turn recently vacated by a Federal Appeals Court becikat created a new set of criteria that determines
whether or not the unpaid intern is the primary beneficiarthefinternship (Glatt v. Fox Searchlight Pictures,
Inc. 2016). Hacker (2016) argues that the latter ruling geties an ambiguous test for employee status.



(Autor, Levy, and Murname 2003; Autor and Price 2013; Den#06). To examine how stu-
dent characteristics affect success in acquiring intépsskve conducted a large-scale resume
audit of the market for interns.

We find that the majority of internships advertised are utheid that there is a strong
positive relationship between paid status and and full status. The availability of internships
in general and paid/unpaid internships in particular wawielely across statés

In terms of the econometric evidence based on the advesisietata, we find that a one-
unit increase in the unemployment rate triggers a nine péregluction in the probability that
an internship is paid. The relationship between paid statgsmonths of on-the-job training
(OJT) required is convex in its shape; that is, the probigititiat an internship is paid falls at
low levels of OJT but begins to increase around 17 monthscfired OJT. We find no statis-
tical evidence linking particular skills demands, such @sa skills, routine tasks or service
skills, to the paid status of internships. The exceptioroisrautine analytical skills, which is
associated with a 35 percent higher probability of paidustat he evidence for expected earn-
ings indicates a positive relationship: the probabilitypaid status is around one percentage
point higher when expected earnings rises by five percent.

The econometric evidence from the resume audit reveals aeuof noteworthy findings.
Unpaid internships have higher positive employer respoaites than paid internships, suggest-
ing that firms may need to cast a wider net to fill unpaid inteips However, the employer
response gap between paid and unpaid internships is etdifar internships that correspond
to high-paying occupations. Part-time internships caimyilar response rates to full-time in-
ternships for unpaid internships, but they have lower respaates for paid internships. We
tend to find no effects for major field of study, volunteer exgrece, and college work expe-
rience. We find limited statistical evidence that havingghhgrade point average or working
as an intern in the past improves internship opportunifiée. only resume attributes that have

robust effects on employer responses are race and distaoimesmployers. Black applicants

8More populated states, such as California and New York, tetéve large numbers of internships available,
but they tend to be disproportionately unpaid. By contilast populated states, such as Utah and Vermont, tend
to have more paid than unpaid internships.



receive approximately 27 percent fewer positive respotisas their white counterparts. Ap-
plicants living 500 miles or more away from employers arewtds) percent less likely to
receive positive responses. The overall racial differengmsitive responses rates is, however,
driven entirely by greater discrimination against blackyed applicants living 500 or more
miles away from employers. This finding is supported by anyaigof the text from employer
responses in which black-named candidates are more likalyceive a request for informa-
tion concerning their current location. These findings ptaward statistical discrimination
as the underlying mechanism for racial differences andestrthe idea that the discrimination

identified is based on implicit biases (See Bertand, Chugh\uilainathan 2005).

1.1 Characterizing the Demand for Interns

To characterize the demand side of the internship market sgedata web-scraped in-
ternship ads posted on a prominent website in fall 2016 aen #yain in spring 2027 The
initial data set included 43,319 internship ads. The adgigegertinent information regarding
the internship opening, including whether the internskipaid or unpaid, whether the intern-
ship is part time or full time, the internship title, destigms of duties, responsibilities and
requirements, the advertising firms geographic locatibe,mhonth, day and year the ad was
posted online, the application deadline, and the advediims name. The detailed informa-
tion provided allows us to examine various internship ctiarstics as well as link the ad data
to external data sources at the occupation and metrop@rem levels. After linking the ad
data to various external data sources, the data set, whicisev® describe the demand side of

the internship market, includes 36,669 internship ads wotnplete recordS.

%We web-scraped all internship advertisements posted owéiisite on 14 November 2016 and 18 March
2017. Per our Institutional Review Board (IRB) agreemerm are unable to disclose the name of the website or
the names of firms seeking interns.

101n the process of linking the ad data to external data sowatte occupation and metropolitan-area levels,
we have incomplete records for 6,650 ads. Over 80 percehedfliservations with incomplete records are those
for which an occupation-classification code could not bégagsl. The remaining observations result from one
of four problems: (i) the ad could not be linked to the ACS déiathe ad could not be linked to the O*NET
data, (iii) the ad could not be linked to a metropolitan amedjv) the unemployment rate was unavailable for the
metropolitan area in which the firm is located. See AppendirrAmore details on how the analysis data set was
constructed.



Table 1.1: Cross Tabulation Between Paid/Unpaid and Rare/Full-Time Statuses

Part-Time Internships Full-Time Internships  All Interish

(1) 2) 3)
Paid Internships 19.21% 21.29% 40.49%
Unpaid Internships 51.06% 8.45% 59.51%
All Internships 70.27% 29.73% 100.00%

With the ad data, we are able to differentiate between papdid and part-time/full-time
internships. A two-way cross-tabulation between paidaithand part-time/full-time statuses
reveals a clear pattern: Unpaid internships are more comthnam paid ones, and paid in-
ternships are more likely to be full time (Table'1) Using the ad text, we create variables
that measure firm-level demands for particular skills anidrmattributes. Deming and Kahn
(2017) search for particular words or phrases that indigaticular skills or attributes (See Ap-
pendix Table Al; recreation of Deming and Kahn). Indicatiables for 10 different types of
skills and intern attributes are created from the text $earognitive, social, character, writing,
customer service, project management, people manageimantial, computer (general), and
software (specific). Over half of the internship ads incluieds and phrases that are indicative

of a particular demand for social skills as well as custoreerise (Table 2).

The Pearson? test for independence rejects the null hypothesis of inaégece between paid/unpaid and
part-time/full-time statuses at the one-percent levelnditation that paid/unpaid and part-time/full-time siss
are, to some extent, jointly determined.



Table 1.2: Summary Statistics for Firm-Level Demands
All Internships  Unpaid Internships Paid Internships Fante Internships  Full-Time Internships

@ @ ®3) “4) ®)
Cognitive 0.369 0.381 0.352 0.371 0.365
(0.483) (0.486) (0.478) (0.483) (0.481
Social 0.558 0.523 0.609 0.527 0.631
(0.497) (0.499) (0.488) (0.499) (0.483)
Character 0.296 0.306 0.281 0.306 0.272
(0.457) (0.461) (0.449) (0.461) (0.445)
Writing 0.423 0.474 0.346 0.461 0.333
(0.494) (0.499) (0.476) (0.498) (0.471)
Customer Service 0.575 0.469 0.731 0.507 0.733
(0.494) (0.499) (0.443) (0.500) (0.442)
Project Management 0.033 0.030 0.038 0.028 0.044
(0.179) (0.171) (0.190) (0.166) (0.205)
People Management 0.476 0.448 0.518 0.444 0.553
(0.499) (0.497) (0.500) (0.497) (0.497)
Financial 0.137 0.124 0.157 0.122 0.173
(0.344) (0.329) (0.364) (0.328) (0.378)
Computers (general) 0.545 0.550 0.537 0.544 0.546
(0.498) (0.498) (0.499) (0.498) (0.498)
Software (specific) 0.029 0.025 0.034 0.022 0.046
(0.168) (0.157) (0.181) (0.145) (0.210)
Observations 43,319 25,769 17,550 30,354 12,965

The internship title and its description are used as inputiseé O*NET-SOC AutoCodéf,
which assigns an 8-digit O*NET-SOC (henceforth, SOC) cadesgch ad. The majority of in-
ternships are assigned disproportionately to particutaupation categories: (i) business and
finance, (ii) arts, design, entertainment, sports and méiijasales, and (iv) office and ad-
ministration (Table 3). The same internship-occupaticiegaries also represent the largest

shares of internships in the subsamples based on differemhship statuses: paid (column 2),

2The O*NET-SOC AutoCoder, a proprietary machine-learninglgoathm, that assigns
O*NET-SOC codes to job or internship openings is accessibia the following website:
http://www.onetsocautocoder.com/plus/onetmatch (&s#n 19 March 2017). For details on the O*NET-
SOC AutoCoder, click on the FAQ tab, which provides inforimaton the uses, accuracy, and methodology.
R.M. Wilson Consulting, Inc. owns the rights to the O*NET-S@utoCoder and provides access to it for fees
that vary based on the number of records. Javed et al. (2@t&3 that CareerBuilder, a large online job board,
used the same algorithm to label job advertisements to libindbe classification of job titles for the creation of
a large training data set for their proprietary algorithmdZane.
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unpaid (column 3), part time (column 4), and full time (coluB). The majority of internship-

occupation categories are disproportionately unpaidnsteps (column 6). But there are ex-
ceptions, as sales, architecture and engineering, anttgotsn and extraction, are more likely
to be paid. All internship-occupation categories are coseprof a disproportionate number of

part-time internships, except those belonging the sakegogy.

Table 1.3: Percentages of Different Types of Internship®bgupation Category

Percentage of Ads within Each Internship Category

All Paid Unpaid PartTime Full Time Share Unpaid Share Paid
Major SOC Category Q) 2) 3) 4) 5) (6) (@)
Management (11) 6.20 7.51 5.30 5.24 8.44 49% 41%
Business and Finance (13) 2210 21.27 22.66 22.78 20.49 39% 8% 2
Computer and Math (15) 5.87 6.67 5.32 5.28 7.26 46% 37%
Architecture and Engineering (17) 0.77 1.10 0.55 0.65 1.07 8%5 41%
Life, Physical and Social Sciences (19) 0.65 0.41 0.81 0.64 670 26% 31%
Community and Social (21) 3.88 1.97 5.18 4.47 2.49 21% 19%
Legal (23) 0.55 0.28 0.72 0.57 0.49 21% 27%
Education, Training and Library (25) 2.24 1.52 2.72 2.72 01.1 28% 15%
Arts, Design, Entertainment, Sports and Media 30.04 1824  38.08 35.50 1714 5% 17%
(27)
Healthcare Practitioner (29) 0.34 0.36 0.33 0.35 0.33 42% % 29
Healthcare Support (31) 0.31 0.16 041 0.35 0.20 21% 19%
Protective (33) 0.07 0.05 0.08 0.08 0.04 32% 16%
Food Preparation and Serving-Related (35) 0.49 0.46 0.51 45 0. 0.57 38% 35%
Building/Grounds Cleaning and Maintenance (37) 0.08 0.07 .100 0.08 0.09 32% 32%
Personal Care (39) 0.72 0.57 0.83 0.69 0.80 32% 33%
Sales (41) 15.23 27.78 6.68 9.63 28.45 74% 56%
Office and Administration (43) 9.54 10.82 8.67 9.52 9.58 46% 0%3
Farm, Fish and Forestry (45) 0.11 0.07 0.14 0.10 0.13 27% 34%
Construction and Extraction (47) 0.11 0.16 0.08 0.11 0.11 %58 29%
Install and Repair (49) 0.05 0.06 0.04 0.05 0.06 50% 33%
Production (51) 0.58 0.37 0.72 0.65 0.42 26% 22%
Transportation and Moving (53) 0.08 0.08 0.08 0.08 0.08 41% 1%3
Total Number of Advertisements 36,657 14,844 21,813 25,75810,899 -

Another statistic produced by the O*NET-SOC AutoCoder iacupation-match score,
which is effectively a measure of how reliably the O*NET-S@@oCoder assigns the proper

SOC code. When the occupation-match score is high, thefatas®n of an internship into a

7



particular occupation category is more accurate than wihemtcupation-match score is low.
For example, scores of 70 or above imply that the algorithmectly predicts the O*NET-
SOC code to which the advertisement belongs at least 70rgesté¢he time. Figure A.4 in
the appendix plots the kernel density estimate for the catboip-match score. From the plot,
the scores range from low (50s and 60s) to high (80s and 9Q&s.alr he average occupation-
match score is slightly above 74 with a standard deviaticadrobst 11. Slightly more than 65
percent of the internships in our sample were assigned tgpation categories with scores in
excess of 78.

After assigning SOC codes to the internship ads, we thenthekads to occupation-
level data from the American Community Survey (ACS) and OTNEa the SOC codes. To
construct a measure of expected earnings, we compute hiagagithm of average earnings
for each detailed occupation category using four years oligabcross-section data (2012-2015)
from the ACS. The sample used to compute the earnings meaasfiareed on employed workers
between 24- and 28-years-old with Bachelors degrees.

Because we are interested in examining the general- vepagifis-training aspects of
internships, we use the on-the-job training (OJT) variglleailable from O*NET, which con-
sists of nine OJT variables that are broken down into diffeemounts of required training
(e.g., none, less than one month, one to three months, thisr Mmonths, six months to one
year, one year to two years, two years to four years, four tpeHds, and over 10 years). For
each category, O*NET reports the percentage of respondlesittseport a particular amount
of required training. Based on this information, we condtia continuous measure of OJT.
In particular, we use the midpoint in the range (e.g., two theror the one to three months
category, 36 months for the two to four years category), had multiply the midpoint in each
OJT category by the percentage of respondents claimingtpatticular amount (or range) of

training is required for the occupation.

B3According to the O*NET-SOC AutoCoder website, scores bed@vshould be considered relatively unreli-
able. Due to the lower degree of reliability for scores ldemt60, we check the sensitivity of our estimates by
re-estimating all models using a subset of the data set Hthiides observations with occupation-match scores
below particular thresholds (e.g., 60, 70, 75, and 80). Ttienated effects of the explanatory variables are not
particularly sensitive to the threshold cutoffs, as thefficients are the same in terms of sign and similar in terms
of magnitude.



The remaining variables from O*NET proxy for the followingik demands: routine
tasks, non-routine analytical tasks, social skills, sentasks. We follow Deming (2016) and
use the same survey questions from O*NET to create thesablasi With the exception of the
variables used to construct the routine-task measure thiee wariables are provided on a one-
to-five scale, in which, for example, one is not important ivelis extremely important. Each
internship ad is assigned the average value for each skilhdd. We then create an indicator
variable for each skill demand that equals one when the \@uesponding to the internship
ad is above the median in the O*NET data. We follow a similgrapch for the routine-task
variable, but the data are based on the percentage of remmtsrcdaiming a particular degree
of automation/routineness in lieu of a one-to-five scale. ddate an indicator variable that
equals one if the percentage of respondents in a particatampation assigned to each ad is
greater than the median value in the O*NET data.

Table 1.4: Summary Statistics for Internship-Occupatibai@cteristics

Months

Social Skills Service Tasks Routine Tasks Non-Routine yiiad! Tasks ~ Average Earnings
of On-the-Job Training

Mean std. Mean std. Mean std- Mean std. Mean std. Mean std.
Dev. Dev. Dev. Dev. Dev. Dev.

Major SOC Category (1) ) 3) 4) (5) (6) @ ) 9 (10) (11) (@12)
Management (11) 9.07 3.37 1.00 0.00 0.38 049 0.25 043 0.99 .04 0 $59,465 $8,542
Business and Finance (13) 10.05 3.88 0.16 0.36 0.19 0.40 0086 0.93 0.25 $55,484 $7,192
Computer and Math (15) 8.03 4.20 0.00 0.00 0.13 0.33 098 0.18.89 0.32 $56,334 $8,274
Architecture and Engineering (17) 17.38 6.84 0.16 0.36 0.00.07 0.50 0.50 1.00 0.00 $54,418 $9,731
Life, Physical and Social Sciences (19) 9.89 4.72 0.41 04970 038 0.12 0.32 0.89 0.31 $43,145 $6,934
Community and Social (21) 5.32 3.43 1.00 0.00 1.00 0.00 0.86340 0.00 0.00 $36,016  $735
Legal (23) 22.20 8.28 051 050 051 050 049 0.50 0.00 0.00 $67,748,4834
Education, Training and Library (25) 7.28 5.87 0.36 0.48 50.80.36 0.24 0.43 0.46 0.50 $32,348  $4,970
Arts, Design, Entertainment, Sports and Media (27) 5.29 931 064 048 058 049 032 047 0.02 0.13 $50,246  $4,297
Healthcare Practitioner (29) 7.61 4.17 0.62 049 0.94 0.24510 0.50 0.49 0.50 $52,102 $19,519
Healthcare Support (31) 3.14 1.95 0.43 050 099 0.11 0.687 0. 0.44 0.50 $31,885 $7,284
Protective (33) 9.80 8.22 053 052 087 035 080 0.41 0.13 350 $45,710 $10,892
Food Preparation and Serving-Related (35) 4.95 4.43 0.4@19 00.76 043 052 0.50 0.53 0.50 $27,367 $4,807
Building/Grounds Cleaning and Maintenance (37)  7.35 2.06 .350 0.49 1.00 0.00 045 051 0.30 0.47 $30,081 $5,810
Personal Care (39) 3.97 3.35 022 041 098 0.13 0.24 043 3 0.0 0.18 $32,019 $4,472
Sales (41) 6.39 4.13 0.86 035 057 050 041 049 077 0.42 $59,931 6322,
Office and Administration (43) 5.05 2.95 0.13 0.33 0.82 0.38.001 0.00 0.44 0.50 $36,442 $4,217
Farm, Fish and Forestry (45) 8.94 6.49 031 048 0.75 0.456 06.51 0.31 0.48 $38,209 $7,260
Construction and Extraction (47) 26.07 9.30 0.56 0.50 0.63490 0.63 0.49 0.97 0.18 $52,307 $10,875
Install and Repair (49) 17.27 6.20 0.00 0.00 040 051 0.13x350. 0.53 0.52 $39,165 $4,325
Production (51) 11.97 9.96 0.09 029 010 030 0.92 0.28 0.46 0.50 $31,111 $10,408
Transportation and Moving (53) 4.97 4.89 0.20 0.41 0.67 04060 051 0.47 0.52 $39,916 $10,102
All Occupation Categories 7.17 4.63 0.49 050 050 050 0.4349 0.50 0.50 $50,996 $11,277




Table 4 presents summary statistics (sample means andhstiaheliations) for each of
the internship-occupation characteristics by major (8HpSOC code. In some cases, there is
substantial variation in the internship-occupation cbamastics within the 2-digit SOC code.
But, in other cases, there is little to no variation. As annegle, consider Management Occu-
pations. Within this occupation category, there is vaoiain terms of service tasks, but there
is no variation in social skills and non-routine analytitcasks. Similar patterns in the data
exist for other major SOC codes (e.g., computer and mathesratcupations, community and
social occupations.

