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Keeping it 100: Social Media and Self-Presentation
in College Football Recruiting
Kristina Gavin Bigsby,* Jeffrey W. Ohlmann, and Kang Zhao

Abstract
Social media provides a platform for individuals to craft personal brands and influence their perception by others,
including potential employers. Yet there remains a need for more research investigating the relationship be-
tween individuals’ online identities and offline outcomes. This study focuses on the context of college football
recruiting, specifically on the relationship between recruits’ Twitter activities and coaches’ scholarship offer de-
cisions. Based on impression management theory, we analyze content posted by recruits and apply machine
learning to identify instances of self-promotion and ingratiation in 5.5 million tweets. Using negative binomial
regression, we discover that an athlete’s level of engagement on Twitter is a positive and significant predictor
of the number of offers. Also, both self-promotion and ingratiation are positively related to attracting new offers.
Our results highlight the growing importance of social media as a recruiting tool and suggest that recruits’ online
self-presentation may have significant offline impacts. This research can benefit athletes and coaches by inform-
ing communication strategies during recruitment, and may also yield insight into the consequences of online
impression management in other types of recruitment beyond sports.

Keywords: impression management; social media; sports analytics; recruitment; text mining

Introduction
The proliferation of social media has given athletes the
power to craft personas and influence how others perceive
them in a virtual setting. However, questions remain as to
whether these online identities have measurable offline
impacts, as measured by sponsorships, salary, or draft suc-
cess. In this work, we contribute to the sports analytics lit-
erature by investigating the relationship between college
football recruits’ behavior on Twitter and the number of
scholarship offers they receive. Although sports media
has reported on coaches’ use of social media to strategi-
cally engage recruits1 and to monitor players’ behavior
online,2 there is no empirical research focusing on ath-
letes’ use of social media during recruitment.

College football is often a significant part of the pub-
lic face of an institution. In 2017, more than 42 million
fans attended Division I football games.3 Top athletic
departments generate multimillion-dollar profits, and
success in athletics is linked to trends in general student
body enrollment,4 institutional reputation,5 and donor

behaviors.6 On-field performance is highly dependent
on recruiting. Bergman and Logan7 have shown that
individual recruit quality is a significant predictor of
team success, with each additional five-star recruit
worth an average of 0.306 wins, and the worth of a pre-
mium college football player has been estimated to be
as high as $2.3 million per season.8 Thus, it is unsur-
prising that college football teams expend upward of
$1 million annually on recruiting activities.9

A significant portion of these resources is devoted to
evaluating potential recruits and deciding whether to
extend a scholarship offer. In 2014, Division I coaches
recruited from a pool of more than 250,000 high school
seniors, with only 2.5% advancing to play Division I
football.10 Recent evidence suggests that coaches in-
creasingly turn to social media as a convenient way
to screen the large number of prospects. In a survey11

of 477 Division I, II, and III coaches across 19 sports,
85% reported searching for information about recruits
online and 79% specifically used Twitter. In an ESPN
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report1 on social media monitoring, Oregon State foot-
ball’s director of player personnel, Darrick Yray, states,
‘‘Every single school does it. You have to, especially
since you’re investing almost $500,000 in a player’s de-
velopment over a 4- or 5-year period.’’ Social media
has become an indispensible recruiting tool as it is
not limited by physical location, can be accessed at
any time, and presents an opportunity to gather de-
tailed information while complying with National Col-
legiate Athletic Association (NCAA) rules12 on the
medium, timing, and frequency of communication be-
tween college coaches and high school athletes.

Mass media articles about the role of social media
during the screening process have primarily focused
on cases of negative behavior, including ‘‘racist, sex-
ist, vulgar, or profane posts.’’2 While this concern is
warranted—19% of coaches surveyed by Cornerstone
Reputation11 had rescinded an offer based on a recruit’s
online presence—anecdotal evidence suggests that so-
cial media misbehavior is decreasing over time. In a
statement to Athletic Business,2 Joe Dooley, then-head
coach of men’s basketball at Florida Gulf Coast Univer-
sity, suggests that athletes are increasingly aware of the
scrutiny they are under both during recruitment and
over the course of their college careers, ‘‘I do think,
though, in the last couple of years student-athletes
have gotten much more savvy and they understand
that and they don’t do that as much as they used to.’’
Indeed, fewer than 4% of tweets in our data set were
judged to be negative and/or offensive. Thus, we exam-
ine how recruits can leverage social media positively for
networking and self-presentation. In the Cornerstone
Reputation survey,11 90% of coaches reported finding
something about a recruit online that gave a good im-
pression, and 82% believed that athletes with strong,
positive online presences had an advantage over
other recruits. A survey13 of Division I athletes noted
an increase in players initiating contact during recruit-
ment—37% of respondents had reached out to coaches
via e-mail, mail, or sending a video highlight. Social
media offers an easy way to engage in this type of
self-promotion; athletes can instantly connect with
coaches on Twitter and share information about them-
selves by replying, mentioning, and/or including links
to news coverage or video highlights in their tweets.

Our study represents the first large-scale examina-
tion of athletes’ online behavior during recruitment.
We approach the recruiting activities and Twitter con-
tent posted by 2644 athletes in the college football
recruiting class of 2016 with two main research objec-

tives. First, we examine how athletes present them-
selves on Twitter during recruitment. We explore this
issue from the perspective of impression management
theory,14 which describes individuals’ conscious and
subconscious attempts to influence the perceptions of
others. Specifically, we identify instances of self-
promotion (posting positive content about the athlete’s
own athletic prowess, academic abilities, and recruiting
achievements) and ingratiation (posting positive con-
tent about other recruits, college teams, or current col-
lege athletes) in 5.5 million athlete tweets. Second, we
investigate the relationship between Twitter content
and scholarship offers to determine whether certain
online behaviors may lead to recruiting success. This
work is the first to incorporate social media data into
an explanatory model of the number of scholarship offers
received by college football players. We model the num-
ber of new offers received during junior year as a function
of the athlete’s personal characteristics, recruiting activi-
ties, and Twitter content up to that point in time.

Related Work
To position our contribution, we look to prior work on
impression management in organizations, the role of
social media in human resources (HR), and social
media usage by college and professional athletes.

Impression management
First introduced in 1959, impression management the-
ory14 explains individuals’ efforts to influence others’
perceptions. We borrow from the organizational man-
agement and personnel psychology literatures, where
impression management has been well-studied in the
context of employment interviews. Although Goff-
man’s original dramaturgical metaphor delineates
‘‘front stage’’ and ‘‘back stage’’ tactics, several taxono-
mies of impression management strategies have been
proposed over time. In a laboratory study, Kacmar
et al.15 describe ‘‘self-focused’’ versus ‘‘other-focused’’
behaviors, and find that participants who engaged in
self-focused impression management during interviews
were rated higher and received fewer rejections than
those using other-focused impression management.
Tsai et al.16 categorize verbal versus nonverbal strate-
gies, finding that verbal self-promotion significantly
influenced applicant ratings. Jones and Pittman17 pro-
pose the most commonly used taxonomy, describing
five primary tactics: self-promotion, ingratiation, ex-
emplification, intimidation, and supplication. In a field
study18 of impression management during employment
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interviews, interviewees used self-promotion tactics
more often than ingratiation, and ingratiation did not
significantly impact hiring managers’ perceptions of
suitability or the likelihood of receiving a job offer.
We also utilize the Jones and Pittman17 categories in
our study, specifically identifying self-promotion and
ingratiation in athletes’ tweets.

