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ARTICLE INFO ABSTRACT

Keywords: LinkedIn is considered the most effective social network website for job seekers and recruiters. Although Link-
LinkedIn edIn profiles are regularly accessed to evaluate candidates, we know very little about the type of information
Social media conveyed. The aim of this study is to determine if LinkedIn profiles convey accurate information about in-
gfgrsgi;:hty dividuals® personality traits. Drawing from signaling theory, we expect that individuals portray themselves in a

manner that will reflect their personality. To examine this assertion, 607 LinkedIn profiles were coded on 33
indicators. Regression analyses and classification statistics demonstrate that Linkedin profiles contain accurate
signals of personality traits. Potential use and limitations of LinkedIn as a source of accurate information about

Signaling theory

personality are discussed.

1. Introduction

LinkedIn is the largest professional social network with over 690
million users across more than 200 countries and territories worldwide
(LinkedIn, 2020). It allows job seekers and employed individuals to
search for new job opportunities or receive job offers (Johnson & Leo,
2020; LinkedIn Press Center, 2016). Companies use LinkedIn to adver-
tise job offers and communicate about their brand. It is predicted that
LinkedIn might replace paper résumés in a near future (Schwabel, 2011)
and some experts already claim that social media (including LinkedIn)
might offer an alternative to traditional selection methods. Despite its
popularity at work and its potential as a selection tool, little is known
about the capacity of LinkedIn to offer useful information for workplace
decisions.

In this study, we analyze personality using the big five model, which
is the most widely used and accepted model of personality (McCrae &
John, 1992). This model comprises the following personality traits:
openness to experience, conscientiousness, extraversion, agreeableness,
and neuroticism.

We believe that it is of the utmost importance to determine how
LinkedIn might convey accurate information about personality given the
current context of increased mistrust on personality assessment (Vor-
geson et al., 2007). One of the primary reasons LinkedIn users are active
on this platform is to convey information about job experiences and
skills, but LinkedIn might also offer clues about the candidate’s per-
sonality. Personality is considered to be an important construct in
employee selection. Human resource professionals assume personality
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tests to be valid (Furnham, 2008), place more emphasis on selected
personality traits than intelligence during selection (Kausel et al., 2016;
Lievens et al., 2005; Tews et al., 2011), and ask personality-related
questions during selection interviews (Huffcutt et al., 2001). More-
over, personality predicts consequential outcomes for organizations,
such as job performance (Barrick et al., 2001), counterproductive work
behaviors (Berry et al., 2007) and turnover intentions (Spence, 1973;
Zimmerman, 2008).

While extensive studies have examined the association between in-
formation on nonprofessional social media such as Facebook or Twitter
and personality (see Azucar et al., 2018), surprisingly only two studies
have shown that LinkedIn can convey accurate information about per-
sonality (Roulin & Levashina, 2019; Van de Ven et al., 2017). Both
studies found that extraversion could be accurately observed from
LinkedIn profiles. However, we still lack understanding on why in-
dividuals would not signal other personality traits through LinkedIn. In
this study, we extend these prior studies by asserting that individuals do
in fact provide much more information than meets the eye.

1.1. Signaling theory

Signaling theory has its origin in economics and biology (Spence,
1973; Zahavi, 1975) and explains why certain signals are reliable and
others are not (Donath, 2008). Signaling theory offers a promising
theoretical framework to understand individuals’ behavior on LinkedIn.
According to Spence (1973), any signaling system is composed of a
sender, a receiver, and a signal transmitted by the sender to the receiver.
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Signals have the power to transmit information about an unobservable
characteristic of the sender (e.g. intelligence or personality). Signaling
theory is used to describe behavior in a context of cooperation between
two parties with conflicting/competitive goals, such as personnel se-
lection (Bangerter et al., 2012). For instance, in hiring, candidates and
recruiters cooperate to see if there is a good match between the candi-
date and the organization. However, the candidate’s goal is to be
selected, whereas the recruiter’s goal is to select the best candidate.
According to signaling theory, both recruiters and applicants will share
accurate information if this serves their interest. Signals will be accurate
only if they are hard to fake or if they impose a cost on the sender such
that only individuals who really possess the skill or the trait will be able
to bear the cost (Bangerter et al., 2012).