To construct a measure of expected earnings, we computagevearnings for each de-
tailed occupation category using four years of pooled esession data (2012-2015). The
sample used to compute the earnings measure is composedkafrs/between the ages of 24
and 30 with a Bachelors degree.

Table 4 also presents summary statistics (sample meansartthed deviations) for each
of the internship-occupation characteristics by majob{@i) SOC category. In some cases,
there is substantial variation in internship charactessvithin the major SOC category. But, in
other cases, there is little to no variation. As an exammascer Management Occupations.
Within this occupation category, there is variation in terof service tasks, but there is no
variation in social skills and nonroutine analytical taskSimilar patterns in the data exist
for other major SOC categories (e.g., computer and mathesratcupations, community and

social occupations).

Y¥An implication of the lack of variation within major SOC cgtaies is that including major SOC fixed effects
in our regression models results in a high degree of coltityeamong certain variables. Thus, standard errors
increase substantially. As a result, our preferred settohases for the internship-occupation characteristies ar
based on between-SOC variation.

15An implication of the lack of variation within major SOC cgtwries is that including major SOC fixed effects
in our regression models results in a high degree of coltityeamong certain variables. Thus, standard errors
increase substantially.
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Figure 1.1: Internships Per 100,000 19-24 Year Olds

I 107.4 - 238.5
M 65.0 - 107.4
054.5-65.0
[J37.0-545
[126.0 -37.0
[J13.7-26.0

Using the geographic locations of firms, we link the advaergjdirm to a metropolitan
area (i.e. MSA), which enables us to examine the availghalitinternships across the U.S.
Internships are geographically disperse, but are corateaton the coasts and upper Midwest.
In Figure 1.1, we show the number of internship per 100,00bi@fpopulation of 19-24 year

olds by metropolitan aré

Figure 1.2: Paid Internships Per 100,000 19-24 Year Olds

I 47.31 -69.76
W 31.71-47.31
019.62 -31.71
[]15.29 - 19.62
[112.49 - 15.29
0J1.72 -12.49

®\We use the Open Cage geocoder (http:/geocoder.opencagdast seen 19 March 2017) through the
opencagegeo Stata module to geocoded the addresses ofrteafid obtained the state and county in which
the firm is located. For the analysis below using the unemptay rate, we were able to match 100 percent of the
county/state combinations to county level FIPS codes. dJaiarosswalk from the National Bureau of Economic
Research (NBER), we then match the county level FIPS codéetarea level FIPS codes (Core Based Statistical
Areas, or CBSAs, and New England City and Town Areas, NECTA& are able to match 98.2 percent of county
level FIPS codes to the corresponding CBSA or NECTA code

11



In figures 1.2 and 1.3 we show the distribution of paid and whipéernships, respectively.
We observe internship openings in all 50 states, but thegnare prevalent in the mid-Atlantic
states, California, Georgia. Paid internships are morencomin Utah, Vermont, and Montana,
while unpaid internships are more common in New York Gedgiagdifferences also exist in
the number of paid and unpaid internship openings acrotesstaor example, paid internships
are more common in Utah, Vermont and Montana, while unpdetmships are more common

New Jersey, New York and California.

Figure 1.3: Unpaid Internships Per 100,000 19-24 Year Olds

godEmmm
WRE PN AN
LPONOR

To examine the relationship between the regular labor nhakd the demand for in-
ternships, we use the precise date the advertisement wslpoydine and metropolitan area in
which the advertising firm is located to link the internshils #o the corresponding metropolitan-
area unemployment rate for the month/year in which the aade peblished on the websife
For our sample period, which runs from November 2014 thrddgiember 2016, the average
unemployment rate is 4.9 percent with a standard deviafi@Sopercent. Assigning the area
unemployment rates by the advertisement posting date gisearariation within and between

local labor markets.

"We match the FIPS code for each ad to the database of segsadplbted civilian labor force and un-
employment variables from the Bureau of Labor Statisticee Wére unable to match 420 observations to the
corresponding unemployment rate, less than two perceheafiiginal sample.
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1.1.1 Determinants of Paid Status

The controversial issues surrounding unpaid internshigkes an analysis of the deter-
minants of paid-unpaid status particularly important fofigy. Using an indicator variable
for paid status as the dependent variable, we estimate di@reship between other ad char-
acteristics, the characteristics of occupations thatespond to the internship openings, and
metropolitan-area labor market conditions.

In particular, we study the relationship between particskall demands at the firm level
and paid-unpaid status, required skills at the occupaterllOur analysis focuses on the
impact of particular internship/occupation and environtaécharacteristics, such as intern-
ship attributes (skill demands, part-time/full-time st a measure of expected earnings, the
amount of on-the-job training required, the state of thetabarket (loose or tight conditions),
and particular skill/task demands (routine, nonroutinahgtical, social, and service tasks) at
the occupation level. The regression model used to invastidpe determinants of paid status

is:
paid; o q = o + X]'-B + 7.7y + Sunempy g + bwage,; + ¢o + G1 + €joi.d

The termsj, o, [, andd index ads, occupation categories (i.e. SOC codes), lobal la
markets, the month-year the ad was posted online, respbctiVhe variable paid equals one
when an internship is paid and zero otherwise; X is a vect@de$pecific explanatory vari-
ables, including an indicator variable for part-time ssa#ind a set of dichotomous variables
that proxy for other attributes and skills demanded by atsiag firms (summarized in Table
3); Z is a vector of occupation-specific explanatory vaeabivhich capture expected earnings
and skilltask demands (routine, nonroutine-analytisatial, and service); unemp is the un-
employment rate at the local-labor-market level at theipgsdate of the internship opening;
wageis the average wage in each occupation category measuteel retropolitan-area level,
¢, represents 2-digit SOC fixed effecis; represents local-labor-market fixed effects; and
represents factors not accounted for in equation (1) tredipr the paid/unpaid status of the

internships. They, 3, v, 6 andd are parameters to be estimated.
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We estimate a variety of alternatives models that necésditat equation (1) be writ-
ten differently. In the interest of space, equation (1) depthe final specification, which
includes right-hand-side explanatory variables at the, footupation, metropolitan area and
occupation-metropolitan area, respectively, that mayliptepaid status. The estimates for
equation (1) and its variations are presented in Table 4.

The estimates presented in columns 1-6 differ in a severgs whirst, we focus on the
impact of skills and attributes demanded by firms and logbbt-market conditions in the
metropolitan area (columns 1 and 2). Second, we incorpsialiedemands measured at the
occupation level, the amount of on-the-job training regdifor the corresponding occupation,
and inflation-adjusted earnings at the occupation*meftitsearea level. Third, some speci-
fications (a) omit metropolitan-area fixed effects (colurin8, and 6), (b) omit 2-digit SOC
fixed effects (columns 1, 2, 3 and 4), and include both metigprarea and 2-digit SOC fixed
effects (column 5).

In columns 1 and 2, the ad is nested within a labor market. Ak,sue compute cluster-
robust standard errors with one-way clustering on the rpetian area. However, in columns
3-6, there are non-nested clusters across labor marketscangations. In these instances, we
compute cluster-robust standard errors with three-wasteting on both the metropolitan area,
occupation and occupation-metropolitan area (Camerolia@e and Miller 2011). The ways

in which standard errors are adjusted is listed at the bottiofable 1.5.
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Table 1.5: Determinants of Paid Status

Explanatory Variable

All Internships Part-Time Full-Time

@) @) 3) (4) ®) (6)

Unemployment

oJT

OJT-Squared

Social

Analytical

Service

Routine

Natural Log of Real Earnings

Part-Time Status

-0.0393%* -0.0328** -0.0395** -0.0329% -0.0243**  -0.0648*
(0.0127)  (0.0119)  (0.0126)  (0.0117)  (0.0117)  (0.0351)
-0.0067**  -0.0056** -0.0257**  -0.0224** -0.0201* -0257*
(0.0031)  (0.0027)  (0.0118)  (0.0099)  (0.0099)  (0.0122)
- - 0.0008**  0.0007*  0.0006**  0.0006
- - (0.0003)  (0.0003)  (0.0003)  (0.0004)
0.0082 -0.0008 0.0127 0.0033  -0.0430  0.0788
(0.0583)  (0.0521)  (0.0558)  (0.0501)  (0.0502)  (0.0511)
0.1264%* 0.1128%* 0.1518** 0.1354%* 0. 11§** 0.1493**
(0.0351)  (0.0307)  (0.0349)  (0.0306)  (0.0307)  (0.0365)

0.0410 0.0402 0.0286 0.0290 0.0378  0.0424
(0.0563)  (0.0478)  (0.0546)  (0.0463)  (0.0463)  (0.0473)
0.0532 0.0608* 0.0512 0.0588 0.0449  0.0852*

(0.0378)  (0.0348)  (0.0392)  (0.0361)  (0.0362)  (0.0457)
0.1484  0.1670*  0.1486 0.1663* .1102  0.2840%*
(0.1114)  (0.0895)  (0.1080)  (0.0872)  (0.0872)  (0.0982)
-0.4110%* -0.3872%* -0.4090*** -0.3&B** - -
(0.0355)  (0.0294)  (0.0352)  (0.0035) - -

Area FIPS Code Fixed Effects Included? No Yes No Yes Yes Yes

The impact of a one-unit percentage point increase in the anemployment rate trig-

gers a roughly three percentage point decrease in the plibpéhat an internship is paid,

depending on the model specification. The models that iecida FIPS fixed effects produce

our preferred estimates, as these regressions are likadgrcto the ceteris paribus effect of

unemployment on paid status than the specifications in wdriea FIPS fixed effects are omit-

ted. The estimated effects of unemployment in columns (8) (& indicate an approximate

nine percent decline in the probability that an internskipaid when the area unemployment

rate rises by one percentage point. The estimated effech@ihployment on paid status is

statistically at the one-percent level in each specificatio

The relationship between OJT and paid status is nuancealumas (1) and (2), a one-

month increase in OJT is associated with a 0.5-0.7 percengaint lower probability of paid
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status. However, when a squared term of OJT is added to thelpveel find a convex relation-
ship between paid status and OJT: the probability than @nriship is paid tends to fall at low
levels of OJT, but the relationship turns positive aroundribhths of OJ ¥,

In terms of the skill demands, the only variable that is staally significant is nonroutine
analytical tasks. We find a 35 percent higher probability @tpstatus when an internship-
occupation attaches a relatively high level of importarmcadnroutine analytical skills (e.g.,
problem solving using mathematics). The remaining vaesiheasuring different skills de-
mands, i.e. social skills, routine tasks and service tamlespositively related to paid status,
but none of these variables are statistically significacbaventional levels. However, the ef-
fects of skill demands are estimated imprecisely, perhagstd a high degree of collinearity
between variables.

In terms of expected earnings, we find a positive relatignbletween an increase in ex-
pected earnings and paid status. Using the estimates frmnd4), a 10 percent increase in
expected earnings is associated with a 1.7 percentagetypgiar probability that an internship
is paid. The statistical significance of the estimated efiéexpected earnings on paid status
is sensitive the inclusion of area FIPS fixed effects. Whesélfixed effects are included, the
coefficient increases in size enough to make it statisyicigjnificant at the 10-percent level.

Lastly, a strong negative correlation exists between fiae-and paid status. Part-time
status is large (in absolute value), negative and hightyssitzally significant in all model spec-

ifications. Part-time internships are between 38 and 4lep¢age points less likely to be paid.

1.2 Resume Audit of the Internship Market

1.2.1 Experimental Design

Our experiment follows the traditional correspondencatdtamework, which has been

used to examine employment discrimination on the basisaa (Bertrand and Mullainathan,

8However, 17 months of required OJT is rare in our sample. ¢t fuch an amount of OJT is above the 95
percentile. Thus, for values common in our sample, the matgiffect of OJT on paid status is negative.
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2004; Nunley et al. 2015), age (Lahey 2008; Neumark, BurnBarttbn, 2015), disability sta-
tus (Ameri et al. 2015), and country of origin (Oreopoulo4 P%°. Recently, correspondence
audits have been used to study the impact of traditionakaiarket variables, such as unem-
ployment duration (Farber, Silverman and von Wachter 2&ta@ft, Lange and Notowidigdo
2013; Nunley et al. 2016b), quality of post-graduation esgpient (Farber, Silverman and von
Wachter 2017; Nunley et al. 2016b), and college type (i.epfofit versus nonprofit) (Darolia
et al. 2015), college majors and specific college progranesnibDg et al. 2014; Nunley et al.
2016a). Our experiment extends the effort to use corresga@studies as a means to study
labor-market outcomes by auditing the market for interns.

We submitted fictitious resumes to internship openingswthe fall and spring semesters
of the 2015-2016 academic year via a widely-used onlingristép search boafdl Unlike
traditional audit studies, we created online profiles far filtive applicants, which were then
reused during the semester in which resumes were submittiediernship postings. Each
profile was used to apply to 10 different internships and, assalt, the experiment has a
clustered design. In particular, we created 576 profilesachesemester, with each profile
forming a unique cluster along three dimensions: (i) agwplicame, (ii) major field of study,
and (iii) university. We used two distinctively white nam@&yatt Schmidt and Colin Jo-
hannson) and two distinctively black names (Darius JacksmhXavier WashingtoRj. Each

racially-distinct name was assigned six major fields of gt(Biology, Economics, Business

19See Pager (2007), Bertrand and Duflo (2016) and Neumark asid(R916) for recent surveys of the audit
literature.

200ur IRBs prohibit us from revealing the names of any firms dvensities used in the experiment. Likewise,
we are prohibited from providing information on the websiged to submit fictive resumes

21Two audits of the real-estate rental market use online e fictitious, prospective renters using ethnic-
sounding names (Gaddis and Ghoshal 2015; Edelman, Lucavanséy52015).

22In response to the critique provided in Charles and GuryR@ahY), it is important to use names that are com-
mon in the populations of both white and black babies. Bezaus fictive applicants would tend to be in their
early-20s when apply for the internships, we used the 198#&E8ecurity Name Database, which provides rank-
ings on the popularity of particular first names (overall Imprace). Babies born in 1984 would be 21-years-old in
2015 when our experiment began. We then searched for theatigtly black and white names listed in Levittand
Dubner (2005). Xavier and Darius are ranked 139 and 155, aratt\&@nd Colin are ranked 124 and 197. These
rankings indicate that the names chosen for our experimer# given to babies at similar rates. Thus, it is likely
that the names chosen for our study would be perceived as oamithe names, however, should signal race,
particularly when combined with the racially distinct lastmes. The distinctively black last names are from the
following website, which based its report on the 2000 Censittps://hailtoyou.wordpress.com/2010/11/24/the-
blackest-surnames-in-the-usa/. The distinctively wlaigé names are ranked in the top five of surnames in coun-
tries with large white populations (Germany and Swederj:Mivorldnames.publicprofiler.org/SearchArea.aspx.
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Administration, Marketing, Psychology, and English) aetwy-four, large, public universities
that span the U.S., yielding 24 profiles at each of the 24 usiitves, for a total of 576. In ef-
fect, our data includes 1152 clusters because each nanwe-umayersity cluster is assigned a
different randomly-generated resume in the fall and sps@mesterS. Each resume included
an email address to which prospective firms could respond.

We applied to 5,760 internship advertisements in both th@ggnd fall semesters of the
2015-2016 academic year, giving a total of 11,520 resumiesiséted. We used the program
created by Lahey and Beasley (2009) to randomize othebuaits included on the resumes,
including grade point average (GPA), work experience wiileollege, past internship ex-
perience, volunteer experience, and computer $kill§he combination of the name-major-
university clusters and the random assignment of the resitributes ensures that so-called
template bias is avoided (Lahey and Beasely 2009).