Social media in HR management
Social media has changed the landscape of HR recruit-
ing, simultaneously offering individuals new avenues to
engage in self-branding activities and presenting com-
panies with additional information sources to evaluate
potential employees. In a 2013 survey,19 64% of compa-
nies reported using social media to inform hiring deci-
sions. Social media has been described as a ‘‘real-time
search engine’’20 that is especially valuable for evaluat-
ing candidates’ professionalism and writing skills.21

Surveys22 suggest that hiring managers are attentive
to applicants’ photographs on social media as well,
using them to assess traits of extraversion and maturity.
Broughton et al.23 report that 35% of hiring managers
have found material on social media that caused
them not to hire a job candidate, especially ‘‘provoca-
tive’’ photographs. In recent years, companies have tri-
pled their investment in professional social networking
sites such as LinkedIn,24 although there remains a need
for more work examining the link between online
behavior and offline HR recruiting outcomes. Roth
et al.25 state in a recent review of the literature on social
media and employee selection, ‘‘Organizational prac-
tice has greatly outpaced the scientific study of social
media assessments.’’ In an experimental study,26 partic-
ipants rated candidates with family- or professional-
oriented Facebook profiles higher than candidates
with alcohol-oriented profiles. In addition, participants
offered an average of $2400 more to candidates who
exhibited a professional online presence. Our study ex-
tends this prior research by utilizing observational data
obtained by tracking the recruiting activities, social
media content, and scholarship offers of college foot-
ball recruits in the class of 2016.

Social media and athletics
Previous studies suggest that college athletes may ap-
proach social media differently than their nonathlete
peers. A survey27 of 202 student-athletes and 419 non-
athletes finds that, while athletes do not spend signifi-
cantly more time on Facebook, they do tend to have
more friends. Browning and Sanderson28 perform

qualitative interviews with student-athletes, finding
that keeping in contact, communicating with followers,
and accessing information were the primary motiva-
tions for using Twitter. The authors touch briefly on
the role of social media during recruitment, with one
athlete recounting criticism by fans disappointed in
his college choice. Our study is the first to quantify
the prevalence of different impression management
strategies in college recruits’ social media profiles,
and represents a significant addition to the literature
on self-presentation in sports.

Studies of social media usage by professional athletes
have investigated the types of impression management
used across different sports29,30 and differences by gen-
der.31 Professional athletes’ social media content has
previously been linked to fan attitudes.31,32 Jin and
Phua33 conduct two experiments investigating the ef-
fects of a celebrity’s number of Twitter followers and
behavior on consumer influence. The authors find
that prosocial behavior (e.g., philanthropy) is positively
related to perceptions of credibility and attractiveness,
and that this effect is intensified by increasing numbers
of followers. Quantifying the return-on-investment of
athlete endorsements, sports marketing firm Navigate
Research34 states that fans are 164% more likely to pur-
chase a product if an athlete they follow endorses it on
social media. Chung et al.35 focus on the case of golfer
Tiger Woods and Nike, finding that the company’s
decade-long relationship with Woods was associated
with an increased share of the golf ball market, from
1.59% in 2000 to 10% in 2010. While the authors esti-
mate that Nike’s decision to publicly stand by the golfer
after a 2009 adultery scandal led to losses of $1.5 million
in profit and 136,000 individual sales, they conclude that
the sponsorship was overwhelmingly beneficial for the
brand. Pegoraro and Jinnah36 discuss several case stud-
ies of the offline impacts of athletes’ social media usage,
including the case of former professional football player
Larry Johnson, who was fired by his team in 2009 after a
barrage of critical and offensive tweets aimed at the
team’s coach. Our study extends this previous research
by concentrating specifically on the relationship between
an athlete’s online behavior and offline recruitment
prospects.

Modeling and predicting recruiting outcomes
Previous works have utilized Twitter data to predict
college football commitments37 and decommitments,38

but focus on social network data as opposed to tweets.
Although Pitts and Rezek39 do not use social media
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data, they analyze football recruiting data to create a
model of the offer process and conclude that the phys-
ical attributes of a player are the most significant pre-
dictors of the number of scholarship offers. In
contrast to Pitts and Rezek,39 who study the relation-
ship between demographic characteristics and the
total number of offers at the end of recruitment, our
work models the number of new offers received during
junior year of high school based on the athlete’s per-
sonal characteristics, recruiting activities, and Twitter
content to-date.

Methods
We begin by identifying instances of self-promotion
and ingratiation in the Twitter accounts of college foot-
ball recruits. We use this information on athletes’ im-
pression management activities, in addition to data
about each athlete’s personal characteristics and recruit-
ing activities before the start of junior year of high
school, to build a statistical model explaining the num-
ber of offers received over the next year.

Data
This study utilizes data on the recruiting activities and
Twitter content of college football recruits. The data
sources selected offer both depth—tracking each ath-
lete’s online and offline behavior over the course of sev-
eral months—and breadth—capturing information
about all of the athletes in the recruiting market.

In August 2015, we obtained recruiting profiles for
2644 athletes in the class of 2016 from the sports media
website 247Sports.com.40 For each athlete, the site lists
basic information (e.g., height, weight, hometown, posi-
tion, and rating) and time lines of recruiting events (e.g.,
scholarship offers, visits, and commitments). We scraped
these data using the Selenium package for Python,41 and
the profiles were visited again in March 2016 to retrieve
final recruiting events and commitments.

In addition to providing a comprehensive source of
college football recruiting data, 247Sports.com was
selected because many of its pages contain links to
athletes’ Twitter profiles (1629 of the 2644 athlete pages
had Twitter IDs embedded). We conducted manual
search to locate missing Twitter IDs yielding 700 ad-
ditional IDs. In total, 2329 athletes (88.1%) in the data
set were linked to public Twitter accounts, 160 (6.1%)
had protected accounts, and 155 (5.9%) had no Twitter
presence. We also gathered 764 Twitter IDs for Divi-
sion I coaches and 2397 IDs for current college football
players from 247Sports.

Detailed Twitter information for the athletes with
public accounts was collected using the Twitter REST
API42 and the Tweepy package for Python.43 In Septem-
ber 2015, we gathered profile information, friend and
follower lists, and tweets (up to 3200 historical tweets
for each athlete). Updated friend and follower lists and
new tweets were collected monthly between October
2015 and March 2016. This resulted in a data set of
more than 5.5 million tweets, detailed in Table 1.