Drawing from this theory in the context of self-presentation on
LinkedIn, we expect individuals to portray themselves accurately only if
it might attract potential recruiters or provide additional evidence of
their capacity and willingness to take specific job responsibilities. The
reason for this would be to impress recruiters and to distinguish them-
selves from other candidates. LinkedIn might then be a vehicle for ac-
curate information. Recruiters might be looking for honest signals from
individuals, which may be of two kinds: costly signals and hard-to-fake
signals. Costly signals imply that applicants have invested a lot of time
and/or resources to demonstrate them. They might, for instance, refer to
the presence of specific extracurricular activities, professional activities,
or degrees. Having graduated from a college with honors might consti-
tute a costly signal of high conscientiousness, as it requires many hours
per week over many years to graduate with high grades. As LinkedIn is a
vehicle for transmitting information about education, professional ex-
periences, precisely costly signals, individuals are likely to send accurate
information about themselves. Hard-to-fake signals are not under
conscious control. For instance, it is difficult to fake a cognitive ability
test. However, it is easy to claim to be intelligent in a job interview
because it is not a hard-to-fake signal. Signals are more likely to be ac-
curate when the cheating cost is high or salient. Because LinkedIn pro-
files can be viewed by current and former colleagues, supervisors, or
friends, it might be disadvantageous for individuals to provide false
information. While candidates can customize their letter of motivation
and CV to the organization where they are applying, it might be
impractical to do so on LinkedIn. It might also be unwise to provide
inaccurate information on LinkedIn because an individuals’ reputation
might suffer if their professional connections realize they are not telling
the truth or stretching the truth.

In addition, signaling theory offers insight into the dynamic ex-
changes between individuals and organizations over time. When an
honest signal is detected by organizations, applicants are likely to adapt
over time and find ways to alter the honest signal. For instance, there is
now accumulating evidence that applicants can fake good results in a
personality test when administered in a selection context (Morgeson
et al., 2007). Each time organizations identify signals that are not hard-
to-fake, applicants will adapt over time by modifying the signals they
send (Bangerter et al., 2012).

1.2. LinkedIn

Most recruiters use LinkedIn to recruit and select candidates (e.g.
Guilfoyle et al., 2016; Hartwell & Campion, 2020) to gather relevant
information about applicants, such as prior work experience, educa-
tional background, technical skills, professionalism, or writing skills
(Hartwell & Campion, 2020). Other research shows that they investigate
candidates’ profiles to assess person-job fit and person-organization fit
(Chiang & Suen, 2015), or more simply to determine how
well-connected candidates are, and to gauge their level of profession-
alism through the way they are dressed (Zide et al., 2014).

Recruiters can form impressions about candidates based on a di-
versity of information available on LinkedIn. This includes information
about job experience, education, extracurricular activities, skills,
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languages, recommendations, courses, or grades. In addition to these
pieces of information that are also available in a candidate’s résumé,
specific information found exclusively on LinkedIn, (e.g. number of
connections, posts, and pictures; a summary; recommendations from
other individuals; influencers followed) can be accessed via this social
network.

Despite the richness of information contained in LinkedIn profiles,
there is a paucity of research examining whether information available
on LinkedIn has convergent validity. Based on signaling theory, we
expect that individuals use their LinkedIn profile to convey information
about their personality. For instance, Roulin and Levashina (2019) have
shown that LinkedIn offers accurate signals for skills, such as leadership,
planning or communication. More specifically on personality, there is
support so far that LinkedIn conveys accurate signals with regard to
extraversion (Roulin & Levashina, 2019; Van de Ven et al., 2017). The
number of connections, the number of endorsements, and the presence
of a profile picture constituted valid signals of extraversion, whereas the
number of words in a profile was a signal of conscientiousness, and the
presence of a summary was a signal of openness. Overall, these two
studies concur that LinkedIn offers many signals of individuals’ extra-
version but very few signals of other personality traits.

1.3. Signals of personality traits on LinkedIn

Drawing from signaling theory, we postulate that individuals have an
interest in signaling their personality traits through the presence of a
variety LinkedIn indicators'. Due to the public nature of information
conveyed on LinkedIn, we posit that these signals provide accurate in-
formation on the personality of LinkedIn users.