To produce a random sample to which we could submit the ficksames, we followed

a five-step process

1. Randomly select an internship category (marketing arese or business) from which to

choose an internship
2. Randomly select a part-time or full-time internship.
3. Randomly select a paid or unpaid internship.

4. Randomly select the webpage the internship is to be cHos@r®.

23Assuming a cluster size of 10, our initial power calculasidor a randomized control trial with a clustered
design indicate that for a detectable difference of onegragage point with 80 percent power, we would need 47
clusters per arm (94 clusters total).

24n Appendix Table Al, we present summary statistics for #gime attributes for all internships (column
1), unpaid internships (column 2), paid internships (colud), part-time internships (column 4), and full-time
internships. A comparison of the columns indicates balamtiee random assignment of the resume attributes to
the fictive applicants resumes across the different typag@fships to which applications were submitted.

25\We chose the marketing, research and business interngkigocis for two reasons. First, these categories
included large numbers of both paid and unpaid internstépgadl as part- and full-time internships consistently
across cities. Second, the experimental design allows sisitty mismatch in qualifications, as it is common for
business-related majors (business administration, esmsand marketing) to intern in business-related fields.

26After completing steps 1-3, there are multiple numberedepad internships available when the internship
advertisements are displayed. Rather than select intpsish the first page, we generate a random number that
depends which page we choose the internship from.
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5. Randomly select the internship on the webpage to whickuame would be submittéd

Random selection of internship postings also generatésticar in the distance the appli-
cant is from the employer. The internship advertisementghich we sent the fictive resumes
were chosen at random in labor markets that were near thersitiv (within roughly 0-500
miles), at an intermediate distance from the universitp(@l’50-1250 miles), or far from the
university (1250-2250 miles) of the resume in question.

After submitting a resume to a particular internship opgnime monitored the accounts
for responses from employers. In general, we identifiedetltypes of employer responses:
expressions of interest, interview requests, and locatiquiries. In an effort to streamline
the main findings from the experiment, we create an outcomiabla that combines both
expressions of interest and interview requests into onialvar We refer to this outcome as
a positive response. We use the positive-response vaaalpemary outcome variable in the

analysis of employer responses.

Table 1.6: Sample Means and Standard Deviations for Diitedeenployer Responses
Type of Internship

All Internships  Unpaid Internships Paid Internships Pante Internships  Full-Time Internships
@ @ ®3) 4 ®)

Positive Response 0.0595 0.0791 0.0403 0.0565 0.0624
(0.2365) (0.2699) (0.1967) (0.2309) (0.2420)
Expresses Interest 0.0291 0.0360 0.0223 0.0352 0.0230
(0.1680) (0.1864) (0.1476) (0.1844) (0.1499)
Interview Opportunity 0.0304 0.0431 0.0180 0.0272 0.0335
(0.1716) (0.2030) (0.1330) (0.1672) (0.1800)
Location Inquiry 0.0093 0.0144 0.0043 0.0096 0.0090
(0.0959) (0.1192) (0.0653) (0.0975) (0.0944)

We present summary statistics in Table 1.6 for the diffetgmes of employer responses,
including the positive response rate (our primary dependarable), expressions of interest,
interview opportunities, and location inquiries. The eaygr response rates, regardless of the

type of employer response, are higher for unpaid interisstiign they are for paid internships

2TAfter step 4 is completed, the webpage displays 10 intepnativertisements. Thus, the random number
generated is between 1 and 10. For example, a 1 indicatesvéhaill submit a resume to the first internship
advertisement displayed.
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(columns 2 and 3). No clear pattern in terms of employer nese® is present between part-

and full-time internships (columns 4 and 5).

1.2.2 Classifying Internships into Occupation Categorieand Combining with Other

Data Sources

Ninety-six percent (or 11,054) of the internships in our plwere assigned an 8-digit
O*NET-SOC code via the O*NET-SOC AutoCoder. In Table 1.7 psesent the percentage of
resumes submitted to internship openings classified ifteredint occupation categories for all
internships (column 1). Similar to the ad data, we submiiviéatesumes disproportionately to
internships classified in the following occupation catéggr (i) business and finance, (ii) arts,
design, entertainment, sports and media, (iii) sales, @pdffice and administration. In fact,

resumes submitted to internships in these occupationssept over 80 percent of our sample.

Table 1.7: Percentage of Resumes Submitted to Internshverfisements by Occupational

Classification

Internship Category Type of Internship
All Types Research Marketing Business Paid Unpaid Part TifRell Time
@ &) 3 4) ®) (6) 7 8

Management (11) 5.3% 3.8% 5.6% 6.6% 6.2% 4.4% 5.0% 5.7%
Business and Finance (13) 34.5% 42.8% 30.8% 29.9% 34.1% %34.936.5% 32.5%
Computer and Mathematical (15) 2.5% 2.3% 2.3% 2.9% 2.7%  2.3%2.4% 2.6%
Community and Social Services (21) 1.6% 1.9% 1.3% 1.7% 0.8%.5%2  1.5% 1.8%

Arts, Design, Entertainment,Sports and Media (27)  23.2% .4%1 29.3% 18.8% 16.1% 30.5% 25.9% 20.5%

Sales (41) 17.3% 12.6% 18.0% 21.2% 252% 9.1% 13.6% 21.0%
Office and Administration (43) 8.5% 7.4% 6.6% 11.6% 83% 8.8% 7.9% 9.2%
Other 3.0% 4.8% 1.3% 2.8% 23% 3.6% 3.1% 2.8%
Unclassified 4.1% 2.8% 4.8% 4.5% 43% 3.8% 4.3% 3.8%
Number of Resumes Submitted 11,520 3,821 3,878 3,821 5,8356885 5,786 5,734

Columns (2), (3), and (4) illustrate that grouping intelipstby the three general cate-
gories (research, marketing and business) chosen as af phet @xperimental design results
in misclassification, as the internships in each generagoay span several of the occupa-
tion categories. For example, the Research category imool2) comprises 42.8 percent in

business and finance occupations, 21.4 percent in artggjesitertainment, sports and media
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occupations, and 12.6 percent in sales occupations. Camgpaslumn (5), paid internships,
to column (6), unpaid internships, indicates that, for thestrpart, the share of internships is
evenly split between paid and unpaid status within mostehtiajor SOCs, except for (a) arts,
design, entertainment, sports and media occupations asdl@s occupations (Columns 5 and
6). The former category is disproportionately unpaid, ektie latter category is disproportion-
ately paid. With regard to part-time (column (7)) and futhé (column (8)) status, internships
that map to business and finance occupations and arts, desigmtainment, sports and me-
dia occupations tend to be part time, while those that maplasccupations tend to be full
time. As a result, it could be that full-time internships amere likely to be paid than those
that are part tim&. The internships in the remaining categories are aboutggglit between
part-time and full-time statuses (Columns 7 and 8).

As noted in Section |, the O*NET-SOC AutoCoder assigns, iditaah to the detailed
SOC code, an occupation-match score, which is a measurasdifitation accuracy. The
occupation-match score for the resume audit part of theysgughown in Figure A.5. From
the plot, the scores range from low (50s) to high (90s) valbes many of the internship-
occupation matches received scores in the 90s. The averageis slightly above 76, with a
standard deviation of almost 12. The 25th percentile is 6&jian is 78; and 75th percentile is
87. The O*NET-SOC Autocoder classified around 70 percerti@internships in our sample
to occupations with scores in excess of 70.

Identical to our analysis of the web-scraped ad data, we swrdata from the experi-
ment, ACS and O*NET by merging on the detailed 6-Digit SOCefddThe combination of

these data sources allows us to explore the impact of irtgrieharacteristics on employers

28The randomization process used to choose internship ogetorsubmit resumes precludes us from examin-
ing the relationship between unpaid/paid status and pagHull-time status, as we randomly determined whether
to select a part-time or full-time internship and then ramtjodetermined whether to select an unpaid or paid in-
ternship.

2%When merging at the 6-digit level, we are able to match 10@qusrof the internship openings to a detailed
occupation code (excluding the 466 internships that coatdha assigned a O*NET-SOC code). When combining
data from the experiment with the O*NET data, we are able ttcimaround 85 percent of the internships in our
sample and the data from O*NET at the 8-digit level. When cioiinly these data sources at the 6-digit level, we
are able to match approximately 99 percent of the intersstaighe 6-digit SOC codes. Thus, the data set used
for the estimates presented in Section 6 combine the expatalh) ACS and O*NET data sets at the 6-digit level.
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responses in ways that would not otherwise be possible. Wehesclassifications of the in-

ternships into detailed SOC codes to compute measures et&pearnings associated with
the internships to which we send applications. We are alsotaldetermine the characteris-
tics (e.g., on-the-job training, skills demands) assediatith the occupations that correspond
to the internships in our sample. Lastly, the detailed SO@esmbtained from the machine-
learning algorithm combined with data from the ACS providenggue opportunity to assess
external validity, as we are able to determine whether yauag tend to work in occupations

that correspond to the internships in our sample.

1.2.3 Empirical Framework

The baseline regression model used to analyze positiveogeesponses (i.e. callback)

positive; jo1 = a+ X'+ X' + XI5 + yunemp, + Oeding + €50,

The subscripts i, j, 0 and | index applicants, internship adsupation category to which
the ad is assigned (i.e. 6-Digit SOC), and labor market (i&A) in which the advertising
firm is located, respectively.

The variable callback equals one when an applicant recaipesitive response (i.e. em-
ployer expresses interest or requests an interview) amdatberwisé®. X is a set of resume
attributes assigned to the applicant, which includes dunaamables for (a) racially-distinct
applicant names, (b) the university where the applicamislid, (c) different major fields of
study, (d) different grade point averages, (e) differepetyof work experience accumulated
while the applicant is completing their degree, and (f) patgrnship experienceZ; is a set
of internship variables, which includes dummy variablesvibether the internship is paid or

unpaid and full time or part time; angl, represents variables that affect the dependent variable

30we were able to code alternative dependent variables,dimguvhether the intern employer inquired about
location. In the Appendix, we will present estimates fordapendent variables, but we chose to present positive
responses in the manuscript due to the literatures relian@®sitive responses as the primary dependent variable
of interest.
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not held constant, is a set of occupation-category fixed efféétsZ’ is a set of variables cap-
turing internship characteristics, including dummy vakig for whether the internship is paid
or unpaid and full time or part time as well as a set of indicatwiables that equal one when
a particular word or phrase is used in the ads (See previati®sdor details; our approach,
again, follows Deming and Kahn (2017)); aad represents variables that affect the depen-
dent variable not held constant; ands the intercept term, and and~ are the parameters of
interest. In the process of analyzing the data, we augmeratieq (1) by including various
interaction terms between different resume attributeieréint internship characteristics, as
well as resume and internship characteristics. Equatipis @stimated as a linear probability
model. The standard errors associated with estimates flaegaession models (except when
otherwise noted) presented in Section 6 are clustered ataime-major-university-semester

level.

1.2.4 Determinants of Internship Opportunities

Because we regress positive employer responses on a largeenaf applicant and intern-
ship characteristics, we present the estimates from equéd) in a series of different tables:
Tables 7a-7d. The estimates presented in these tableoardlfe same regression model. In
Table 7a, we examine the impact of part-time and unpaidstatypositive employer responses.
The overall estimated positive response gap between pattfudl-time internships is negative
but quantitatively small. The small overall estimate iven by a 1.4 percentage point positive
differential for unpaid internships (column 2) and a 1.7ce@tage point negative differential
for paid internships (column 3). The estimated differemcthe positive response gap between
part- and full-time status for paid internships is stat@fly significant at the five-percent level.

Employers are more likely to respond to an applicant for gpaithinternship. In col-
umn (1), we show that applicants who apply to unpaid intepsshre 3.4 percentage points
(57 percent in terms of probability) more likely to receivesfiive responses than those who

apply to paid internships. These findings are robust for Ipattt- and full-time internships.

3INote that occupation-level fixed effects comprise a fullagfelummy variables for the six-digit SOC code
ascribed to the internships.
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The percentage-point differential is larger for part-timeernships than it is for full-time in-
ternships, however, and the difference between part- alitirhe internships is statistically

different from zero.

Table 1.8: The Effects of Part-Time and Unpaid Status ontResResponse Rates
All Unpaid Paid Part-Time Full-Time

Internships Internships Internships Internships Internships

1) (2) 3) (4) ()
Part Time  -0.0006  0.0136  -0.0170* = -

(0.0052) (0.0088) (0.0070) — -

Unpaid  0.0340%* - - 0.0474%*  0.0204**
(0.0054) - - (0.0079)  (0.0088)

R2 0.1645 0.2271 0.1869 0.2323 0.1977

N 11,520 5,471 5,583 5,539 5,515

In Table 7b, we present estimates the impact of major fieldsuafy and academic ability
(proxied by different grade point averages) in Panels A ance8pectively. In columns 1 and
2, we find that the majors are jointly statistically signifitaimplying statistical differences
in positive-response rates between the different majdne. jdint test is statistically statistical
significance at the 10-percent level, although majors anglyonot statistically different from
zero for the subsamples presented in columns 3, 4 a8d@verall, we find little empirical
evidence for a relationship between majors and internghmidunities.

When examining the full sample (column 1), a subsample oaithmternships (column

2) and a subsample of full-time internships (column 3), egapits who report a 3.8 or 4.0 GPA

32\We conducted a number of robustness checks regarding theffieats (in general) detected for the particular
majors. In one sensitivity check, we combined the threerfassi-related majors into one category and the non-
business-related majors into another category. Such gg@also leads to the conclusion support no relationship
between business degrees and internship opportunitiésfiiitiing holds when the sample is restricted to include
only internships belonging to SOCs in which business majepsesent the largest share (relative to the other
majors in the experiment) of workers. It is the case, howetlert we are unable to estimate more detailed
comparisons (involving interaction effects) due to smathgle sizes.
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are more likely than applicants who report a 3.0 or 3.2 GPAie@nomic and statistical sense.
The estimated difference between applicants who repordi8316 GPAs and applicants who
report 3.0 or 3.2 GPAs is positive, but the estimated diffees are not statistically significant.
Moreover, the F-test for joint exclusion of the GPA indiagatondicates statistical significance
for all internships (column 1) and full-time internship®ligmn 5), but not unpaid (column

2), paid (column 3) or part-time internships (column 4). Ums there is some evidence that
suggesting having a very high GPA improves internship ojmities, but the overall evidence

suggests that GPA is not an overly important determinamtefinship access.
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Table 1.9: The Effects of Major Field of Study and GPA on ResiResponses

All

Unpaid

Paid

Part-Time Full-Time

Internships Internships Internships Internships Internships

1) ) 3 4) ®)
Panel A: Major Field of Study
Economics -0.0061 0.0041 -0.0187**  -0.0027 -0.0090
(0.0079)  (0.0126)  (0.0091)  (0.0108)  (0.0111)
Marketing 0.0001 0.0062 -0.0011 -0.0081 0.0060
(0.0083)  (0.0125)  (0.0105)  (0.0115)  (0.0113)
Psychology -0.0085 -0.0060 -0.0088 -0.0104 -0.0047
(0.0080) (0.0127) (0.0095) (0.0104) (0.0118)
Business Administration 0.0095 0.0199 0.0010 0.0026 @018
(0.0084) (0.0138) (0.0098) (0.0108) (0.0120)
English 0.0112 0.0332** -0.0053 0.0111 0.0098
(0.0085) (0.0141) (0.0094) (0.0119) (0.0121)
P-value for F-test 0.0808* 0.0678* 0.1782 0.4769 0.1452
Panel B: Grade Point Average
High GPA (3.8 or 4.0) 0.0130** 0.0164* 0.0101 0.0108 0.0176*
(0.0056)  (0.0095)  (0.0067)  (0.0079)  (0.0081)
Medium GPA (3.4 or 3.6) 0.0082 0.0123 0.0016 0.0074 0.0088
(0.0058)  (0.0094)  (0.0069)  (0.0081)  (0.0080)
P-value for F-Test 0.066* 0.1951 0.2807 0.3731 0.0981*
R2 0.1527 0.2122 0.1687 0.2191 0.1810
Observations 11,520 5,688 5,832 5,786 5,734

26



Table 1.10: The Effects of Past Internships, Volunteer \Warkl Work Experience on Positive

Responses

All Unpaid Paid Part-Time Full-Time

Internships Internships Internships Internships Internships

1) ) ®3) (4) (5)

Panel A: Volunteer Experience
Volunteer Job #1 0.0039 0.0010 0.0073 0.0087 0.0034
(0.0071) (0.0114) (0.0083) (0.0102) (0.0098)

Volunteer Job #2 -0.0048  -0.0108  -0.0037  -0.0089  -0.0030
(0.0067)  (0.0112)  (0.0077)  (0.0092)  (0.0090)
Volunteer Job #3 0.0026 0.0005 0.0059 -0.0020 0.0096