The full tweet data set includes both original tweets and
retweets, reposting tweets by other users. Retweets repre-
sent 47.1% of all tweets in our data set, a slightly higher pro-
portion than has been observed among general Twitter
users.44 Retweets from college coaches, current college
football players, or other recruits in the class of 2016 com-
prise 7.4% of athletes’ retweets. Replies, tweets directed at
other users or in response to other users’ tweets, consti-
tuted 24.0% of all tweets. This proportion is also higher
than 15.3% for the general population.44 Athletes directed
9.0% of their replies at coaches, college football athletes, or
other recruits in the class of 2016. Mentions, references to
other users, were extremely common, occurring in 67.6%
of all tweets. This was much higher than the 22.3% men-
tion rate observed among general Twitter users.44 Men-
tions of coaches, college football players, or class of
2016 recruits represent 27.5% of the mentions in the
data set. There were 627,789 self-mentions, defined as
tweets or retweets that mention the athletes themselves.
Self-mentions occur most often in a situation where ath-
letes retweet someone else who has mentioned them in
the original tweet. Overall, these results indicate that foot-
ball recruits tend to engage in more interpersonal interac-
tions on Twitter than the general user population.
However, the low proportions of interactions with college
coaches, current players, and other recruits in the class of
2016 suggest that, on average, athletes’ use of Twitter is
primarily personal in nature, rather than focused on
recruitment.

Tweets may also contain additional entities, includ-
ing hashtags, URLs, and media. Hashtags, a word or

Table 1. Overview of tweet data set

Category Count

Retweets 2,615,108
Replies 1,332,622
Mentions 3,751,757
Hashtags 734,213
URLs 751,650
Media 983,759
Total 5,547,230

6 BIGSBY ET AL.

D
ow

nl
oa

de
d 

by
 U

N
IV

E
R

SI
T

Y
 O

F 
IO

W
A

 L
IB

R
A

R
IE

S 
fr

om
 w

w
w

.li
eb

er
tp

ub
.c

om
 a

t 0
4/

03
/1

9.
 F

or
 p

er
so

na
l u

se
 o

nl
y.

 

http://247Sports.com
http://247Sports.com


phrase used to denote a tweet topic, exist in 13.2% of
tweets. Hashtags were cross-referenced with a hand-
curated dictionary to determine whether they were
relevant to college football. Approximately 7.3% of
hashtags referenced football topics. URLs exist in
13.6% of tweets in the data set, 11.8% of which linked
to recruiting or sports media websites (e.g., Hudl, Rivals,
or ESPN). Further analyzing the sports-related URLs, we
were able to determine whether each URL referred to the
posting user or another athlete or team. Self-referencing
URLs constituted 46.5% of all sports URLs, while 53.5%
referenced others. While we did not analyze the content
of media (images, GIFs, videos, etc.), 17.7% of athletes’
tweets contained media.

Defining impression management
We base our definitions of impression management in
athletes’ tweets on the Jones and Pittman17 taxonomy.
Although the authors describe five categories of self-
presentation, we focus on self-promotion and ingratia-
tion, as they occur most frequently in recruits’ social
media and have been clearly linked to recruiting suc-
cess in the HR domain.18 In this study, we do not con-
sider exemplification (a strategy intended to project
‘‘moral worthiness’’ through good acts), intimidation
(aggressive behavior meant to evoke fear), and suppli-
cation (showing respect for another party by portraying
oneself as weak or dependent).

Individuals who engage in self-promotion are
attempting to enhance perceptions of competence.17

For college football recruits, self-promotion on Twitter
is likely to take the form of posting tweets publicizing
their athletic ability and recruitment activities. Athletes
commonly post links to their highlights on Hudl—an
online athletic video service—or tweet at coaches to
gain their attention. For example, 2-star recruit JaV-
aughn Craig posted a tweet directed at a Duke assistant
coach, ‘‘@JeffFaris Hey Coach, can you follow back
please. Thanks.’’

Ingratiation is intended to produce the ‘‘attribution of
likability,’’17 and often takes the form of compliments or
opinion conformity. Ingratiation may be intended for a
broad audience or targeted to appeal to a specific person.
In the context of college football recruiting, ingratiation
is likely to take the form of mentioning coaches, current
college players, and other recruits or positive tweets
about other athletes and teams. Khris Pam, a 3-star re-
cruit, tweeted his congratulations to another class of
2016 recruit from his home state of South Carolina,
‘‘@ShaedonMeadors Glad Y’all Beat Them Boys Bro.’’

Our study assumes that impression management
strategies are nonexclusive, that is, a tweet may be simul-
taneously self-promoting and ingratiating. For example,
Bryce Huff, a 2-star recruit, tweeted ‘‘I’m blessed to say
that I’ve received an offer from Troy University!’’ This
tweet could be interpreted as self-promotion, with
Huff publicizing his recruiting success, or as ingratiating,
intended to compliment Troy University by expressing
his appreciation at being recruited by the program.
Our approach intends to reflect the complexity of online
self-presentation, in contrast to previous analyses of so-
cial media in employment screening26 that placed social
media profiles into narrowly defined, discrete categories.

As almost half of all tweets posted on athletes’ time
line were retweets, we consider both original content
and retweets in our definitions of self-promotion and in-
gratiation. Michael Boykin, a 3-star recruit, reposted a
tweet by another user promoting Boykin’s own recruit-
ing success and containing a mention of his Twitter ID,
‘‘#Cincinnati offers 2016 Stud DL Mike Boykin (Carrol-
ton HS, GA) @mikebfeb_13 @VarsityPreps @SouthRe-
cruit1.’’ While Boykin was not the original author of
the tweet, posting it on his time line was a clear attempt
at self-promotion. Mass media reports indicate that
coaches pay as much attention to retweets as likes and
follows,1 a sentiment echoed by a coach responding to
the Cornerstone Reputation survey,11 ‘‘Certainly the
company they keep or allow to follow and post on
their walls/pages can have a negative or positive effect
accordingly, as well. That is almost as important as the
original posts the potential student-athlete makes.’’

Classifying impression management from tweets
We construct two separate supervised classifiers to
learn the features associated with self-promotion and
ingratiation. We randomly selected 7000 tweets (both
original and retweets) and manually labeled them as
self-promotion, ingratiation, both, or neither. A second
annotator independently labeled 100 tweets so that the
robustness of the class definitions could be verified. For
self-promotion, the annotators initially agreed on 83%
of examples, yielding a Cohen’s kappa coefficient45 of
0.82. After discussion, four discrepancies were resolved
in favor of the first annotator, resulting in 87% agree-
ment. For ingratiation, the annotators initially agreed
on 87% of examples (j = 0.87). After discussion, three
discrepancies were resolved in favor of the first annota-
tor, resulting in 90% agreement. Because of the high
level of consensus, it was determined that the first an-
notator’s labels could be used. Table 2 displays the
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number of manually labeled tweets belonging to each
class. Self-promotion and ingratiation constituted
19.7% and 12.2% of the manually labeled tweets, re-
spectively, with an additional 2.2% labeled as both
self-promoting and ingratiating.