(0.0064)  (0.0103)  (0.0082)  (0.0087)  (0.0096)
p-value for F-test 0.7339 0.7727 0.6490 0.5123 0.7102
Panel B: Work Experience During College
Outside Sales 0.0062 0.0116 -0.0034 0.0132 0.0008
(0.0087) (0.0136) (0.0105) (0.0112) (0.0123)
Retail Clothing -0.0031 -0.0090 -0.0010 0.0011 -0.0066
(0.0076) (0.0121) (0.0094) (0.0107) (0.0112)
Server in Restaurant 0.0059 0.0112 -0.0065 0.0147 -0.0042
(0.0084) (0.0133) (0.0104) (0.0124) (0.0115)
Campus Recreation 0.0111 0.0175 -0.0020 0.0292** -0.0025
(0.0084) (0.0131) (0.0098) (0.0114) (0.0116)
University Dining Services -0.0036 -0.0013 -0.0103 0.0149-0.0226**
(0.0079) (0.0125) (0.0097) (0.0111) (0.0114)
p-value for F-test 0.3683 0.3250 0.8873 0.1063 0.3235
Panel C: Past Internship Experience
Research Internship 0.0128* 0.0152 0.0087 0.0203** 0.0043
(0.0070) (0.0114) (0.0076) (0.0097) (0.0097)
Finance Internship 0.0136**  0.0209** 0.0100 0.0304*** 051
(0.0069) (0.0105) (0.0083) (0.0094) (0.0093)

Insurance Internship 0.0126* 0.0208* 0.0083 0.0288***  (r6
(0.0068) (0.0113) (0.0078) (0.0097) (0.0089)
p-value for F-test 0.0538* 0.0912* 0.4260 0.0008*** 0.9322
R2 0.1527 0.2122 0.1687 0.2191 0.1810
Observations 11,520 5,688 5,832 5,786 5,734
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In Table 7c, we examine the impact of volunteer experiena@éPA), work experience
during college (Panel B) and past internship experiencedRa) on positive responses from
employers. For volunteer experience (Panel A), the corapargroup is applicants with no
volunteer experience. The estimates for different voleinjebs are not statistically different
from zero on an individual basis as well as jointly. The saseue work experience obtained
while working toward ones degree (Panel B). The particutdiege jobs are, in general, not
statistically significant on an individual basis, and thigedéent jobs are not jointly statistically
significant either. Past internship experience (Panel G)asstically significant predictor of
internship opportunities for particular types of interipsh unpaid and part time. The esti-
mated differences between applicants with past internskgerience and those without past
internship experience in column 2 and column 4 drive thealestimates in column 1. Past
internship experience is not a strong predictor of inteimahbcess for paid (column 3) and full-
time (column 5) internships. In sum, volunteer or work exgare obtaining during college are
not important predictors of internship opportunities. Hwer, interning prior to applying for a
subsequent internship aids in internship opportunitiesifose that are unpaid or part time.

Per our experimental design, applicants were assigne@wdnt black-sounding first and
last/family names. In Table 7d, we examine how race (Panah#l)distance from an employer
(Panel B) affects positive-response rates for all intagpsstcolumn 1), unpaid internships (col-
umn 2), paid internships (column 3), part-time internsiigdumn 4) and full-time intern-
ships (column 5). From Panel A, we find strong evidence thatkshamed applicants receive
fewer positive response than white-named applicants. Shmated black-white differences
in positive-response rates range approximately from 20e80ent in terms of probability, de-
pending the type of internships. The estimated differéntae highly statistically significant
in most cases, except that for full-time internships (caish

In Panel B, we examine the impact of an applicants distammee &m employer on positive-
response rates. The base group for the estimates presantelimns 1-5 is applicants who
live less than 250 miles from an employer. A general patterarges across the different types
of internships: On average, intern employers are lessg/ltkalespond positively to an applicant

who lives (relatively) far away from the companys location.
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Table 1.11: The Effects of Race and Distance from Intern [Bggslon Positive Response
All Unpaid Paid Part-Time Full-Time

Internships Internships Internships Internships Internships

(1) &) ®3) (4) ®)

Panel A: Race

Black -0.0161*** -0.0217** -0.0124* -0.0224**  -0.011%
(0.0047) (0.0078) (0.0055) (0.0064) (0.0065)

Panel B: Distance

250-500 Miles Away from Employer  -0.0121 -0.0057 -0.0146  .0613 -0.0156
(0.0096) (0.0155) (0.0114) (0.0133) (0.0135)

500 or More Miles from Employer -0.0295**  -0.0277** -0.02%* -0.0226** -0.0353***
(0.0077) (0.0130) (0.0096) (0.0101) (0.0118)

R2 0.1527 0.2122 0.1687 0.2191 0.1810

Observations 11,520 5,688 5,832 5,786 5,734

In Table 8, we examine more closely racial differences intp@sresponse rates between
applicants using different dependent variables. The fgslfar the black-white difference indi-
cate two noteworthy results: overall discrimination, gspositive responses as the dependent
variable, is driven by black-named applicants receivingdéaver interview opportunities. In-
terestingly, black-named applicants were more likely tenee a location inquiry from intern
employers. In terms of probability, black applicants arerd®0 percent more likely to be asked
about their location than white applicants.

In Panel B, we conduct head-to-head comparisons betwedr-véimd black-named ap-
plicants living particular distances from employers. Wh@tomes clear from the estimates is
that racial discrimination is greater for applicants liyisi00 or more miles away from employ-
ers. In fact, the greater discrimination against black igppts living relatively far away from

employers is a primary driver of the overall findings (congpir estimates in Panel A).
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Table 1.12: Racial Discrimination, Distance from Emplgyard Various Response Rates

Dependent Variable

Positive Employer Employer Employer

Response Expresses InterestOffers Interview Inquires About Location

1) ) 3 4)

Panel A: Baseline
Black -0.0160%*** -0.0062* -0.0099*** 0.0046***

(0.0047) (0.0033) (0.0034) (0.0017)
Panel B: Interactions with Distance
Racial Gap for Applicants 0.0039*

-0.0107 -0.0030 -0.0078
Less than 500 Miles from Employer (0.0023)

(0.0071) (0.0050) (0.0053) (0.0023)
Racial Gap for Applicants

-0.0208*** -0.0090** -0.0118*** 0.0052**

500 Miles or Further Away from Employer

(0.0060) (0.0041) (0.0045) (0.0024)
Observations 11,520 11,520 11,520 11,520

Overall, we find that intern employers discriminate moresagively when applicants 500
or more miles from the companies. While there is no definitest for the different types of
discrimination, we view these findings in the following waykhe greater discriminatory be-
havior against black applicants residing relatively ferthway from the companys location is
suggestive of statistical discrimination. A possible whsotigh the statistical discrimination
occurs is that employers may view race as an indicator obsgonomic status, and discrim-
inate on the basis of socioeconomic status in lieu of raceh @n interpretation supports the
notion that discrimination is rooted in incomplete infotima (Aigner and Cain 1977; Arrow
1973; Phelps 1972), rather than animus (Becker 2010).

Implicit bias is a widely cited channel for discriminatiom ¢ccur (Bertrand, Chugh and
Mullainathan (2005). Although Price and Wolfers and Ro@&01(0) are notable exceptions,
resume audits have struggled to deflect concerns that timagss are driven by unconscious
discrimination in lieu of conscious discrimination. Fomsliar reasoning, the greater discrim-
ination against black applicants living further away frome firm is indicative of a conscious
decision, as employers are tying race and distance fromnstig and discriminating to a

greater extent.
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Table 1.13: Expected Earnings, Paid and Unpaid Internshipgs Positive Response Rates
1) (2)

Panel A: All Internships

Between Top Quartile and Middle of Distribution -0.0109 0102
(0.0109)  (0.0193)

Between Bottom Quartile and Middle of Distribution  0.0162* 0.0187*
(0.0092)  (0.0110)

Between Top Quartile versus Bottom Quartile -0.0271** 31.8**
(0.0116)  (0.0193)

Panel B: Unpaid versus Paid Internships

Within Top Quartile 0.0152 0.0165
(0.0116)  (0.0118)

Within Middle of Distribution 0.0352***  (0.0354***
(0.0065) (0.0065)
Within Bottom Quartile 0.0507*** (0.0489***

(0.0117)  (0.0121)
SOC-Level Fixed Effects:
Major (2 digit) Yes No
Minor (3 digit) No Yes

Compared to internships related to occupations in the raidtithe earnings distribution,
applicants who apply to internships ascribed to occupatiarthe top quartile of the earn-
ings distribution are less likely to receive positive rasges, but the estimated differentials
are not statistically significant. By contrast, applicawtso apply to internships ascribed to
occupations in the bottom quartile of the earnings distiilvuare more likely to receive posi-
tive responses, and the estimated differential is stedilyi significant at the 10-percent level.
Lastly, when comparing internships ascribed to occupatinrthe top and bottom quatrtiles of
the earnings distribution, applicants applying to thosthantop quartile are about 50 percent

less likely to receive a positive response than those apgply those in the bottom quartile.
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For internships that map to occupations in the top quarfilthe earnings distribution,
applicants who apply to unpaid internships (relative tapmies) are more likely to receive
positive responses. The estimated differential is, howene statistically significant. By con-
trast, for internships that correspond to occupationsémtiddle of the earnings distribution,
applicants who apply to unpaid internships are about 3.8gmage points more likely to re-
ceive positive responses, which translates into an ovee6tept higher positive response rate.
Likewise, for internships that correspond to occupationthe bottom quartile of the earnings
distribution, applicants who apply to unpaid internships @bout five percentage points more
likely to receive positive responses, which translates art over 85 percent higher positive

response rate.

1.2.5 External Validity

Because there is very little data on internships in the Ut & ,difficult to determine the
extent to which our experiment is valid in an external se$®yever, a recent survey shows
that employers generally find interns through open apptinatrather than through university
placement officeS. Combining data from the American Community Survey (ACS)eon-
ployment outcomes with our experimental data provides &ulseay to assess external valid-
ity. First, linking the experimental and nationally-repeatative survey data sources allows us
to determine what share of young men are working in the odeupeategories that correspond
to the internships in our sample. If large shares of young arerworking in occupations that
correspond to our internships, such a finding is suggesfiaehigh degree of external valid-
ity, given that employers prefer to hire workers who obt&ievant experience and internships
offer opportunities for college students to obtain suchknexperience (Cappelli 2014).

We also determine whether workers who majored in the fieldstwdy used in our ex-
periment constitute relatively large or small shares ofwloekers employed in a particular

occupation category. Documenting whether the majors usedii experiment are commonly

33See https://lwww.naceweb.org/uploadedfiles/contetitsdagsets/downloads/executive-summary/2016-
internship-co-op-survey-executive-summary.pdf (lastrs30 October 2016).
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held by workers employed in those occupations lends suppdhte external validity of the

experimental data.

Table 1.14: Percentages Employed by Major Field of Study@ecclipational Category

Major Fields of Study Used in Experiment

All Majors Business Biology Economics English Marketing yEtsology
(1) (2 (3) 4 (5) (6) ]

Management (11) 11.3% 5.9% 2.4% 4.9% 1.8% 5.6% 2.2%
Business and Finance (13) 11.4% 7.2% 1.6% 7.9% 1.2% 3.7% 1.9%
Computer and Mathematical (15) 10.1% 2.2% 1.3% 3.4% 1.1% %1.3 1.1%
Community and Social Services (21) 1.8% 2.0% 2.2% 1.5% 2.1% .3%1 12.0%
Arts, Design, Entertainment,Sports and Media (27) 4.9% %1.9 0.9% 1.4% 4.7% 1.9% 1.4%
Sales (41) 12.6% 8.4% 2.6% 4.2% 2.1% 7.8% 2.9%
Office and Administration (43) 9.4% 6.3% 2.8% 4.2% 3.6% 3.7% 798
Other 38.5% 3.4% 6.7% 1.8% 2.0% 1.6% 3.1%

In Table 10, column (1), we show the share of employment in20&1-2014 ACS for
men aged 21-29 with Bachelors degrees across seven majoc8S of the internships in
the experiment, which represent around 94 percent of oupkarEmployment among young,
college-educated men in these occupational categoriesseqts approximately 62 percent of
total employment for this sample of workéts In columns (2) through (7) of Table 10, we
also present the share of workers with the six majors usediiregperiment who are em-
ployed in each major SOC category. Among the majors used lirexperiment, business,
economics and marketing, which could be grouped as bustgpesnajors, are disproportion-
ately represented in the following major SOCs: managentersiness and finance, sales, and
office and administration. Workers who majored in psychglage employed at greater rates
in the community-and-social-services category, and wsriého majored in English are dis-
proportionately employed in the arts, design, entertamtpsports and media category. In the
computer-and-mathematical category, economics majershar most likely to be employed

(relative to the other majors in our experiment). Taken toge the data compiled from the

34The notes at the bottom of Table 2 provide details on how thepsais constructed. We tend to find similar
patterns in the data when alternative samples are usedw@gn women are included).
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ACS suggests large shares of young men work in the occugatiahcorrespond to our intern-
ships and the majors assigned to our fictive applicants septaontrivial shares of the workers

employed in the occupation categories.

1.3 Discussion and Conclusion

To our knowledge, this is the first paper to examine the mdokénternships in the United
States. We estimate the relationship between internslamcteristics, individual characteris-
tics, and positive responses to internship applicationslirkking internships to data external
to our experiment, we are able to more fully explore the r@hship between (a) different
internship characteristics (b) internship charactersséind employer responses, (c) resume at-
tributes and employer responses and (d) interaction eftestiveen internship characteristics
and resume attributes.

Internships with downstream occupations that have shaioge of training are more
likely to be paid. Holding all else equal, when internships@aid, employers are less likely to
contact the applicants.However, the differential we obesar response rates between paid and
unpaid internships is driven by downstream occupationglendifferences, which are tangen-
tially related to internship remuneration.

We find that the majority of internships advertised are utheid that there is a strong
positive relationship between paid status and and full tsta¢us. The availability of intern-
ships in general and paid/unpaid internships in partictdaies widely across states, with more
populated states such as California and New York havingtangmber of internships. How-
ever, these internships are disproportionately unpaidevdss populated states such as Utah
and Vermont tend to have more paid than unpaid internships.

In terms of the econometric evidence based on the advesisietata, we find that a one-
unit increase in the unemployment rate triggers a nine péregluction in the probability that
an internship is paid. The relationship between paid statgsmonths of on-the-job training

(OJT) required is convex in its shape; that is, the probigtttiat an internship is paid falls at
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low levels of OJT but begins to increase around 17 monthscpfired OJT. We find no statis-
tical evidence linking particular skills demands, such @sa skills, routine tasks or service
skills, to the paid status of internships. The exceptioroisrautine analytical skills, which is
associated with a 35 percent higher probability of paidustathe evidence for expected earn-
ings indicates a positive relationship: the probabilitypaid status is around one percentage
point higher when expected earnings rises by five percent.

The econometric evidence from the resume audit reveals deuof noteworthy find-
ings. Unpaid internships have higher positive employepoase rates than paid internships,
suggesting that firms may need to cast a wider net to fill unpaainships. However, the
employer response gap between paid and unpaid internshgbisninated for internships that
correspond to high-paying occupations. Part-time intapsscarry similar response rates to
full-time internships for unpaid internships, but they edower response rates for paid intern-
ships. We tend to find no effects for major field of study, voden experience, and college
work experience. We find limited statistical evidence thatihg a high grade point average or
working as an intern in the past improves internship opputits. The only resume attributes
that have robust effects on employer responses are raceistadad from employers. Black
applicants receive approximately 27 percent fewer pasitesponses than their white coun-
terparts. Applicants living 500 miles or more away from eayelrs are about 50 percent less
likely to receive positive responses. The overall raciiedence in positive responses rates is,
however, driven entirely by greater discrimination agalilack-named applicants living 500
or more miles away from employers. This finding is supporteat analysis of the text from
employer responses in which black-named candidates are likely to receive a request for
information concerning their current location.

This paper provides the first initial view of the internshipniket within the United States.
However, there are areas of research within this markethigna yet to be explored. Limita-
tions in the data set do not allows us to follow the outcomepgpfiaants post-interview, and
our measure of downstream wages is a proxy for actual wagee Bescriptive longitudinal
survey data following subjects over time including quession internship experience will help

characterize the causal impact of internships on futuressiag
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Chapter 2

Skill Demand for Virtual Internships

2.1 Introduction

As the labor market for skilled jobs becomes more competitstudents are often put
in a position to have more specific rather than general lataket experience (Finch, et al.
2013; Cappelli 2014; Nunley, et al. 2016a; Nunley, et al. @91 For college graduates, this
specific work experience has historically been providedni@rnships in a respective area of
interest. The National Association of Colleges and Emplegefines an internship as “ a form
of experiential learning that integrates knowledge anamhéearned in the classroom with
practical application and skills development in a profesal setting. Internships give students
the opportunity to gain valuable applied experience andaxaknections in professional fields
they are considering for career paths; and give employerspportunity to guide and evaluate
talent.”!

The 1992 lindquist-Endicott report’s survey of 258 corpiangs indicated that 17% of
incoming entry level workers had previously been intermsaddition, 37% of interns were
offered jobs upon completion with 49% of interns accepthagitivitation. In contrast to today’s
labor market, a 2016 survey of 271 corporations by the Natidssociation of Colleges and
Employers indicates that over 60% of students have takenirpan internship, with 72.7%
being offered full time employment. Of these 72.7%, over 8%8d accepted the invitation.
This survey data seems to indicate that the internship reasingly becoming the pathway to
smooth the school-to-work transition.

Despite the increasing completion rate of internships ideugraduate, the literature on
the subject remains thin. Jaeger et. al (2017) studies tteerdimants of internship opportu-

nities and the skill demands for a wide variety of internsbygportunities using experimental

1See more at:http : //www.naceweb.org/about — us/advocacy/position — statements/position —
statement — us — internships
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data and information from job advertisements scraped frdarge online job board. How-

ever, experimental studies do not isolate the causal ingfaah internship on future worker

outcomes. Studies using observational data on summer gngkga internships from German
Universities indicate that completion of an internshipdedo nearly a six percent return in
future wages on average (Saniter and Siedler 2014). Thisdenflict with studies analyzing

post-graduation internships which indicate a negativenedn future monthly earning (Harms
2015). However, such studies which focus on internships keaeclusively concentrated on lo-
cation based internships (i.e. internships in which youtrhagphysically present). This leaves
a large gap in the literature with respect to virtual intéips (i.e. internships in which you

mustnot be physically present).

Research on virtual internships is of growing importancéeéescommuting in computer
and science related positions has increased by 69% from2000 (Mateyka et al 2012), with
data from the American Community Survey indicating incesasf over 100% from 2005-2014
across all occupatiofs The increases in telecommuting positions are not limitethose in
science and technology. Mateyka (2012) also find that nessyquarter of all telecommuting
positions were in the fields of finance, business, and managem

As the workforce of the United States continues to transitma higher percentage of
workers who telecommute, it necessary to document the cteaistics of these positions and
the underlying skills which are demanded from employersis Plaper describes the current
demand for virtual interns and the associated skill setindJs large database of web scraped
internship job advertisements, | follow an analysis simitawhat is performed by Deming
and Kahn (2016) to study the heterogeneity in skills demdodsirtual internships. Pars-
ing of the text data from the job advertisements allows tlatfon of several different skill
types, including: cognitive skills, social skills, managent skills, customer service skills, writ-
ing skills, financial knowledge, coding skills, general qarter skills, and key phrases which
demonstrate sound character. In addition, | link the jobeaiisements to CBSA level unem-

ployment rates using the date and location information fthenjob posting. Exploiting the

2refer to http://globalworkplaceanalytics.com/telecountimg-statistics for detailed analysis of ACS telecom-
muting data

37



variation in unemployment rates over time, | study the thednt of unemployment on the paid
status of virtual internships.

First, | categorize the virtual internships by standardupation classification codes (SOC)
to explore the distribution of occupations within the sampl find that a majority of virtual
internships within the sample belong to the Arts, DesignteBEainment, Sports and Media
occupation category, as defined by the standard occupdéissification system. These intern-
ships are largely unpaid, with only 13% receiving compdngatThis is in contrast to fields
such as office, administration, and sales which have gréear50% of virtual internships re-
ceiving compensation. Virtual internships categorizeiasiding business, finance, computer,
and math have little over one quarter of internships rengicompensation.

Second, | explore the geographic distribution of virtugemships by matching the in-
dividual ads to their respective metropolitan statistiaedas. | find large variation in the
metropolitan statistical areas and states that offer afiititernships in comparison to standard
internships.

Third, | find that the paid status of virtual internships ispiwely associated with coding,
financial, and customer service skills and negatively aatedt with writing skills and key-
words that demonstrate strong character. Contrary to dafver markets, | find that social
skills are not correlated with the paid status of virtuakmiships. In addition, | find that there
is a negative relationship between the unemployment ra¢eatad the paid status of virtual
internships at the metropolitan statistical area level.igeassion of this relationship appears
in section (2.3.2). Next, | find part-time virtual internphito require a higher degree of writing
and project management skills. In contrast to paid intapssipart time internships present a
negative association with customer service skills. Finafind that that cognitive and financial
skills are statistically significant and are positively redated with downstream wages. A job
that is associated with a with these skills is likely to be enmighly paid. This in contrast to job
which strong character traits, which is statistically $iigant and negatively associated with
downstream wages.

This paper is structured as follows. Section 2.2 descriiedata and descriptive statistics.

This is followed by section 2.3 which describes the empiacalysis of the text data, including
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the skill demand for virtual internships and the relatiagpgietween the unemployment rate and
paid status of virtual internships in section. Finally, toeclusion and discussion of the results

is located in section 2.4.

2.2 Data

Using data scraped from a large online job board in the f&0df6 and the spring of 2017,
| collect all job advertisements listed on the site. This lpgard has specialized in providing
internship opportunities for students rather than entvglleositions or positions that require
more experience. However, it does include entry level posstfor applicants that have a
special designation as a “job” on the advertisement page.

From the fall data source | am able to extract 173,152 empéoyradvertisements. | then
restrict the database to job advertisements which exclel€job” indicator signaling an ad
for entry level employment. The remaining database indualeinternship advertisements
listed on the site, which constitutes roughly 25% of the ioafsample. Further, | then re-
strict our sample to internships which are tagged as “vitium#éernships in which the student
performs telework for the firm. This leaves a final fall samplid 3,882 virtual internship ad-
vertisements as the sample of interest. | repeat the sansegzovith the data scraped in the
spring of 2017. After accounting for duplicate internshipsxtract an additional 1,635 vir-
tual internship advertisements that had been posted diedadt scrape. This brings the final
sample to 15,517 virtual internships to be used in the arsalgf these 15,517 observations |
am limited to 12,428 which are located in major metropolgtatistical areas. The remaining
observations could not be matched to an unemployment rdtearsists of virtual internships
located in minor metropolitan statistical areas or rurabaroutside of the areas in which data
is collected. Finally, | am able to match 12,242 observations to proxy evegta from the

Occupation Employment Statistics Survey Data

3Deming and Kahn (2016) and Jaeger et. al (2017 also limit grmlysis to job ads within metropolitan
statistical areas.

4There are several reasons why all of these observationsatasermatched. First, the OES data may not
include all of the standard occupation classification (S@&jes listed in the original scraped data set. Second,
the OES data derives the SOC codes from an occupation atasisifi (OCC), which is then cross-walked to a
corresponding SOC code. In some cases, the occupatioificktasn is not detailed enough to provide a 6-digit
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From the job advertisements | am able to capture many keyfdatares, including: job
title, firm name, firm location, application deadline, pogtdate of the job ad, job time frame,
job description, job requirements, and job skills neededdmplete the internship. Other
information on whether the internship is full time or parné, and paid or unpaid is also
provided.

| then follow Jaeger et. al (2017) in the use of a machine lagralgorithm® to match
the virtual internships advertisement to the most closs$paiated 8-digit SOC (Standard Oc-
cupation Classification) code. The O*net-SOC Autocodestise job title and parses the text
in the job description, requirements, and skills sectiomfthe internship advertisement, then
matches it to a corresponding SOC code based on analystteditgrms. Use of job titles in
this case is important, as job titles explain more than 90%axje variance (Marinescu and
Wolthoff 2016). In addition, the autocoder provides a matchré to the classification in the
range of 0-100. As an example, a score of 75 would indicatethigautocoder matches the
correct occupation code 75% of the time. Figure (2.1) belstmetes the distribution of match

scores for the occupation codes from the O*net-SOC Autacdde

level SOC code. These observations are then rolled up teee thrfour digit code, which is then matched with
the three or four digit SOC code available in the originahped data source.

Shttp://www.onetsocautocoder.com/plus/onetmatch

5from the FAQ section on the autocoder websit€he match score is the weighted average of the various
match methods. If a code is the top selection of all methau$ if@eets expected match thresholds and separation
from other codes), then the overall match score will be néX), the maximum possible. Scores above 70 accu-
rately predict the correct code at least 70% of the time; sscaibove 80 accurately predict the correct code at
least 80% of the time; and scores above 90 accurately prétactorrect code at least 90% of the time. Accuracy
rates drop off rapidly when scores are in the 60s or lower”

’Career Builder, a large online job board, recently used #ineesalgorithm to label job advertisements to be
used in the classification of job titles for the creation adigk training data set (Javed et. al 2015). Career Builder’s
algorithm, Carotene, marks a slight improvement on the éadier application with respect to classifying past
work histories of job seekers, but it is inconclusive on vileethe algorithm outperforms Autocoder on classifying
jobs ads . Also of importance is that the taxonomy used in gr®@t€ne algorithm is of finer granularity, and not
consistent with the current O*net taxonomy. Thus, | conetiithat use of the Autocoder algorithm was the most
appropriate choice in the classification of the internsbiysjads from the experiment.
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Figure 2.1: Distribution of Match Scores
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The average match score for the algorithm is 74.5, indigahat the algorithm was able
to correctly classify the virtual internships 74.5% of tiad¢. As can be seen in the figure
(2.1) above, this distribution is skewed left. This indesthat the majority of virtual job
advertisements had match score greater than the averay@]ipg evidence that the O*net-
SOC Autocoder algorithm coded the advertisements properly

Given the high rate of transition from internship to fuliagé offers of employmeft, it is
likely that interns end up in occupations very similar toitlggven virtual internship. Because
the data set does not include information on salary, | measccupational wages by linking
the internship advertisement by SOC code to data from the@ton Employment Statistics
(OES) from the Bureau of Labor Statistics. The OES data i®apto alternative sources
for many reasons. First, the survey produces employmentage estimates for over 800
occupations. Second, the estimates are available at thr@poétan statistical area (MSA)
level. This provides a unique data set in which there is Vianain average wages within
occupations and across Metropolitan Statistical AreasingJsross-sectional data from the
OES for 2012-2016, | measure the average earnings of engddyg occupation code and
MSA. This data is then merged with our advertisement datardwigle a proxy for a given
wage in the downstream occupation of the virtual intern.

Table 2.1 provides the percentage of virtual internshipgihall into a specific occu-

pation category. The occupation category is obtained fioarfitst two digits of the six digit

8See National Association of Colleges and Employers 20X ship and Co-op Survey
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SOC code. Column (1) of this table includes all internshipslumns (2) and (3) break out the
virtual internships into unpaid and paid, respectivelyludmns (4) and (5) repeat this process
for full-time and part-time internships. Finally, colum(® and (7) provide the share of paid
and unpaid internships within a respective category.

Table 2.1 offers insight into the different occupation gatées which have paid, unpaid,
full-time, and part-time virtual internship opportungieFor example, most occupation cate-
gories have a higher ratio of unpaid virtual internships aapvirtual internships. However,
certain categories of occupations run contrary to this. datdan, Training and Library (25),
Healthcare Practitioner (29), Healthcare Support (31pdHereparation and Serving-Related
(35), Sales (41), Office and Administration (43), Constiarcaind Extraction (47), and Trans-
portation and Moving (53) all provide a higher ration of paidual internships than unpaid
virtual internships. Arts, Design, Entertainment, Spartd Media (27) represent a dispropor-
tionate amount of the virtual internships captured in theyse, and consist mainly of unpaid
virtual internships. Most surprisingly, occupations intihg Business and Finance (13) and
Computer and Math (15) consists of virtual internships #ratprimarily unpaid.

The table also breaks down the proportion of virtual inteips that are unpaid, paid,
full-time, and part-time across the respective industri@ser 40% of the sample consists of
virtual internships which are categorized as being in this ADesign, Entertainment, Sports

and Media (27) major SOC. Other large sectors representiba isample include:
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Table 2.1: Percentages of Different Types of Internship®bgupation Category

Percentage of Ads within Each Internship Category

All Unpaid Paid FullTime PartTime Share Paid Share Unpaid

Major SOC Category Total Ads (1) 2 ?3) 4) 5) (6) @)
Management (11) 548 4.09% 2.6% 1.47% 0.86% 3.22% 36% 64%
Business and Finance (13) 2,563 19.11 13.9% 5.20% 2.63% 8%6.4 27% 73%
Computer and Math (15) 1,192 8.89 6.5% 2.36% 2.13% 6.76% 27% 3% 7
Architecture and Engineering (17) 41 0.31 02% 0.10% 0.10% .21% 32% 68%
Life, Physical and Social Sciences (19) 36 0.27 0.2%  0.04% 04%. 0.22% 17% 83%
Community and Social (21) 152 1.13 1.0% 0.14% 0.12% 1.01% 13%  88%
Legal (23) 23 0.17 0.1% 0.03% 0.04% 0.13% 17% 83%
Education, Training and Library (25) 220 1.64 0.6% 1.01% 16 1.03% 61% 39%
Arts, Design, Entertainment, Sports and Media 6,373 4752 41.4% 6.08% 3.76% 43.76% 13% 87%
27

Healthcare Practitioner (29) 27 0.20 0.1% 0.13% 0.10% 0.10% 67% 33%
Healthcare Support (31) 27 0.20 0.1% 0.15%  0.09% 0.11% 74% % 26
Protective (33) 10 0.07 0.1% 0.01% 0.01% 0.07% 10% 90%
Food Preparation and Serving-Related (35) 12 0.09 0.0% 90.050.04% 0.05% 58% 42%
Building/Grounds Cleaning and Maintenance (37) 2 0.01 0.0%01%  0.01% 0.01% 50% 50%
Personal Care (39) 36 0.27 0.1% 0.12% 0.07% 0.20% 44% 56%
Sales (41) 758 5.65 21% 353% 1.34% 4.31% 63% 37%
Office and Administration (43) 1,338 9.98 26% 7.35% 4.82% 15% 74% 26%
Farm, Fish and Forestry (45) 1 0.01 0.0% 0.00% 0.01% 0.00% 0% 00%1
Construction and Extraction (47) 3 0.02 0.0% 0.01% 0.01% 1%.0 67% 33%
Install and Repair (49) 6 0.04 0.0% 0.01% 0.01% 0.04% 33% 67%
Production (51) 35 0.26 0.2% 0.05%  0.03% 0.23% 20% 80%
Transportation and Moving (53) 7 0.05 0.0% 0.04% 0.01% 0.04% 71% 29%

unpaid Business and Finance (13) at 13.9%, unpaid CompuoteMath (15) at 6.5%,
paid Business and Finance (13) at 5.2%, paid Arts, Desigter&anment, Sports and Media
(27) at 6.08%, and Office and Administration (43) at 7.35%adidition, many of the virtual
internships within the sample are part time, with Office ardh®nistration (43) having the

largest number of internships that a full time as a fractibthe entire sample.
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2.2.1 Virtual Internship Skills

Following Deming and Kahn (2016) | use categories of joblskihat are determined
from the text of the job description, job requirements, awia gkills section of the individual
advertisement. They choose the cognitive and social skl ® match and compare to “non-
routine analytical” job tasks that are used in Autor, Levgl urnane (2003). They also choose
the words communication, teamwork, and collaborationtier‘social skills” to closely match
the key words in Deming (2016). Finally, they follow the fagure on soft skills to define
the “character” skill, including such words as “detailemted” and “time management”. This
allows a more direct comparison to previous literature diesty non-routine analytical and
social skills. The other skills are determined by the womls phrases that commonly show up

within their large set of job ads.

Table 2.2: Description of Job Skills (From Deming and Kaha&0

Job Skills Key Words and Phrases

Cognitive Problem Solving, Research, Analytical, Criti€hinking, Math, Statistics

Social Communication, Teamwork, Collaboration, NegatiatPresentation

Character Organized, Detail-Oriented, Multi-Taskingn&Management, Meeting Deadlines, Energetic
Writing Writing

Customer Service Customer, Sales, Client, Patient

Project Management Project Management

People Management Supervisory, Leadership, Managememttaving, Staff

Financial Budgeting, Accounting, Finance, Cost
Software Java, SQL, Python, SAS, Stata, C#, C+, C++
Computer Computer, Spreadsheets, Common Software (ecgoddift Excel, Powerpoint)

The individual job skills are coded as a binary variable éytlinclude at least one of the
key words of phrases listed in table 2.2. It is possible tHabaad may include more than one
of the words of phrases listed. Table 2.3 provides the sumstatistics for each of the sKill
sets listed above. This table shows that approximately 4f184 job ads include a key word or
phrase signifying the demand for cognitive skills, whilegbly 55% of ads demand some sort
of social skills. As expected, job advertisements expjictating the need for financial and

coding skills is much smaller at 13% and 3%, respectivelyoudh the demand for specific
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coding skills is rather limited in the virtual internship rkat, the demand for general com-
puter skills is much greater. 54% of all job advertisementéuided terms such as computer,

spreadsheets,and other common software portals such essigficword and excel.