When constructing our tweet classifiers, we consid-
ered features representing both the structure (retweets,
mentions, etc.) and the content of athletes’ tweets
(Table 3). The text of each tweet was preprocessed
using the NLTK package for Python.46 We removed
non-ASCII characters (e.g., symbols, emojis), standard
English stopwords (e.g., a, the, that), and the 0.1%
most- and least-common words. Because hashtags
were analyzed separately to determine their relevance

to college football, they were also removed. In addition,
entities (e.g., mentions, URLs) were replaced with rep-
resentative tokens (e.g., ‘‘CoachMention’’). For exam-
ple, the mention and URL in Austin McCall’s tweet
‘‘I’ve picked Clemson to be my @drpepper #onefinal-
team https://t.co/dluv6atkjg’’ were replaced to yield
‘‘I’ve picked Clemson to be my OtherMention Other-
Hashtag.’’ We utilized a simple bag-of-words model47

to represent the tweet text, where each document is
transformed into a k-vector containing the number of
occurrences of each word, where k is the number of
unique words in the corpus. Athletes’ tweets were con-
structed out of *750 unique words. We used stem-
ming,47 a rule-based process that removes English
suffixes (e.g., -es, -ment, -ly) to decompose words to
their base forms, to reduce the size and sparsity of
the feature space. Applying a Porter stemmer reduced
the number of unique words to *720.

We construct the classifiers using the scikit-learn
package for Python.48 As different classification meth-
ods are suited to different types of problems, we per-
form a preliminary test of several methods: logistic
regression, decision tree, naive Bayes, support vector
machines (SVM), artificial neural networks (ANN),
and random forest. We use a grid search to select the
appropriate parameters, listed below:

� Logistic regression: No regularization penalty was
applied.
� Decision tree: Entropy was selected as the split cri-

terion for the decision nodes. To prevent overfit-
ting, the maximum tree depth was set to 50 levels.
� Naive Bayes: An additive smoothing factor of 0.25

was used to avoid the issue of zero estimates for
unknown terms.
� SVM: We implemented a linear kernel function

with a penalty weight of 1.
� ANN: The rectified linear unit function was se-

lected as the transfer function between 20 layers,
with the Adam algorithm for weight optimization.
� Random forest: The ensemble size was set to

100 trees, each using the Gini coefficient for split
criterion.

We use the Monte Carlo cross-validation to assess
classifier performance. Over 100 independent trials,
the full set of 7000 labeled tweets was randomly split
into equal-sized training and testing subsets. We over-
sample the training set by randomly selecting and copy-
ing positive instances until it contains 50% positive
instances. Then, we train each classification method on

Table 2. Manually labeled tweet data

Class Description Count

Self-promotion Tweet or retweet that promotes the
athlete’s recruiting success or athletic
ability

1382

Ingratiation Tweet promoting or praising another
athlete, coach, team, or school

852

Both Tweet or retweet that contains both self-
promotion and ingratiation

153

Neither Tweet or retweet that contains neither self-
promotion nor ingratiation

4613

Total 7000

Table 3. Features of tweet classifiers

Type Feature Description

Structural Retweet 1 if tweet is retweet or quote,
0 otherwise

Coach retweet 1 if tweet is retweet/quote of coach,
0 otherwise

College retweet 1 if tweet is retweet/quote of college
player, 0 otherwise

Recruit retweet 1 if tweet is retweet/quote of recruit
Reply 1 if tweet is reply, 0 otherwise
Coach reply 1 if tweet is reply to coach, 0 otherwise
College reply 1 if tweet is reply to college player,

0 otherwise
Recruit reply 1 if tweet is reply to recruit, 0 otherwise
Mention 1 if tweet contains mention,

0 otherwise
Coach mentions No. of coach mentions
College mentions No. of college player mentions
Recruit mentions No. of recruit mentions
Self-mention 1 if tweet mentions athlete, 0 otherwise

Content Sports hashtags No. of hashtags referencing college
football

URL 1 if tweet contains URL, 0 otherwise
Self-URLs No. of football-related URLs about

athlete
Other URLs No. of football-related URLs about

others
Media 1 if tweet contains media, 0 otherwise

Text Words Bag-of-words representation of tweet
text
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the oversampled data, with consideration of the same set
of features (Table 3), and evaluate on the unaltered test-
ing set. We measure the performance of each classifier
using standard metrics: accuracy (proportion of cor-
rectly predicted instances), precision (ratio of true posi-
tives to predicted positive instances), recall (ratio of true
positives to actual positive instances), F1 score (har-
monic mean of precision and recall), and area under
the receiver operating characteristic curve (AUC), mea-
suring the probability of ranking a randomly chosen
positive instance higher than a randomly chosen nega-
tive instance.

Modeling factors associated with offers

Scope of analysis. The task of creating an explanatory
model of scholarship offers is complicated by the fact
that offers are made over a long period of time.
Although coaches cannot begin directly contacting ath-
letes until the start of their junior year,12 it is not un-
precedented to make scholarship offers (sent to the
athlete’s high school coach or school) as early as fresh-
man and sophomore year. Coaches’ decision-making
processes are almost certainly different when choosing
whether to extend an offer to a freshman versus a se-

nior, especially considering the quantity and quality
of information available in each case. Figure 1 displays
the total number of scholarship offers received each
month by athletes in the class of 2016. Seventy-eight
percent of all scholarship offers were received during
junior year of high school and following summer,
and we elect to narrow our analysis to this period (Sep-
tember 1, 2014, to August 1, 2015).

The scope of our analysis is also limited by the
amount of historical tweets available for each athlete.
The Twitter API42 allows retrieval of up to 3200 histor-
ical tweets for each user. Because account age and tweet
frequency vary by individual, this figure covers differ-
ent windows of time for each athlete. Measured as of
the start of senior year (September 1, 2015), account
ages for recruits with public Twitter accounts ranged
from 6 days to 6.5 years (both mean and median ac-
count ages were *2.5 years). Figure 2 displays the dis-
tribution of account ages for athletes in the class of
2016.

Athletes in the class of 2016 tweeted 130 times per
month on average, although the distribution of Twitter ac-
tivity is highly skewed. Measured as of September 1, 2015,
athletes with public Twitter accounts posted between 0 and
1800 tweets per month, with a median of 66 (Fig. 3).

FIG. 1. Total scholarship offers received by month.
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We were able to retrieve all historical tweets for
72.1% of athletes with public Twitter accounts and
more than half of historical tweets for 85.9%. Figure 4
shows how the historical range of our data aligns with
the college football recruiting time line. We possess one
or more months of historical tweets posted before the
beginning of junior year for 73.3% of athletes with pub-
lic Twitter accounts. By restricting the scope of our
analysis to junior year, we focus on the time period
when most offers are occurring and ensure fairly con-
sistent coverage of individual athletes’ previous Twitter
activities.

Statistical modeling. We create a set of instances, in-
cluding all athletes with historical tweets available as of
September 1, 2014, as well as those who do not possess
a Twitter account or have protected accounts. This
leaves 1792 athletes who received 7261 offers during ju-
nior year of high school (Fig. 5).

Because our outcome—the number of new offers re-
ceived during junior year—is a count variable that ex-

hibits overdispersion (l = 4:05, r = 21:81), we utilize
negative binomial regression implemented in R.49 We
create an instance for each athlete with independent
variables tracking the personal characteristics, recruit-
ing activities, and social media impression manage-
ment up to the beginning of junior year of high
school (Table 4).