Table 2.3: Summary Statistics for Firm Level Demands
@ @ ©) 4 ®)
All Internships  Unpaid Internships Paid Internships HFante Internships Full-Time Internships

mean sd mean sd mean sd mean sd mean sd
Cognitive 0.413 0.492 0.428 0.495 0.376 0.485 0.416 0.493 3980. 0.490
Social 0.548 0.498 0.568 0.495 0.495 0.500 0.553 0.497 0.5190.500
Character 0.252 0.434 0.264 0.441 0.219 0.414 0.256 0.436 2320. 0.422

People Management 0.351 0.477 0.332 0.471 0.399 0.490 0.3370.473 0.422 0.494
Financial 0.129 0.336 0.077 0.266 0.266 0.442 0.107 0.309 2420. 0.428

Customer Service 0.482 0.500 0.423 0.494 0.634 0.482 0.449 .4970 0.643 0.479
Writing 0.548 0.498 0.619 0.486 0.367 0.482 0.585 0.493 &.36 0.482

Project Management 0.037 0.188 0.039 0.193 0.032 0.175 80.03 0.192 0.028 0.166
Coading (specific) 0.034 0.181 0.033 0.179 0.036 0.186 0.031 .1720 0.050 0.219
Computers (general) 0.534 0.499 0.504 0.500 0.613 0.487 130.5 0.500 0.636 0.481

Observations 13411 9668 3743 11153 2258

Table 2.3 then breaks down the demand of skills further bgting out the sub-categories
of internships. Paid internships have a relatively simitegan with unpaid internships with
regards to cognitive, social, character, people managgmesject management, and coding
skills. However, paid internships deviate from unpaidtinghips by having a higher demand
on average for financial, customer service, and general atangkills. Unpaid internships
have nearly double the number of advertisements which wentiiting skills when compared
to paid internships.

Table 2.3 also breaks down the demand for skills for paretus: full-time virtual intern-
ships. When compared to part-time internships, full-timeeinships have a similar demand
cognitive, social, character, people management, prajaciagement, and coding skills. Sim-
ilar to paid virtual internships, full time virtual interhgs have a higher demand for financial,
customer service, and general computer skills when cordpartheir counterpart. The only

skills which has a significant higher demand for part-tinméual internships is writing.
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2.2.2 Distribution of Virtual Internships

Although this paper is primarily focused on the demand féiedent job skills, it is im-
portant to show how these virtual internships are disttébithroughout the United States.
Figure 2.2 provides a visual representation of the distidioof virtual internships by state per

100,000 individuals using data from the firm location in thle advertisement.

Figure 2.2: Virtual Internships Per 100,000 Individuals
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Virtual internships are concentrated in the states of @alif, Georgia, Florida, and much
of the Northeast with roughly 5-13 virtual internships pe0000 individuals. This is in con-
trast to the Midwest, Heartland, Mountain, and Southwegbres which have a lower per capita
volume of internships, measuring less than three virtuatinships per 100,000 individuals on
average.

Internships are most often accepted by college undergrasiaad not the older populace
within a state. Thus, it is also of interest to study the thstion of virtual internships based
on the population of 19-25 year olds. Figure 2.3 providessaalirepresentation of the distri-
bution of virtual internships by state per 100,000 19-25 y#@s. Consistent with the previous
map, the states of California, Georgia, Florida, and mucthefNortheast have the highest
concentration of virtual internships, while the Midwesgdttland, Mountain, and Southwest

regions have lower concentrations on average.

®measure of 5-13 internships per 100,000 individuals igstapendent.
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Figure 2.3: Virtual Internships Per 100,000 19-25 Year olds
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As can be seen in figures 2.2 and 2.3, there is substantiatiariin the location of
the internships throughout the United States. When thdsenship locations are linked to
unemployment data at the metropolitan statistical area,|évis offers a unique way to identify

the impact of the unemployment rate on the paid status afalifhternships.

Figure 2.4: Ratio of Internships to Virtual Internships
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The distribution of virtual internships in relation to maraditional location based in-
ternships is located in the final figure. Figure 2.4 providesratio of internships to virtual

internships by state within the U.S. As seen above, the Mstiwideartland, Mountain, and
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Southwest regions have a higher ratio of standard locatisedbinternships when compared to

the West, Southeast, and Northeast Regions.

2.3 Skill Demand

To study the demand for skills | look at the correlation bedwéhe skills variables that are
extracted from the text of the job advertisement and threrdnt features of the internships.
First, | discuss the relationship between skills, unemmlegt, and the paid status of a virtual
internship. Next, | examine the relationship between ths&dés, unemployment and the part
time/full time status of the internship. Finally, | examitiie correlation between the skills and
the wages of the downstream occupations that these intpaiglad to. It is important to note
that the wages for these downstream occupations are a ke from data in the American
Community Survey, based on the associated standard ocmumddssification given by the

O*net-SOC autocoder algorithm.

Table 2.4: Correlations between Skills and Internshipibidtes

Skills Paid Status Part Status Log Wage
cognitive -0.0371 -0.0005 0.0489
social -0.0588 0.0172 0.1047
character -0.0761 0.0225 -0.0580
people 0.0215 -0.0429 0.0573
financial 0.1975 -0.1034 0.0071
customer 0.1727 -0.1410 0.1544
writing -0.2027 0.1498 -0.0159

project management -0.0342 0.0318 0.0446
coding 0.0121 -0.0432 0.1216

Table 2.4 provides the bivariate correlations between #i@ gtatus of an internship, part
time status of an internship, and the log proxy wage with #ikssassociated with each in-
ternship advertisement. This table presents a negativelation between cognitive, social,

writing, and character skills with paid status and a positerrelation with people, financial,
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customer, and coding skills. This pattern is reversed whetoak at the bivariate correlation
between these skills and part time status. Finally, thestatdolicates that there is a positive cor-
relation between cognitive, social, people, financiali@oer, project management, and coding
skills with the downstream wage associated with the intémsWhile character and writing
skills seem to present a negative correlation. Howevemalsi analysis of the bivariate corre-
lations does not take into consideration the impact of thmmpioyment rate and other omitted
variables that vary within occupations and metropolitatistical areas which may effect the
paid status of virtual internships. Thus, | proceed in tleisti®n by analyzing the correlation
between paid status, part time status, the wage proxy anskitewhile controlling for time

invariant unobservables and the unemployment rate.

2.3.1 Skill Demand for Paid vs. Unpaid Virtual Internships

The decision on whether or not internships should be paidpaigd remains a contested
topic. Recent lawsuits have seen the exploitation of studéor within for-profit firmst®. The
Department of Labor (DOL) provides fact sheet #71 to offeidgnce on whether or not an
internship should be paid or unp&tdThis sheet provides a test for unpaid interns to determine
if providing zero wages is appropriate. To this extent, tst provides six criteria for for-profit

employers:

1. The internship, even though it includes actual operatiche facilities of the employer,

is similar to training which would be given in an educatioeatironment;
2. The internship experience is for the benefit of the intern;

3. The intern does not displace regular employees, but wankier close supervision of

existing staff;

4. The employer that provides the training derives no imiatedhdvantage from the activi-

ties of the intern; and on occasion its operations may dgtbalimpeded;

10 e. Glatt vs. Fox Searchlight Pictures Inc.
refer to the following web address for more details on facteesh #71https
/ Jwww.dol.gov/whd/regs/compliance /whdf sT1.htm
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5. The intern is not necessarily entitled to a job at the amioh of the internship; and

6. The employer and the intern understand that the interoti®ntitled to wages for the

time spent in the internship.

Most recently, the second circuit court provided an amendstlon whether or not an intern
should be paid by looking at a three part test as to whom is phienary beneficiary” of the

interns labor. The three provided features are as foffws
1. First, it focuses on what the intern receives in exchanghis work

2. Second, it also accords courts the flexibility to examireegconomic reality as it exists

between the intern and the employer

3. Third, it acknowledges that the intern-employer relagtup should not be analyzed in the
same manner as the standard employer-employee relagobsbause the intern enters
into the relationship with the expectation of receiving eational or vocational benefits
that are not necessarily expected with all forms of emplaynfthough such benefits

may be a product of experience on the job

While these six criteria from the FLSA and three criterianfirthe second circuit court offer
guidance on whether or not an internship should be paidubknown which skills are asso-
ciated with paid internships that do not meet this critelieorder to examine the relationship
between skills, unemployment, and paid status | estimateean probability model of the

following form:
paidy mt; = & + Sunemployment,, + ij/ + G0 + U + €omr

where the index is occupation (SOC)n is the metropolitan statistical areajs time, j
is an individual virtual internship advertisemenk is a set of controls taken from the job
advertisement and include information such as part tiMidifoe status of the internship and

the various skills derived from the job advertisement texis occupation fixed effects angd

12Taken from case documents Nos. 13-4478-cv, 13-4481-cver(tatt vs. Fox Searchlight Pictures Inc.
Second Circuit court ruling
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is metropolitan area fixed effects which control for timeaneant unobservables and help to
eliminate omitted variable bias within the modélis the coefficient of interest and describes
the impact of the unemployment rate on the paid status afialiinternship¥. ~ is also of
interest, and represent a vector of coefficients which destne association between different
skills and paid status.

In estimating the linear probability model above, it is likéhat observations are related
to one another within the occupation groups and the metitapdtatistical areas (MSA). Stan-
dard practice is to cluster the errors at the highest levelggiregation in order to control for
the correlation within clusters. However, because of the-mested structure between occupa-
tion categories and the metropolitan areas it is not imntelyi@lear at which level the errors
should be clustered. Recommendations are to use fixed ®ffecne dimension and cluster
the standard errors in the othér Alternatively, one may follow Cameron, Gelbach and Miller
(2006) to estimate the model with multi-way clustering.

Due to the uncertainty in the level at which the errors shdadclustered | present the
results in three different tables. Table B.1 provides thatpestimates fors and~ with errors
clustered at the metropolitan statistical area level. @ol{l) of table B.1 is a baseline model
excluding the unemployment rate and any fixed effects. Col(2hpresents the baseline model
including the unemployment rate but excluding any fixedaffe Column (3) is the same as
column (2), but includes area fixed effects. Column (4) curés to add area and occupation
fixed effects, while column (5) presents the results of thig Bpecified model which includes
the unemployment rate, area, occupation, and time fixedtsff@able B.2 presents the same
models, but clusters the errors at the occupation leveerdttan the metropolitan statistical
area level. Table B.3 follows Cameron, Gelbach, and M2@06) to estimate the model with
multi-way clustering at the occupation-metropolitanistatal area level. Figure 2.5 compiles

the point estimates and confidence intervals across ealehftalthe fully specified modef.

BBunemployment rate is given at the metropolitan statisticah level.
Yiseehttp : //econweb.umd.edu/ sarzosa/teach/2/Disc2Clusterhandout.pdf for details
15column 5 in tables 2.4 and 2.5, column 3 in table 2.6

51



Figure 2.5: Paid Point Estimate Comparison
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The first thing of note is that there is a positive and statidly significant relationship
between financial and customer skills with paid status wHestering the errors at the oc-
cupation, MSA, or occupation-MSA level. In addition, thésea statistically significant and
negative relationship between writing and paid statussacatl three specifications of the er-
ror structure. Words that are representative of strongaciiar are statistically significant and
negatively associated when errors are clustered at the MSAaupation level.

These results contrast with Deming and Kahn (2016), in wthiely find a positive corre-
lation between cognitive skills and log average wages aarosupations and MSA's. Also in
contrast to their paper, | find that paid positions do not negunore social skills, but that there
is a positive and statistically significant relationshiggvieeen paid status and coding, finan-
cial, and customer skilt8. When taken into context, these results do not necessaniltyadict
Deming and Kahn’'s main finding. Virtual internships are a ksabset of internships and
are not included in their analysis of the general labor markeaddition, virtual internships

leaves the intern isolated from the rest of the firm’s labocdoexcept for planned virtual or

16customer skills are statistically significant at the .0leléor occupation and MSA clustered errors and sta-
tistically significant at the .05 level for OCC-MSA clustdrerrors. Financial skills are not statistically significan
when clustering the errors at the OCC-MSA level.
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in-person meetings. It is likely that these types of intaips require minimal social skills. As
an example, a location based sales internship will requsigraficant amount of social interac-
tion while a software engineering internship requiringiogcexpertise can likely be achieved
virtually with limited face-to-face contact and interamti

Tables B.1-B.3 suggest that the skills variables can addoua substantial proportion of
the variation in the paid status of the internships. Thisulssgantiated by the p-values for the
F-test for joint significance of all of the skills listed. @ the F-test values, and the p-values
listed in tables B.1-B.3, we can conclude in this section the joint impact of these skills on

paid status is statistically different from ze'o.

2.3.2 The Impact of Unemployment on Paid Status

Next, | focus on the impact of unemployment on the paid statusternships by linking
each internships location and posting date to its corredipgmnmetropolitan statistical area un-
employment rate. Figure 2.6 compares the point estimateés@rfidence intervals across each
table for the models including area and occupation fixedceffdout excluding time fixed ef-
fects'®. In these models, | use state-wide variation in the unenmpéoyt rates at the MSA level
in order to identify the impact of unemployment on the paadst of internships. The exploita-
tion of this variation allows me to identify the impact of theemployment rate independent
of any nationwide trends in the paid status for virtual ingnips. In addition, the inclusion
of MSA and occupation level fixed effects helps to control tiame-invariant unobservables
that may have an impact on the paid status within differertropelitan statistical areas and

occupations.

17F-test values for joint significance are listed in along vtita p-values in the appendix for chapter two.
18Time fixed effects were excluded due to collinearity betwienunemployment rate and year dummies.
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Figure 2.6: Unemployment Point Estimate Comparison
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As can be seen in figure 2.6, the impact of the unemploymeataatthe paid status of
virtual internships is rather robust across all three dpations of the model. On average, a
one unit increase in the unemployment rate leads to a 5.7%ealse in the probability that
the virtual internship is paid. This indicates that thera isegative relationship between the
unemployment rate and the paid status of virtual interrsship

The explanation for this negative relationship is not as ediately clear as it would be
with standard location based internships. For locatioetasternships, employers must begin
to offer payment for an intern as the labor market begingistén and quality interns become
more scarce. In contrast, employers may be able to take tdyaf loose labor market
conditions and provide zero pay to interns trying to boost dhality of their resume. This
explanation weakens when applied to virtual internshipse @ould expect that as the labor
market tightens in one state, a firm may take advantage o€ ltadmsr market conditions in
another. Hence, there would be no relationship betweenalimternships paid status and the
unemployment rate.

An alternative explanation for this relationship would battthe firm does care about the

distance between an applicant and the firm’s location. Uskpgerimental data, Jaeger et. al
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(2017) shows that there is a strong negative relationsHipdsn how far away an applicant is
located and the firm’s response to an application. Thouglcanenly speculate on the exact
mechanism without a field experiment, it is likely that thenfs local labor market conditions
impact the paid status for virtual internships for the sagason they impact standard location
based internships.

It is important to note that the data does not extend throagimére business cycle. Thus,
the interpretation of this results must be taken under nhmensideration. Nationally, from
January 2012 to January 2017, the U6 unemployment ratenéddiiom 8.3% to 4.8%. This
is a total decline of 3.5%. It is possible that the identifiegbact is picking up on a decreasing
trend in the unemployment during the period. In order to priypidentify the impact of the

unemployment rate on the paid status, more data will be k@¢kr a complete business cycle.

2.3.3 Skill Demand for Part-Time vs. Full-Time Virtual Inte rnships

In order to examine the relationship between skills, uneyplent, and part time status |

estimate a linear probability model of the following form:
partomy; = o + skill; " + X;7 4+ ¢o + U + €omt;

where the index is occupation (SOC)y is the metropolitan statistical areaijs time, j is
an individual virtual internship advertisemenk’ is a set of controls taken from the job ad-
vertisement and include information such as part timeffoie status of the internshipp is
occupation fixed effects andis metropolitan area fixed effects which control for timedarant
unobservables and help to eliminate omitted variable bitsmthe model.s is the coefficient
of interest and represents a vector of coefficients whiclri®es the association between dif-
ferent skills and part time status.

As with estimating the relationship between skills and gatus, it is not immediately
clear at which level the errors should be clustered. To tkierg, | estimate models with the
errors clustered at the occupation, metropolitan stasistirea, and OCC-MSA level. Table B.4
provides the point estimates férwith errors clustered at the metropolitan statistical eeal.

Column (1) of table B.4 is a fully specified model includingcapation and area fixed effects
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but excluding the unemployment rate. Column(2) preser@dtseline model including the
unemployment rate but excluding any fixed effects. Coluhig&e same as column(2), but
includes area fixed effects. Column (4) continues to addardaccupation fixed effects, while
column(5) presents the results of the fully specified modsttvincludes the unemployment
rate, area, occupation, and time fixed effects. Table B.5gmts the same models, but clusters
the errors at the occupation level rather than the metri@postatistical area level. Table B.6
follows Cameron, Gelbach, and Miller(2006) to estimaterttael with multi-way clustering
at the occupation-metropolitan statistical area level.

Figure (2.7) compiles the point estimates and confidenavals across each table for
the fully specified modéf.This figure provides a visual representation of the poititreges
and confidence intervals across the three different mogektyhich include the most detailed

level of controls.

Figure 2.7: Part Time Point Estimate Comparison
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From tables B.4-B.6 and figure 2.7, writing skills are theyosHills that are statistically
significant and positively correlated with part time statis contrast to paid positions, part

time positions require less customer skills.

9column 5 in tables B.4 , B.5,and B.6
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Despite writing and customer service skills being the okllisslisted that are statistally
significant, tables B.4-B.6 suggest that the skills vagalals a whole can account for a substan-
tial proportion of the variation in the part time status o# ihternships. This is substantiated
by the p-values for the F-test for joint significance of alltbé skills listed. Given the F-test
values, and the p-values listed in tables B.4-B.6, we caklade in this section that the joint

impact of these skills on part-time status is statisticdifferent from zerc?

2.3.4 Skills and Firm Pay for Virtual Internships

Finally, I look at the relationship between the average wiageach downstream occupa-
tion and the skills derived from the job advertisement texbrder to examine the relationship

between skills and the proxy wage | estimate a linear prdipamodel of the following form:
log(wage)omt; = o+ skill; B + X7 + ¢o + €omt.;

where the index is occupation (SOC)n is the metropolitan statistical areajs time, j

is an individual virtual internship advertisemenk is a set of controls taken from the job
advertisement and include information such as part tirlidiifiae status of the internship is
occupation fixed effects which control for time invarianobiservables and help to eliminate
omitted variable bias within the modeél 3 is the coefficient of interest and represents a vector
of coefficients which describe the association betweeemfft skills and the logarithm of the
proxy wage.

Figure (2.8) compiles the point estimates from the fullysatted models with and without
occupation level fixed effects. The first thing to note fronsthigure is that cognitive and
financial skills are statistically significant and are piosity correlated with the wage. A job
that is associated with these skills is likely to be more higiaid. Second, jobs that include
words associated with positive character traits have arlogtern in market wage. However,
The p-values on the joint significance for all of the skillgéther indicate they are jointly not

significant in determining the wage.

20F-test values for joint significance are listed in along with p-values in the appendix for chapter two.
2loccupation fixed effects are at the 2-digit standard océoipatassification level.
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Figure 2.8: Wage Point Estimate Comparison
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2.4 Discussion and Conclusion

Telecommuting in computer and science related positiossimereased by 69% from
2000-2010 (Mateyka et al 2012),with data from the Americam@unity Survey indicating
increases of over 100% from 2005-2014 across all occupatiblne increases in telecommut-
ing positions are not limited to those in science and teatmol Mateyka (2012) also find
that nearly one quarter of all telecommuting positions werthe fields of finance, business,
and management. As technology and communication platfoomgnue to become more ad-
vanced, workers in the United States will continue to trémsitowards more telework as a
percentage of total labor hours. Simultaneously, the latemket for internships is undergoing
a similar transition. More employers are offering virtuaiernships in which the individual can
work remotely. To my knowledge, this is the first paper to addrthe labor market for virtual
internships.

| find that a majority of virtual internships within the saragdelong to the Arts, Design,

Entertainment, Sports and Media occupation category, fasedeby the standard occupation
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classification system. These internships are largely ahnpaith only 13% receiving com-
pensation. This is in contrast to fields such as office, adstration, and sales which have
greater than 50% of virtual internships receiving compgasaVirtual internships categorized
as including business, finance, computer, and math haleediter one quarter of internships
receiving compensation.

There is also large variation in the location of firms offgrinrtual internships throughout
the United States. States with large populations tend te hawave a higher amount of virtual
internships per capita. New York, California, Florida, @adorgia lead the United States in
virtual internships per 100,000 19-25 year olds. As expkckess populated states have a
much higher ratio of standard location based internshipgrtaal internships. Wisconsin,
Ohio, Nebraska, and new Jersey having nearly 4 times as roaatidn based internships vs.
virtual internships.

Paid status of virtual internships is positively assodatgth coding, financial, and cus-
tomer service skills and negatively associated with wgiskills and keywords that demonstrate
strong character. Contrary to other labor markets, | fintigbeial skills are not correlated with
the paid status of virtual internships. In addition, | findttkhere is a negative relationship be-
tween the unemployment rate rate and the paid status oflirtternships at the metropolitan
statistical area level.

Part-time virtual internships require a higher degree afimg and project management
skills, and present a negative association with custonmeicgeskills. When matching positions
to downstream occupations, cognitive and financial skikssdatistically significant and are
positively correlated with wages. A job that is associatetth\& with these skills is likely to
be more highly paid. This in contrast to job which strong eleter traits, which is statistically
significant and negatively associated with downstream aage

As the labor market for virtual internships continues tounathere will be many opportu-
nities for future research. Documenting the transitionidiral internships by occupation will
help to understand changing labor market conditions. Intiaagl future longitudinal survey

data will help to assess the causal impact of virtual int@psson future wages.
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Appendix A
Chapter One Appendix

A.1 Resume Design

A.1.1 Applicant Names

Constructing a similar framework of prior correspondentalies, we randomly assign
names to applicants which are unique to a particular ractalg These names include: Xavier
Washington, Darius Jackson, Colin Johansson, and Wyathidth Xavier Washington and
Darius Jackson are African American names, while Colin dekan and Wyatt Schmidt are
Caucasian names. The surnames were chosen from the 20001$8s0a order to locate
uniquely white and black names. For example, the 2000 USu&dists the surname Schmidt
as the 88th most popular surname in the United States, wiB¥®6f those self identifying as
white.The surnames Jackson and Washington were the 6tr8aimchbst popular surnames for
Blacks, with 53.0% and 89.9% self identifying as black

The given names were chosen from the 1984 Social Securitg database. This database
was chosen because it would provide popular names whichoaisastent with the age of the
applicants. Xavier and Darius are ranked 139 and 155, andt\Afyd Colin are ranked 124 and

197. Together with the surnames, the full names are likesjgoal the race of the applicast.

A.1.2 Resume Construction

Using a computerized resume generator (Lahey 2009) we nalydassign productivity
characteristics to resumes while maintaining a balancetpkaof covariates. Each appli-
cant is assigned one of six college majors, including: Eotns, Business Administration,

Psychology, Biology, Marketing, and English. In additidhe applicant is assigned a grade

1Though these values seem low, they are rather high when tateeoontext of other popular black names
2Charles and Guryuan (2008) describe the importance of amp@®pular names for both black and white
individuals
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point average from 3.0-4.0 in increments of .20 grade poiAtsinitial job is assigned to all
applicants so that a baseline level of work experience @béished. Beyond this baseline,
we randomly assign half of all applicants prior internshiy avolunteer experience. Intern-
ship experience is assigned in one of three fields: markeatasgarch, or business. Likewise,
volunteer experience is varied among local and nationdlkmelwn entities. Finally, each ap-
plicant is provided a baseline skill set, with randomly gesed additional skills in statistical
programming and data analysis. In what follows, we addresgtocess of choosing these

characteristics to be used in the resume construction.

A.1.3 Institutions

We chose twenty-four large public institutions throughting United States. The public
institutions had an undergraduate enrollment of at leag&tQ5 but did not exceed 48,000 for

the 2014-2015 Academic year. The institutions varied ifigua

A.1.4 Academic Major

Each applicant was assigned one of the following six acaclemjors: Economics, Busi-
ness Administration, Psychology, Biology, Marketing, &rjlish. These majors were chosen
due to their popularity amongst the student populationri@aale et al. 2015). For example,
the 2009 American Community Survey indicates business genant and administration as
the most popular major amongst college graduates, with &peof all individuals holding
a bachelor’'s degree choosing this major. Likewise, Psymhois ranked 5th, with 4 percent;
Marketing and Marketing research ranked 7th, with 3 perdemglish Language and Literature
is ranked 9th, with 3 percent. These majors also have wdak-laarket orientation. That is,
they do not have a well-defined school to work transition whempared to majors such as

nursing, engineering, etc.

A.1.5 Employment Status

To provide a baseline level of work experience, each appias assigned with certainty

an entry level position in one of three fields. These field$uishe university employment, the
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restaurant industry, or retail industry. The field choicesenthe results of extracting a random
sample of real resumes from the online job board. Examinaifdhese resumes provided us
with the most common out of field job experience listed on yipéctal bachelor degree seeking
resume.

Once the baseline work experience fields had been desigsatagles of work experience
were pulled from the pool of real resumes in order to more i@&tely describe the duties and
responsibilities on the job. In addition, major restauramd retail chains were chosen. First,
this mitigates the harm to any small firms. Second, it is miedyt for these firms to be located

in each of the college towns where the applicants list thesidence.

A.1.6 In-Field, Out-of-Field Internship Experience and Vdunteer Experience

Half of all applicants were randomly assigned previousrimgkip experience in one of
three fields: Marketing, Business/Finance, and ResearshigAing different fields of intern-
ships allowed us to examine the impact of in-field vs. oufi@fd prior internships on the prob-
ability of receiving an internship in that field. The marketiinternship and business/finance
internships were with nationally located well known firm#$igalleviated any biases that may
be due to assigning applicants experience with firms thabm@geregionally active.

Similar to previous internship experience, half of all apghts were randomly assigned

volunteer experience in one of three nationally recognimauprofit organizations.

A.1.7 Application Process

We used a large internet job board exclusively listing ims@ips to locate the positions of
interest. To alleviate any bias, the job category, whetherjdb was paid or unpaid, full time
or part time, and the position of the job amongst the resyligt were all randomized. In more

detail:

1. A random number determined whether we submitted resumnas internship opening

in the following job categories: marketing, research, oregal business.

68



2. After determining the job category, a random number datexd whether we applied to

a full-time or a part-time internship opening.

3. After determining whether to submit the resume to thetiolle or part-time internship,

a random number determined whether to apply to a paid or drpigrnship.

4. Next, arandom number generator determined which pageetketed internship should

be chosen from.

5. Finally, after #1, #2, #3, & #4 above, a random number (frb110) determined the

particular internship to which a resume was submitted omlgpage.

We then monitored the accounts for a receipt of responseel@onse was noted, we immedi-
ately replied acknowledging that we had taken another ijposih order to minimize any harm

to the firms.

A.2 Creation of Accounts

This section describes the process of account creationafdnt eandomly generated re-
sume. We create twenty-five unique email addresses, assbewith the twenty-five public
institutions used in our study. Exploiting a tool within teenail host, we are able to create
twenty-four applicant accounts for each associated erddiess.

We use the associated public institution’s assigned erdditesss with the addition of a
unique identification code to create and track the applgcaotount. Upon signing up for the
account, we upload a PDF version of the applicant’s resurhghns then transferred into a
standard format by an algorithm within the job portal. 3ef are defined to remove access
to the original resume. This procedure removes the abditypbtential firms to see the unique
identification code attached to the PDF name.

Uploading the resume also removes the need to provide ahaadiaess on the web-portal
generated resume. This process eliminates the need to postact email address or phone
number. In lieu of the prior contact methods, we ask that the ¢ontact the applicant through

a direct messaging system within the job-portal.
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A.3 Standard Occupational Classification (SOC) of Internsip Job Advertisements

We use a machine learning algorithm to match the individuarnship job ads to their as-
sociated O*Net classification, as designated by the Stdr@decupational Classification (SOC)
hierarchy®. This algorithm, commissioned by the United States Depamtnof Labor Em-
ployment and Training Administration, divides the text bétjob ad into individual analyst
weighted terms, then assigns a SOC code based on matchimgsefterms to the job descrip-
tions listed in the O*Net database.

Career Builder, a large online job board, recently used #mesalgorithm to label job
advertisements to be used in the classification of job titlethe creation of a large training data
set (Javed et. al 2015). Career Builder’s algorithm, Camtenarks a slight improvement on
the Autocoder application with respect to classifying pastk histories of job seeketsbut it
is inconclusive on whether the algorithm outperforms Aotber on classifying jobs ads Also
of importance is that the taxonomy used in the Carotene ighgoiis of finer granularity, and
not consistent with the current O*net taxonomy. Thus, wectred that use of the Autocoder
algorithm was the most appropriate choice in the classificaif the internship jobs ads from

the experiment.

A.3.1 Matching Unemployment Values to Individual Job Ads

Each individual internship advertisement included an aslglifor the firm and the geo-
graphic latitude/longitude coordinates. Using the opgagao program in stata, we utilize the
latitude and longitude coordinates to create an outputetdivn, county, state, and zip code
in which the job advertisement is located. We are able to md©% of the county/state com-
binations to county level federal information processitapdard codes (FIPS codes). Using
a crosswalk from the NBER, we then match these county lev®SRiodes to area level FIPS
codes (CBSA and NECTA). We are able to match 98.2% of coumsi IEIPS codes to the

corresponding CBSA or NECTA area code. We then match theselevel FIPS codes to the

Shttp://www.onetsocautocoder.com/plus/onetmatch
4The authors indicate a 4% higher precision.
SThe authors are in the process of conducting a survey compté results of the two algorithms.
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database of seasonally adjusted civilian labor force amanpioyment values from the BLS.
The observations for this data are at the month level. Thaspatch the individual job ads to
the corresponding unemployment rate the month they aragol on the job site, providing

us with substantial variation in unemployment rates ovaeti
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A.4 Sample Resumes

This section provides examples of sample resumes used iextperiment. The PDF
versions of the resumes were not viewed by the firms. Uporiogea new account on the job
board, a PDF version of the resume was uploaded into theite.resume was then scanned
by the job board, and a standardized resume format was draate result. The formatting of

the PDF resumes was optimized in order to minimize any emaitss process.
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Figure A.1: Sample Resume One

Colin Johansson

PRESENT ADDRESS

o1 R St
Apartment $#12]
City, State Postal Code
EDUCATION
University of ABC

Bachelor of Science, Biology
Gradustion Dace:: May 2017
CPAZS2/4.0

EXPEHIENCE

Student Employes University Dining Services Angust 2015-Present
City, State

- Mesponsiblo for serving food to students, employees, end professors.

- Dpened and closed the dining hall when scheduled.

- Oirgrniwod eatering ovents for companies and foture stiudents.

Marketing Intern XYZ Company May 2015-August 2015
City, 5tale

- Anabyaesd marketing objectives, mplemented marketing plans, rod modeled potential improverment

to company business and advertising.  Reviewed the strength of competitors in locsl insurance

industry mod crested potential mprovements medeled off these strengrhs.

- Took econtrol of the social media outlets; reenlting in over 1000 omigue Facehook subseribers inone

maonth, and drestically improved online infuence.

- Utilined updated marketing tochnigues which enprged costomers more often.

Student Vaoluntesr XYZ Non-Trofit Jan 2015-Mey 2015
City, State

- Provided assistance in the construction of homes for low income families within the commurity.

- Helped sehecduls volumteers for on & weekly basis:

- Aszmistedd with the mensgement of macerials used o the home building process,

- it Programming
-Daia Analysis
-Microsoft (Hfiee
-Public Spoaking
-Soria]l Media
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Figure A.2: Sample Resume Two

Darius Jackson

PRESENT ADDRESS
0L It 5t

Apartment #121

City, State Postal Code

EDUTCATION
University of ABC

Bechelor of Business, Marketing
Graduation Dates’ May M7
GPALG/4.0

EXPERIENCE
Stodemt Emplovos Universty Dining Servics Angust 30 5-Presont
City, State
- Regponsible for serving food to students, employees, and professars,
- Opened snd closed the dining ball when scheduboed.
- Organived catering events for eompanies and foture stodonts

Markoting Intern KYZ Company May 215-Aopust 2015
City, Smate

- Anslvsed marketing objectives, Implomented marketing plans, sl modeled potential improvernent

Lo company buasinese and advertising. Reviewsd the streneth of competitors in local imsursnce

industry and ercatod potential improvements modebed off these strengths

- Took control of the social media cutlets, cesnlting in over 1000 unijue Feeobook sobscribers i one

moiith, and drastically improved onling infloence

- Utilized updated marketing technigues which engmeed customers mone oftan.