We build a series of models to investigate the rela-
tionship between impression management and schol-
arship offers. The baseline (Model 0) models the
number of new offers as a function of the athlete’s de-
mographic characteristics and recruiting activities up
to the start of junior year. Model 1 considers the effect
of Twitter engagement on the number of offers, regard-
less of the content of the athlete’s tweets. Because Twit-
ter activity varies widely by individual—12.5% of
athletes posted 0 public tweets during their junior
year, while 11.7% averaged 300 or more per month—
we create a categorical variable grouping the athletes
with public Twitter accounts by average number of
tweets per month (measured as of September 1,

FIG. 2. Distribution of Twitter account age.
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2014). We assigned labels of low, medium, high, or very
high activity approximately by quartiles. Both athletes
with protected accounts and those who do not possess
a Twitter account are assumed to have 0 tweets per
month. To preserve the distinction between these two
groups and athletes who rarely tweet, we also include
levels representing account status (none, protected).
Model 2 incorporates the proportion of tweets posted
by the athlete up to the beginning of junior year that
were labeled as self-promotion, and Model 3 considers
the proportion of ingratiating tweets. Both athletes
with protected accounts and those who do not possess
a Twitter account are assumed to have 0 tweets per
month and post no self-promoting or ingratiating
tweets. We also create a combined model (Model 4),
which includes all of the features of the previous models.

We also investigate whether these factors have dif-
ferent impacts on athletes of varying ability levels, as
measured by star rating. Ratings of 2, 3, 4, or 5 stars
are assigned by major recruiting websites as an estimate

of a recruit’s ability and potential. There are no 1-star
recruits, although some athletes do not receive enough
recruiting attention to earn a rating, and we treat these
instances as a 0-star rating. Although it is an imperfect
proxy for an athlete’s latent talent, it is a measure that is
readily observable and positions each individual on the
same scale. An ANOVA shows that the number of of-
fers varies significantly by star rating (p<2 · 10� 16). A
post hoc Tukey HSD test50 confirms that there is no sig-
nificant difference between 0- and 2-star recruits
(p = 0:2965), but that both earn significantly fewer of-
fers than their higher rated peers. Similarly, athletes
with 4 or 5 stars earn significantly more offers than
lower rated athletes, but the difference between them
was only marginally significant (p = 0:0817). We divide
the full set of athletes into ‘‘low-rated’’ recruits with 0 or
2 stars (n = 528), ‘‘midrated’’ recruits with 3 stars
(n = 1035), and ‘‘high-rated’’ recruits with 4 or 5 stars
(n = 229) and compare the results of applying the full
model to each group.

FIG. 3. Distribution of average Twitter statuses per month.
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Results
The goals of this study are to document the type of
online impression management strategies used by ath-
letes during recruitment and examine their relationship
with offline recruiting outcomes. The following subsec-
tions report the results of tweet classification and the
fitted negative binomial regressions modeling the num-
ber of offers received during junior year.

Tweet classification
As a preliminary test, we evaluated six different classi-
fication methods on the task of identifying self-
promoting and ingratiating tweets. Table 5 displays
the comparative performance of each classifier, aver-
aged over 100 trials using different training/testing par-
titions. Standard deviations are shown in italics next to
each column.

These results indicate that logistic regression has the best
overall performance for identifying self-promotion, achiev-
ing the highest AUC and F1 scores. T-tests demonstrate
that these differences are significant. The logistic classifier

has a significantly higher AUC (p<2:2 · 10� 16 for deci-
sion tree, SVM, ANN, and random forest, p = 0:02771 for
naive Bayes) and F1 score (p<2:2 · 10� 16 for decision
tree, naive Bayes, SVM, and ANN, p = 1:54 · 10� 9 for
random forest) than all of the other methods. In addition,
it has the second-highest scores for accuracy and recall,
and the third-highest precision.

The logistic classifier also achieves the best overall per-
formance for identifying ingratiation. It has significantly
higher AUC (p<2:2 · 10� 16 for decision tree, ANN,
and random forest, p<3:16 · 10� 13 for naive Bayes,
p = 0:0003 for SVM) and F1 scores (p<2:2 · 10� 16 for
decision tree, naive Bayes, ANN, and random forest,
p<9:58 · 10� 9 for SVM) than all of the other methods.
In addition, it earns the highest recall score, significantly
outperforming the decision tree (p<2:2 · 10� 16), SVM
(p = 0:08), ANN (p<2:2 · 10� 16), and random forest
classifiers (p<2:2 · 10� 16). Logistic regression has the
second-highest accuracy and third-highest precision. We
note that all five classification methods achieve lower
AUC, precision, recall, and F1 scores when attempting

FIG. 4. Coverage of historical tweets.
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to identify ingratiating tweets, possibly due to the
lower prevalence of ingratiation in the labeled train-
ing data.

Due to its consistently good performance on both
tests, we utilize logistic regression to identify occur-

rences of self-promotion and ingratiation in the full
set of 5.5 million tweets. After applying the trained
logistic classifiers to all tweets, 1,065,735 (19.2%) are
classified as self-promotion and 772,099 (13.9%) as
ingratiation. These figures are consistent with the

FIG. 5. Distribution of new offers.

Table 4. Offer regression independent variables

Type Variable Description

Personal Star Recruit star rating (0, 2, 3, 4, 5)
Height Height (inches)
Weight Weight (pounds)
BMI Body mass index
Position Recruit position (ATH, DB, DL, LB, OB, QB, RB, ST)
Region U.S. census region of recruit (MW, NE, S, W)

Recruiting Updates No. of news updates on 247Sports.com to-date
Camps No. of college camps attended to-date
Unofficial No. of unofficial visits to-date
Coach No. of coach visits to-date
Offers No. of offers received to-date
FBS Proportion of offers to-date from Division I, FBS schools
Verbal 1 if athlete is currently committed, 0 otherwise

Impression
management

Activity Level of Twitter activity based on account status (none, protected) or average monthly
tweets to-date (low = 1–20, mid = 21–60, high = 61–160, highest = 160+)

Self-promotion Proportion of self-promoting tweets posted to-date
Ingratiation Proportion of ingratiating tweets posted to-date

FBS, Football Bowl Subdivision.
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proportions of self-promoting and ingratiating tweets
observed in the labeled training data, 21.9% and
14.4%, respectively.

Regression models of new offers
To estimate the relationship between the athlete’s per-
sonal characteristics, recruiting activities, and Twitter
content before the start of junior year and the number
of new offers received during junior year, we con-
structed five negative binomial regression models.
Table 6 lists the regression coefficients, significance,
pseudo-R-squared,51 and mean squared error (MSE)
for each of the models. Note that the coefficients
shown represent the additive effect of each feature on
the log of the number of offers. We interpret the mul-
tiplicative effect of each feature on the number of offers
by applying the exponential function (ex).