Skill=

~Microsoft Office
-Public Speaking
-Social Media
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Figure A.3: Sample Resume Three

Wyatt Schmidt

PRESENT ADDRESS
1925 Beh Avenue
Apartment #54

City, 5T ZIP

EDUTCATION
University of ABC, City, Stale
Bachelar of Science, Peychalogy, 2016
GPRAZ 2D

EXPERIENCE
Stwdent Lisson Recreation Center August H13-Present
City, 5T
- Worked on several job rotations, including assistunt to manpgement, front desk, aod sanitistion
wf equipmenl
- Grocted sundents at the fromt door to provide seleoming experiones,
- Provided walking tours to prospective students und sthiletes,

ADDITIONAL SKILLS
- Powerpaint & Pregi Presentation Software
- Sociul Mediar Twitter, Facebook, ote.
- Muarket Restarch & Analysis
- Ahle to communicate with coworkoers
- 5P53 Statistical Analysis Software
- Hard worker who is ible to work in & fast psced enviromment, collabornte; and moet deadlines
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A.5 Appendix Tables

Table A.1: Description of Job Skills (From Deming and Kahri @D

Job Skills Key Words and Phrases

Cognitive Problem Solving, Research, Analytical, Criti€hinking, Math, Statistics

Social Communication, Teamwork, Collaboration, NegaiatPresentation

Character Organized, Detail-Oriented, Multi-Taskingn&Management, Meeting Deadlines, Energetic
Writing Writing

Customer Service Customer, Sales, Client, Patient
Project Management Project Management

People Management Supervisory, Leadership, Managememtaving, Staff

Financial Budgeting, Accounting, Finance, Cost
Software Java, SQL, Python, SAS, Stata, C#, C+, C++
Computer Computer, Spreadsheets, Common Software (ecgoddiit Excel, Powerpoint)
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Table A.2: Summary Statistics for Resume Credentials

All Internships  Unpaid Internships  Paid Internships Famte Internships  Full-Time Internships

@ @ 3 4) ®)
Major Field of Study
Business Administration 0.1667 0.1675 0.1658 0.1695 ®163
Biology 0.1667 0.1653 0.1680 0.1714 0.1618
Economics 0.1667 0.1686 0.1648 0.1604 0.1730
English 0.1667 0.1633 0.1699 0.1666 0.1667
Marketing 0.1667 0.1646 0.1687 0.1649 0.1685
Psychology 0.1667 0.1707 0.1627 0.1671 0.1662
Grade Point Average (GPA)
High GPA (3.8 or 4.0) 0.3333 0.3305 0.3361 0.3303 0.3364
Medium GPA (3.4 or 3.6) 0.3333 0.3368 0.3299 0.3320 0.3347
Low GPA (3.0 or 3.2) 0.3333 0.3326 0.3340 0.3377 0.3289
Data Skills
Data Analysis 0.6667 0.6621 0.6711 0.6699 0.6634
Previous Internships
Research Internship 0.1667 0.1751 0.1584 0.1659 0.1674
Finance Internship 0.1667 0.1688 0.1646 0.1649 0.1685
Insurance Internship 0.1667 0.1653 0.1680 0.1708 0.1625
Volunteer/Charitable Work
Volunteer Experience #1 0.1667 0.1686 0.1648 0.1671 0.1662
Volunteer Experience #2 0.1667 0.1619 0.1713 0.1661 0.1672
Volunteer Experience #3 0.1667 0.1704 0.1631 0.1709 0.1624
College Work Experience
Marketing 0.1667 0.1677 0.1656 0.1645 0.1688
Retail Clothing 0.1667 0.1656 0.1677 0.1676 0.1657
Server at Restaurant 0.1667 0.1684 0.1650 0.1640 0.1693
Campus Recreation Center 0.1667 0.1668 0.1665 0.1649 9.168
University Dining Service 0.1667 0.1614 0.1718 0.1720 0316
Race
Black 0.5000 0.4996 0.5003 0.5047 0.4953
Observations 11,520 5,688 5,832 5,786 5,734
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A.6 Figures

Figure A.4: Kernel Density Plot for Occupation-Match Score
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Figure A.5: Kernel Density Estimate for Occupation-Matao®
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Appendix B
Chapter Two Appendix
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Table B.1: Correlation Between Skills and Paid Status

1) (2) (3) (4) (5)
paid paid paid paid paid
cognitive -0.024 -0.019 -0.016 0.003 0.002
(0.0169) (0.0174) (0.0177) (0.0163) (0.0163)
social -0.027 -0.024  -0.024 -0.003 -0.001
(0.0138) (0.0138) (0.0126) (0.0117) (0.0119)
character -0.042* -0.043* -0.039** -0.02r -0.02r
(0.0144) (0.0149) (0.0149) (0.0127) (0.0122)
people 0.025 0.021 0.020 -0.006 -0.008
(0.0199) (0.0206) (0.0197) (0.0156) (0.0159)
financial 0.219* 0.218* 0.212** 0.099** 0.098**
(0.0331) (0.0332) (0.0337) (0.0299) (0.0298)
customer 0.106* 0.106* 0.110* 0.062* 0.062*
(0.0157) (0.0156) (0.0126) (0.0144) (0.0147)
writing -0.140** -0.140** -0.133** -0.047** -0.048**
(0.0146) (0.0149) (0.0139) (0.0113) (0.0112)
projectman -0.002 -0.001 0.031 0.024 0.023
(0.0370) (0.0334) (0.0312) (0.0290) (0.0289)
coding -0.022 -0.016 -0.014 0.033 0.035
(0.0253) (0.0256) (0.0254) (0.0328) (0.0335)
computer 0.060* 0.058** 0.058** 0.017 0.018
(0.0191) (0.0196) (0.0194) (0.0182) (0.0182)
partdummy -0.344+ -0.330* -0.323** -0.218™ -0.217*
(0.0335) (0.0338) (0.0296) (0.0289) (0.0289)
Unemployment Rate -0.039 -0.072** -0.057** -0.016
(0.0108) (0.0198) (0.0185) (0.0239)
Area Fixed Effects X X X
Occupation Fixed Effects X X
Time Fixed Effects X
F-Test P-value 0.000 0.000 0.000 0.000 0.000
Observations 12835 12428 12428 12428 12428
R? 0.212 0.211 0.269 0.390 0.392

Standard errors in parentheses
*standard errors clustered at the MSA level
*p < 0.10, " p < 0.05,** p < 0.01
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Table B.2: Correlation Between Skills and Paid Status

1) (2) (3) (4) (5)
paid paid paid paid paid
cognitive -0.025 -0.019 -0.016 0.003 0.002
(0.0216) (0.0225) (0.0199) (0.0137) (0.0138)
social -0.026 -0.024 -0.024 -0.003 -0.001
(0.0193) (0.0204) (0.0181) (0.0129) (0.0127)
character -0.042 -0.043* -0.039 -0.021* -0.021*
(0.0214) (0.0219) (0.0209) (0.0090) (0.0091)
people 0.022 0.021 0.020 -0.006 -0.008
(0.0202) (0.0206) (0.0181) (0.0125) (0.0127)
financial 0.226* 0.218* 0.212* 0.099* 0.098**
(0.0329) (0.0331) (0.0335) (0.0301) (0.0299)
customer 0.107* 0.106* 0.110* 0.062* 0.062*
(0.0212) (0.0215) (0.0201) (0.0146) (0.0146)
writing -0.139** -0.140** -0.133** -0.047** -0.048**
(0.0209) (0.0209) (0.0190) (0.0118) (0.0112)
projectman -0.008 -0.001 0.031 0.024 0.023
(0.0271) (0.0270) (0.0275) (0.0260) (0.0259)
coding -0.027 -0.016 -0.014 0.033 0.035
(0.0452) (0.0482) (0.0454) (0.0183) (0.0184)
computer 0.062* 0.058* 0.058* 0.017 0.018
(0.0169) (0.0177) (0.0149) (0.0110) (0.0109)
partdummy -0.349* -0.330* -0.323** -0.218** -0.217*
(0.0298) (0.0329) (0.0305) (0.0225) (0.0225)
Unemployment Rate -0.039 -0.072* -0.057* -0.016
(0.0070) (0.0116) (0.0089) (0.0132)
Area Fixed Effects X X X
Occupation Fixed Effects X X
Time Fixed Effects X
F-Test P-value 0.000 0.000 0.000 0.000 0.000
Observations 12835 12428 12428 12428 12428
R? 0.221 0.211 0.269 0.390 0.392

Standard errors in parentheses
*standard errors clustered at the occupation level
*p<0.10," p <0.05,** p < 0.01
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Table B.3: Correlation Between Skills and Paid Status

1) (2) (3) (4) (5)
paid paid paid paid paid
cognitive -0.018 -0.019 -0.016 0.003 0.002
(0.0248) (0.0256) (0.0254) (0.0221) (0.0222)
social -0.025 -0.024 -0.024 -0.003 -0.001
(0.0202) (0.0211) (0.0207) (0.0177) (0.0177)
character -0.037 -0.043 -0.039 -0.021 -0.021
(0.0255) (0.0229) (0.0265) (0.0159) (0.0157)
people 0.019 0.021 0.020 -0.006 -0.008
(0.0249) (0.0256) (0.0254) (0.0200) (0.0203)
financial 0.217* 0.218* 0.212** 0.099* 0.098*
(0.0437) (0.0398) (0.0447) (0.0424) (0.0421)
customer 0.109* 0.106* 0.110* 0.062* 0.062*
(0.0231) (0.0227) (0.0237) (0.0208) (0.0208)
writing -0.13r*  -0.140** -0.133** -0.047** -0.048**
(0.0212) (0.0221) (0.0221) (0.0161) (0.0157)
projectman 0.032 -0.001 0.031 0.024 0.023
(0.0335) (0.0303) (0.0360) (0.0379) (0.0375)
coding -0.018 -0.016 -0.014 0.033 0.035
(0.0481) (0.0473) (0.0493) (0.0391) (0.0406)
computer 0.059* 0.058* 0.058* 0.017 0.018
(0.0222) (0.0229) (0.0232) (0.0225) (0.0226)
partdummy -0.325* -0.330* -0.323** -0.218** -0.217*
(0.0382) (0.0409) (0.0403) (0.0357) (0.0361)
Unemployment Rate -0.039 -0.072* -0.057* -0.016
(0.0105) (0.0189) (0.0188) (0.0241)
Area Fixed Effects X X X
Occupation Fixed Effects X X
Time Fixed Effects X
F-Test P-value 0.000 0.000 0.000 0.000 0.000
Observations 12835 12428 12428 12428 12428
R? 0.288 0.211 0.269 0.390 0.392

Standard errors in parentheses
*standard errors clustered at the MSA-OCC level
*p<0.10, " p < 0.05, ** p < 0.01
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Table B.4: Correlations with Part Status

(1) (2) ®3) (4) ()

part part part part part
cognitive -0.015 -0.003 -0.007 -0.016 -0.016
(0.0123) (0.0126) (0.0123) (0.0125) (0.0124)
social -0.016 -0.011 -0.011 -0.017 -0.018
(0.0124) (0.0132) (0.0118) (0.0127) (0.0125)
character 0.009 0.015 0.015 0.006 0.006
(0.0115) (0.0128) (0.0126) (0.0116) (0.0116)
people -0.019 -0.029* -0.029* -0.018* -0.018*
(0.0089) (0.0133) (0.0110) (0.0088) (0.0089)
financial -0.005 -0.04t -0.036 -0.004 -0.004
(0.0206) (0.0199) (0.0196) (0.0209) (0.0207)
customer -0.036 -0.046* -0.037* -0.036* -0.036*
(0.0150) (0.0189) (0.0150) (0.0152) (0.0152)
writing 0.038* 0.075** 0.067* 0.039* 0.039*
(0.0128) (0.0137) (0.0132) (0.0132) (0.0130)
projectman 0.028 0.021 0.031 0.028 0.028
(0.0212) (0.0259) (0.0247) (0.0208) (0.0209)
coding -0.031 -0.086* -0.09r** -0.036 -0.036
(0.0393) (0.0267) (0.0265) (0.0399) (0.0397)
computer -0.020 -0.039* -0.032** -0.017 -0.018
(0.0107) (0.0125) (0.0114) (0.0108) (0.0108)
paid.dummy -0.175* -0.243** -0.238** -0.174** -0.173*
(0.0236) (0.0265) (0.0247) (0.0238) (0.0238)
Unemployment Rate 0.003 0.015 0.008 0.019
(0.0077) (0.0118) (0.0101) (0.0128)
Area Fixed Effects X X X X
Occupation Fixed Effects X X X
Time Fixed Effects X X
F-Test P-value 0.000 0.000 0.000 0.000 0.000
Observations 12835 12428 12428 12428 12428
R? 0.311 0.142 0.206 0.283 0.283

Standard errors in parentheses
*standard errors clustered at the MSA level
*p <0.10," p < 0.05, *** p < 0.01
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Table B.5: Correlations with Part Status

(1) (2 (3 4) 5)
part part part part part
cognitive -0.015 -0.003 -0.007 -0.016 -0.016
(0.0093) (0.0145) (0.0139) (0.0094) (0.0094)
social -0.016 -0.011 -0.011 -0.017 -0.018
(0.0137) (0.0134) (0.0124) (0.0133) (0.0132)
character 0.009 0.015 0.015 0.006 0.006
(0.0077) (0.0117) (0.0119) (0.0077) (0.0078)
people -0.019 -0.029 -0.029* -0.018 -0.018
(0.0131) (0.0131) (0.0144) (0.0133) (0.0134)
financial -0.005 -0.04t -0.036 -0.004 -0.004
(0.0173) (0.0184) (0.0188) (0.0171) (0.0173)
customer -0.036* -0.046** -0.037** -0.036** -0.036**
(0.0126) (0.0168) (0.0118) (0.0127) (0.0129)
writing 0.038* 0.075** 0.067* 0.039* 0.039*
(0.0132) (0.0132) (0.0125) (0.0130) (0.0131)
projectman 0.028 0.021 0.031 0.028 0.028
(0.0193) (0.0243) (0.0189) (0.0196) (0.0194)
coding -0.031 -0.086* -0.091** -0.036 -0.036
(0.0223) (0.0323) (0.0279) (0.0216) (0.0212)
computer -0.020 -0.039* -0.032** -0.017 -0.018
(0.0097) (0.0122) (0.0109) (0.0095) (0.0097)
paid.dummy -0.175* -0.243** -0.238** -0.174** -0.173*
(0.0248) (0.0299) (0.0314) (0.0252) (0.0253)
Unemployment Rate 0.003 0.0t5 0.008 0.019
(0.0053) (0.0074) (0.0063) (0.0100)
Area Fixed Effects X X X X
Occupation Fixed Effects X X X
Time Fixed Effects X X
F-Test P-value 0.000 0.000 0.000 0.000 0.000
Observations 12835 12428 12428 12428 12428
R? 0.311 0.142 0.206 0.283 0.283

Standard errors in parentheses
*standard errors clustered at the occupation level
*p<0.10," p <0.05,** p < 0.01
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Table B.6: Correlations with Part Status

(1) (2) ®3) (4) (5)

part part part part part
cognitive -0.003 -0.003 -0.007 -0.016 -0.016
(0.0162) (0.0163) (0.0177) (0.0162) (0.0161)
social -0.005 -0.011 -0.011 -0.017 -0.018
(0.0160) (0.0153) (0.0163) (0.0199) (0.0197)
character 0.017 0.015 0.015 0.006 0.006
(0.0149) (0.0143) (0.0165) (0.0147) (0.0149)
people -0.03 -0.029* -0.029 -0.018 -0.018
(0.0147) (0.0145) (0.0170) (0.0164) (0.0166)
financial -0.038 -0.041 -0.036 -0.004 -0.004
(0.0221) (0.0210) (0.0243) (0.0270) (0.0271)
customer -0.047 -0.046* -0.037* -0.036 -0.036
(0.0205) (0.0207) (0.0182) (0.0199) (0.0199)
writing 0.075* 0.075* 0.067** 0.039* 0.039*
(0.0150) (0.0154) (0.0165) (0.0195) (0.0193)
projectman 0.023 0.021 0.031 0.028 0.028
(0.0256) (0.0268) (0.0258) (0.0293) (0.0290)
coding -0.084* -0.086** -0.091** -0.036 -0.036
(0.0300) (0.0308) (0.0340) (0.0459) (0.0459)
computer -0.038* -0.039* -0.032* -0.017 -0.018
(0.0145) (0.0141) (0.0141) (0.0149) (0.0147)
paid dummy -0.256* -0.243** -0.238* -0.174** -0.173**
(0.0378) (0.0360) (0.0380) (0.0343) (0.0343)
Unemployment Rate 0.003 0.015 0.008 0.019
(0.0074) (0.0115) (0.0102) (0.0134)
F-Test P-value 0.00 0.00 0.00 0.0157 0.0153
Observations 12835 12428 12428 12428 12428
R? 0.150 0.142 0.206 0.283 0.283

Standard errors in parentheses
*standard errors clustered at the MSA-OCC level
*p<0.10, " p < 0.05, ** p < 0.01
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Table B.7: Correlation Between Skills and Wage

1) 2
In.wage Inwage
cognitive 0.071* 0.034*

(0.0251) (0.0159)

social 0.019 0.005
(0.0185) (0.0146)

character -0.048* -0.030*
(0.0178) (0.0143)

people 0.004 0.012
(0.0224) (0.0091)

financial 0.033 0.04t
(0.0538) (0.0173)

customer -0.014 -0.006
(0.0227) (0.0152)

writing 0.043 0.037
(0.0292) (0.0241)

projectman 0.060 -0.035
(0.0584) (0.0221)

coding 0.202+* 0.021
(0.0546) (0.0304)

computer -0.041 -0.007
(0.0210) (0.0104)

paicdummy  -0.071%  0.007
(0.0334) (0.0115)

partdummy 0.058 0.008
(0.0253) (0.0128)

F-test P-Value 0.00 0.00
Observations 12242 12242
R? 0.062 0.544

Standard errors in parentheses
*p <0.10, " p < 0.05, *** p < 0.01
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