Examining Model 0, star rating has a positive and
significant effect. In comparison with athletes with 0
stars, the number of offers increases 85%, 361%,
956%, and 1225% for 2-, 3-, 4-, and 5-star recruits, re-
spectively. Region also has a significant effect. Com-
pared with their peers from the Midwest, the number
of offers increases 16.3% for athletes from the South
and decreases 46.3% for athletes from the West. In
terms of playing position, special teams (kickers and
punters) receive 58.5% fewer offers than general-
purpose athletes. Attending training camps where the
athlete can gain the attention of college coaches is asso-
ciated with receiving additional offers, 3.6% for each
camp, although the significance of this effect is not sig-
nificant in subsequent models. The effects of other
recruiting events (unofficial visits and coach visits)
are not significant. The number and quality of offers re-

ceived by the athlete before the start of junior year are
also significant. For each current offer, the number of
offers received during junior year increases 10.7%.
Interestingly, attracting early attention from higher di-
vision programs is associated with decreased recruiting
success during junior year. The number of new offers
decreases 2.7% for each 1% increase in proportion of
total offers from Football Bowl Subdivision (FBS)
teams. Intuitively, having a current verbal commitment
is associated with a 29.8% decrease in number of new
offers compared with uncommitted athletes.

Model 1 focuses on the effect of Twitter account sta-
tus and average activity level on the number of offers re-
ceived during junior year. Compared with athletes
without a Twitter account, a protected account is associ-
ated with a 118% increase in the number of new offers.
Low activity—averaging 1–20 tweets per month—is
associated with receiving 154% more offers. Relative
to athletes without Twitter, the number of offers
increased 179%, 158%, and 149% for athletes demon-
strating mid (21–60 tweets on average), high (61–160
tweets), and very high activity (>160 tweets), respec-
tively. All of the Twitter activity features are highly
significant.

Model 2 incorporates data about the athlete’s
online self-promotion efforts. The proportion of self-
promoting tweets—calculated as the number of self-
promoting tweets to-date divided by total tweets
to-date—is highly significant. Each 1% increase in
self-promotion increases the number of offers by 1%.

Model 3 considers the impact of ingratiating behav-
ior. Each 1% increase in proportion of ingratiating
tweets posted to-date increases the log number of offers
received by 1.6%.

Table 5. Tweet classifier testing results

Method

Accuracy AUC Precision Recall F1

Mean SD Mean SD Mean SD Mean SD Mean SD

Self-promotion LOG 0.866 0.005 0.792 0.007 0.711 0.017 0.660 0.014 0.684 0.010
DT 0.859 0.006 0.762 0.011 0.719 0.023 0.588 0.024 0.647 0.017
NB 0.844 0.005 0.790 0.007 0.630 0.015 0.695 0.015 0.661 0.010
SVM 0.858 0.006 0.783 0.007 0.687 0.019 0.649 0.015 0.667 0.011
ANN 0.847 0.008 0.761 0.012 0.665 0.028 0.610 0.028 0.635 0.016
RF 0.873 0.006 0.774 0.010 0.773 0.030 0.598 0.025 0.673 0.014

Ingratiation LOG 0.876 0.005 0.743 0.012 0.570 0.021 0.557 0.025 0.563 0.017
DT 0.872 0.006 0.690 0.013 0.572 0.031 0.435 0.031 0.493 0.021
NB 0.858 0.006 0.731 0.010 0.502 0.021 0.554 0.021 0.527 0.016
SVM 0.871 0.005 0.737 0.011 0.548 0.022 0.551 0.024 0.549 0.017
ANN 0.870 0.006 0.706 0.012 0.554 0.030 0.476 0.028 0.511 0.018
RF 0.884 0.005 0.693 0.013 0.646 0.034 0.425 0.030 0.511 0.021

ANN, artificial neural networks; AUC, area under the receiver operating characteristic curve; DT, decision tree; LOG, logistic regression; NB, naive
Bayes; RF, random forest; SD, standard deviation; SVM, support vector machines.
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Model 4 includes all of the features tested in the pre-
vious models. Overall Twitter activity remains highly
significant, and increasing levels of engagement are as-
sociated with receiving 109%–143% more offers during
junior year. In comparison with recruits with no Twit-
ter account, a protected account is associated with an
increase of 118%. Interestingly, self-promotion is not
a significant predictor in the final model, although its
coefficient shows the expected sign. We find that
each 1% increase in proportion of ingratiating tweets
to-date is associated with a 0.9% increase in number
of new offers.

We also compare the models based on measures of
fit. First, we consider pseudo-R-squared.51 All of the
models incorporating social media data achieve higher
values than the baseline containing only recruiting
data. Merely considering the effect of Twitter account
status and activity level (Model 1) achieves a 10% in-
crease in pseudo-R-squared over the baseline. The
self-promotion model (Model 2) has a slightly lower

pseudo-R-squared value than the ingratiation model
(Model 3), indicating that ingratiation explains more
of the variation in number of offers than self-
promotion. Ultimately, the combined model, including
all of the recruiting and social media features, achieves
the highest pseudo-R-squared and lowest MSE. The
distinguishability and goodness of fit of the three mod-
els are also compared using a Vuong test.52 This test
calculates whether models equally approximate the
true data generating process, against the alternative
that one model is closer. All of the models incorporat-
ing Twitter data significantly improve the fit of the
model (p = 8:68 · 10� 8 for Model 1, p = 0:001 for
Model 2, p = 0:0005 for Model 3, and p = 8:95 · 10� 9

for Model 4). Comparing Model 0 with Models 1 and
2, the Vuong test determines that Model 1 is closer
(p = 0:001 for Model 2 and p = 0:0017 for Model 3),
indicating that adding data about the athlete’s over-
all Twitter activity level contributes more to the fit
of the model than adding either of the impression

Table 6. Offer regression results

Type Feature Model 0 Model 1 Model 2 Model 3 Model 4

Personal characteristics Intercept 1.0643 0.2202 �0.8879 0.0195 �0.6867
2 Stars 0.6171*** 0.5555*** 0.5915*** 0.6050*** 0.5495***
3 Stars 1.5286*** 1.4360*** 1.4958*** 1.5070*** 1.4265***
4 Stars 2.3570*** 2.2340*** 2.3145*** 2.3350*** 2.2206***
5 Stars 2.5842*** 2.4310*** 2.5803*** 2.6293*** 2.4429***
Height �0.0146 �0.0142 0.0114 �0.0011 �0.0011
Weight 0.0103 0.0102 0.0055 0.0081 0.0080
BMI �0.0801 �0.0808 �0.0446 �0.0657 �0.0654
NE �0.1050 �0.0713 �0.0869 �0.0959 �0.0750
S 0.1511* 0.1783** 0.1507* 0.1557** 0.1728**
W �0.6213*** �0.5680*** �0.6270*** �0.6249*** �0.5740***
DB 0.1631 0.1861 0.1617 0.1706 0.1881
DL 0.0649 0.1263 0.0707 0.0743 0.1259
LB 0.0633 0.0853 0.0568 0.0460 0.0781
OB 0.0717 0.0913 0.0540 0.0741 0.0886
OL �0.0507 0.0001 �0.0353 �0.0544 0.0027
QB �0.1372 �0.1543 �0.1771 �0.1735 �0.1722
ST �0.8787** �0.8354** �0.9070** �0.8803** �0.8500**

Recruiting events Updates 0.0508 0.0460 0.0400 0.0375 0.0346
Camps 0.0351� 0.0279 0.0303 0.0279 0.0244
Unofficial �0.0178 �0.0202 �0.0238 �0.0271. �0.0260
Coach �0.0111 �0.0098 �0.0146 �0.0132 �0.0130
Offers 0.1018*** 0.1005*** 0.0955*** 0.0975*** 0.0968***
FBS �0.0276*** �0.0269*** �0.0274*** �0.0275*** �0.0269***
Verbal �0.3543** �0.3670** �0.3766** �0.3671** �0.3898**

Twitter activity Low 0.9310*** 0.7359***
Mid 1.0250*** 0.8875***
High 0.9461*** 0.8214***
Highest 0.9134*** 0.7920***
Protected 0.7770*** 0.7816***

Impression management Self-promotion 0.0099*** 0.0035
Ingratiation 0.0162*** 0.0085**

Pseudo-R-squared 0.3651 0.4025 0.3778 0.3811 0.4092
MSE 14.485 13.850 14.294 14.196 13.604

***p < 0:001, **p < 0:01, *p < 0:05, � p < 0:1.
BMI, body mass index; MSE, mean squared error.
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management features alone. Model 4 significantly out-
performs all of the other models (p = 0:015 for Model 1,
p = 6:61 · 10� 7 for Model 2, and p = 3:79 · 10� 6 for
Model 3), suggesting that a combination of Twitter fea-
tures is a better fit for the data.

Effects of self-presentation by star rating
Table 7 displays the results of applying the self-
promotion and ingratiation models to the star-specific
samples, including regression coefficients, significance,
pseudo-R-squared,51 and MSE.

In contrast to the full set of recruits, attendance at
training camps appears to be most beneficial for low-
rated (0- and 2-star) recruits. Each camp is associated
with a 16.3% increase in the number of new offers re-
ceived during junior year. The number of current offers
is significant for the midrated (3-star) and high-rated
(4- and 5-star) groups, and the proportion of previous
offers from FBS schools is negative and significant
across all of the star-specific samples. Interestingly,
the coefficient representing a current verbal commit-
ment is only significant for 4- and 5-star recruits, asso-
ciated with a 36.2% decrease in the number of new
offers. This is likely explained by the fact that the dis-
tribution of early commitments varies by star rating.
Only 0.004% of low-rated and 2.9% of midrated ath-
letes were committed at the start of junior year. In con-
trast, 14.8% of athletes with 4 or 5 stars were verbally
committed.

The effect of Twitter activity is amplified for low-
rated recruits. In comparison with low-rated recruits
without a Twitter account, a protected account is asso-
ciated with a 259% increase in number of new offers,
and increasing levels of activity are associated with re-
ceiving 116%–187% more offers during junior year.
The effect of self-promotion is also higher for lower
rated recruits, with each 1% increase in proportion of
self-promoting tweets associated with a 1.2% increase
in number of new offers. While the effect of self-
promotion is not significant for the mid- and high-
rated samples, the coefficients show the expected
sign. Interestingly, the effect of ingratiation is not sig-
nificant for any of the star-specific samples, although
its coefficient is consistently positive.

Discussion
This study examines the use of online social media by
college football recruits as a platform to engage in self-
promotion and ingratiation and analyzes the impact of
these strategies on the number of scholarship offers re-

ceived over time. While the role of in-person impres-
sion management in job interviews has been widely
studied, this research is the first to examine impression
management in the context of college football recruit-
ing. Our work has significant implications for college
football recruits and can inform their online communi-
cations during recruitment.

Building supervised classifiers to identify impression
management in 5.5 million tweets posted by athletes in
the class of 2016, we find that athletes tend to post
more self-promoting (19.2%) than ingratiating content
(13.9%). This result is consistent with previous studies
examining impression management in employment in-
terviews,18 supporting our application of theory from
the HR domain to the athletic recruiting context.

We use this labeled tweet data, in addition to recruit-
ing data from 247Sports.com, to perform a statistical
analysis of the relationship between the number of
offers received during junior year of high school and
the athlete’s personal characteristics, recruiting activi-
ties, and Twitter content before the start of junior year.
Focusing on static, demographic features, we find that
star rating is a highly significant predictor of the

Table 7. Star-specific regression

Type Feature Low star Mid star High star

Personal
characteristics

Intercept 0.6769 �6.8652 14.0142
Height �0.0140 0.1004 �0.1653
Weight 0.0036 �0.0060 0.0338
BMI 0.0353 0.0460 �0.2720
NE �0.1591 �0.0763 0.0538
S 0.0926 0.2295** �0.0132
W �0.7068** �0.6654*** �0.2941*
DB 0.0128 0.2616� 0.4053�
DL 0.1182 0.0973 0.3876�
LB �0.0527 0.1172 0.3900�
OB 0.0622 0.0994 0.2194
OL 0.0596 0.0091 0.2085
QB �0.2408 �0.1407 0.1496
ST �0.6150 �1.0137** 0.0000

Recruiting events Updates �0.1873 0.0180 �0.0168
Camps 0.1512** �0.0206 0.0084
Unofficial �0.0187 �0.0086 �0.0123
Coach 0.3925 �0.0251 �0.0031
Offers 0.5088 0.3436*** 0.1042***
FBS �0.0404* �0.0364*** �0.0332***
Verbal 1.1919 �0.1672 �0.4500***

Twitter activity Low 0.7716*** 0.7895*** 0.5733*
Mid 1.0541*** 0.8673*** 0.7475**
High 0.9513*** 0.8197*** 0.6825**
Highest 0.8660*** 0.8269*** 0.7779**
Protected 1.2777*** 0.6422*** 0.7102**

Impression
management

Self-promotion 0.0116* 0.0025 0.0025
Ingratiation 0.0077 0.0056 0.0058

Pseudo-R-squared 0.1792 0.2796 0.6660
MSE 4.3265 15.529 18.374

***p < 0:001, **p < 0:01, *p < 0:05, �p < 0:1.
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number of new offers. In contrast to previous work on
the offer process in college football recruiting,39 the
athlete’s physical features do not have a significant ef-
fect on the number of offers received during junior
year. We find evidence of a regional effect, particularly
among midrated recruits, with athletes from the West
earning fewer offers and athletes from the South gar-
nering significantly more offers than their peers. This
result is partially consistent with Pitts and Rezek’s39

analysis, which found that recruits from Florida and
Texas (both located in the South) receive more schol-
arship offers than those from other states.

While the features representing news updates and
coach visits to-date are not significant, attendance at
training camps is a positive predictor of new scholar-
ship offers in the baseline model. Indeed, such events
function as opportunities for athletes and coaches to
evaluate each other and engage in offline impression
management, similar to a job interview. Recruits have
the chance to show off their athletic skills and coaches
can gauge ‘‘intangible’’ qualities such as attitude and
maturity through interpersonal interactions. Our anal-
ysis suggests that these opportunities are particularly
important for lower rated (0- and 2-star) recruits.
Notably, NCAA regulations12 severely limit coaches’
chances to communicate with freshman and sopho-
more athletes outside of the training camp setting.

We also find that the number of offers received be-
fore the start of junior year has a positive and signifi-
cant effect on new offers received over the next year,
especially for 3-, 4-, and 5-star recruits. Intuitively,
the most valuable recruits are likely to already possess
one or more scholarship offers. However, the propor-
tion of offers from FBS schools is a negative factor
across all recruits in the class of 2016, suggesting that
college teams are reluctant to expend resources recruit-
ing an athlete who already has multiple (possibly supe-
rior) alternatives. Highly rated (4- or 5-star) recruits
who were already verbally committed to a school
were also less likely to receive more new offers than
their similarly rated peers.

Recruits’ usage of social media varied widely; from
those with no Twitter accounts, to posting rarely
(24% of athletes with public accounts posted fewer
than 10 times per month), to posting almost inces-
santly (6% of athletes with public accounts posted
more than 10 times per day). We find that Twitter ac-
count status and activity level (based on average num-
ber of tweets per month) are significant predictors of
the number of new offers earned during junior year.

In general, more Twitter activity is associated with
higher odds of receiving a scholarship offer, but even
a protected (nonpublic) Twitter account represents a
significant advantage. This finding is notable, as it con-
tradicts previous statements by coaches expressing sus-
picion in regard to protected social media accounts. In
the Cornerstone Reputation survey,11 a college coach
states that ‘‘For me, when a recruit has a Twitter or
Instagram account that is private it sends up a red
flag. Anything they post should be visible to coaches
or they shouldn’t be posting it!’’

While we find that posting self-promoting and in-
gratiating content online consistently has a positive ef-
fect on the number of new offers, regression results
suggest that neither strategy is as important as overall
Twitter activity. The features tracking account status
and average activity level explained *4% of the varia-
tion in number of offers, more than self-promotion and
ingratiation combined. Comparing the models focus-
ing on self-promotion and ingratiation, the coefficients
suggest that the latter may have a slightly larger impact
on recruiting success during junior year. In addition,
self-promotion is not significant in the full model
when applied to all recruits. This result is not consistent
with previous studies of impression management in
HR recruiting, where self-focused tactics resulted in
higher interviewer ratings18 and fewer rejections15

than other-focused tactics. The larger effect of ingrati-
ation in our analysis may be related to the ready avail-
ability of physical measurements and performance
statistics on platforms such as 247Sports and Rivals.
Thus, self-promotion efforts would be unlikely to im-
press coaches and offer little new information for
decision-making. It should be noted that we focus on
offline and online events that occur early in the recruit-
ing process—before the start of junior year—a period
when coaches have little direct access to recruits. Ingra-
tiating content can signal intangible factors such as aca-
demic ability or good character that would be difficult
to judge without face-to-face communication. Ninety-
nine percent of coaches surveyed by Cornerstone Repu-
tation11 rated character as important or very important,
and 85% believed that online presence gave a ‘‘better
sense of a recruit’s character and personality.’’

Our results also suggest that the positive effect of so-
cial media activity varies by recruits’ abilities. In com-
parison with the full set of recruits, the effects of
Twitter account status and activity level are higher
for the lower rated sample (0- and 2-star recruits), sug-
gesting that social media may play a bigger role in their
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recruiting success in comparison with their higher
rated peers. Any recruit who has earned a 4- or 5-
star rating is almost certain to attract new offers, re-
gardless of the engagement on Twitter. Social media
is a convenient and wide-reaching medium that of-
fers unheralded athletes with a way to stand out from
the crowd. In contrast to the full set of recruits, self-
promotion appears to yield the most value for
lower rated athletes. Furthermore, the effect of self-
promotion is relatively universal. Posting a Hudl
highlight video on Twitter allows the material to be dis-
seminated to many coaches at once and increases the
chances of garnering multiple offers, while sending
the same video in the mail to a specific college would
only increase the chances of getting an offer from
that college.

We note several limitations of this study. First, the
accuracy of the recruiting data analyzed is dependent
on the source. 247Sports incorporates both user-
supplied and expert data, which we believe makes it
both a comprehensive and up-to-date source of recruit-
ing information. Second, we use data on a single
recruiting class, and results may differ for other recruit-
ing years, especially due to the constantly evolving na-
ture of NCAA rules. Since the period of data collection
for the class of 2016, the NCAA has lifted its ban on
text messaging between college football coaches and re-
cruits.53 While there is no indication that this develop-
ment has resulted in social media taking a smaller role
in the recruiting process, it does represent a change to
the environment that should be investigated in future
work. Furthermroe, starting in 2017, the NCAA estab-
lished an early signing period consisting of 3 days in
December in which athletes can sign a Letter of Intent
rather than waiting until the following February.54

Finally, as this is not an experimental study, no causal-
ity can be inferred from the results. Our findings indi-
cate that, in addition to data available from recruiting
websites such as 247Sports, athletes’ social media con-
tent adds value to explanatory models of the number of
scholarship offers received during junior year. While
our findings suggest that overall Twitter engagement
and impression management are associated with in-
creasing number of offers, we cannot state that these
variables cause offers.

Conclusion
Overall, we find that considering social media data,
specifically account status, activity level, and im-
pression management strategies used by athletes on

Twitter, adds value to an explanatory model of schol-
arship offers and suggests that athletes’ online actions
may have offline consequences. Our regression re-
sults indicate that having any type of online presence
represents a significant benefit to athletes during re-
cruitment.

This work represents a promising step in modeling
and predicting scholarship offers in college football
and provides a framework for using candidates’ online
behaviors to forecast offline recruiting outcomes.
While this study focuses on football, our approach
could easily be applied to other sports and personnel
recruiting. Further investigation into different types
of online self-presentation may prove fruitful, includ-
ing using topic discovery to identify new categories of
expression. It should be noted that our study focuses
on positive self-presentation on social media, and it is
possible that exhibiting bad character traits through
racist, sexist, vulgar, or aggressive content could have
a much larger effect on scholarship offers. Currently,
our analysis is school-neutral, aimed at modeling and
predicting new offers from any college. In application,
athletes may be more interested in the question of
whether they will receive an offer from a specific col-
lege. Focusing on the relationship between targeted
self-presentation strategies and offers (e.g., positive
tweets about Iowa and the likelihood of receiving an
offer from Iowa) is an intriguing extension of this
work. Impression management relates naturally to
questions of person-organization and person-job fit.
Deeper analysis of tweet content, such as estimating
the topical similarity between coach and recruit tweets,
may provide insight into athlete-school fit. Gathering
additional data on athletes’ postrecruitment outcomes
represents another promising angle for future work.
Personnel management and player evaluation are
major drivers of the sports analytics revolution, popu-
larized by works such as Moneyball.55 Linking data
available during the recruitment process about athletes’
personal characteristics, recruiting activities, and social
media to later outcomes (e.g., on-field success, draft
prospects, academic ineligibility, legal issues) would
be a novel extension of this research with the potential
to provide significant benefits to college teams.
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