1.3.1. Signals of openness to experience

Openness to experience refers to curiosity, intellectual complexity,
unconventional thinking and proneness to fantasy. Individuals who
score high on openness to experience are interested in artistic hobbies
(Wolfradt & Pretz, 2001) and professions that require creativity (Larson
et al.,, 2002). As such, we postulate that individuals scoring high on
openness, are more likely to indicate extracurricular activities related to
art. In addition, people scoring high on openness to experience tend to
personalize their environment to make it distinctive (Gosling et al.,
2002). They might therefore insert background photographs that reflect
their creativity and artistic interests. Furthermore, driven by curiosity,
individuals who score high on openness to experience are interested in
developing new competences such as learning a second language
(Ghonsooly et al., 2012). Consequently, we anticipate they report
mastering more languages than people scoring low on the same trait.
Individuals who score high on openness to experience tend to have more
diverse interests, thus, we expect them to follow more influencers on
LinkedIn. People who score high on the trait of openness to experience
tend to care more about universalism values (Parks-Leduc et al., 2015).
As such, they tend to be more environmentally engaged (Milfont &
Sibley, 2012), and they might be more likely to report activities that
demonstrate this interest. Finally, as LinkedIn users can list their skills,
we hypothesize they are more likely to report skills such as curiosity and
creativity, which are characteristics often associated with individuals
scoring high on openness to experience.

H1: Individuals scoring high on openness to experience signal this
trait by the presence of the following LinkedIn indicators: a) they are
more likely to have an artistic background photograph; b) they list skills
related to curiosity or creativity; c) they report mastering more lan-
guages; d) they are more likely to report artistic extracurricular

1 As suggested by an anonymous reviewer, we would like to emphasize here
that a high score only means the person is more likely to possess the charac-
teristic implied by the label of the trait, and not that a high score is more
valuable than a low score.
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activities; e) they are more likely to report extracurricular activities
related to social responsibility; f) they follow more influencers.

1.3.2. Signals of conscientiousness

Individuals who score high on conscientiousness tend to be orga-
nized, purposeful, achievement-striving and rule-oriented. The
increased efforts and persistence of individuals who score high in
conscientiousness often lead them to be successful in academic contexts
(Poropat, 2009), job contexts (Barrick et al., 2001) and during job search
(Kanfer et al., 2001). Conscientious individuals seem to be better pre-
pared and anticipate the impression they make on others. For this
reason, we expect that they present themselves as more formally dressed
than less conscientious persons. As they are more thorough, they might
put more effort into crafting complete and flawless profiles. Thus, con-
scientious individuals might be inclined to write more, which would
result in them completing more sections on their LinkedIn profile (e.g.
personal summary, descriptions for past work experiences, and list of
courses attended in college). We also expect their LinkedIn profiles to
contain fewer spelling mistakes, which undermine others’ perception of
a person’s level of conscientiousness (e.g. Vignovic & Thompson, 2010).
As a another consequence of putting more effort into the design of their
LinkedIn profile, conscientious individuals might be more likely to
regularly check that their profile is updated. They tend to be more
persevering than their less conscientious counterparts and might ensure
they periodically visit their profile to ensure they have not forgotten to
add recent degrees obtained or recent professional experiences. As
conscientiousness is associated with higher grades (Cole et al., 2009;
Poropat, 2009), we hypothesize that individuals scoring high on
conscientiousness will be more likely to provide information about their
GPA (Grade Point Average) and/or academic awards. Furthermore, as
they tend to set higher goals for themselves, we expect they try to obtain
more certifications. In addition, conscientious individuals often partic-
ipate in extracurricular activities during their studies (Rubin et al.,
2002) or take on additional responsibilities at work (Chiaburu et al.,
2011). For this reason, we expect that they mention more extracurric-
ular activities, such as student ambassadors or class representatives. As
conscientious individuals tend to manage their time more effectively
(Van Eerde, 2003) and possess better organizational skills (Bartram,
2005), we assume time management and organization skills to be listed
more often. Finally, as conscientious individuals tend to perform better
across contexts than less conscientious individuals (Barrick et al., 2001),
and as conscientiousness is considered by many recruiters and managers
to be one of the most important criteria for performance (Scholarios &
Lockyer, 1999; Ohme & Zacher, 2015), we anticipate a greater number
of recommendations received for those who score higher on
conscientiousness.

H2: Individuals scoring high on conscientiousness signal this trait by
the presence of the following LinkedIn indicators: a) their portrait shows
they are formally dressed; b) they completed the summary section; c)
they describe their prior work experiences; d) they have an updated
profile; e) they list the courses they attended in college; f) their profile
contains fewer spelling mistakes; g) they are more likely to report their
GPA, having obtained an academic award or an additional certification;
h) their profile is more likely to contain recommendations from former
supervisors; i) they are more likely to indicate extra-curricular activities;
j) they are more likely to indicate organizational skills in the skills
section of their profile.

1.3.3. Signals of extraversion

Extraversion is positively related to networking (Wolff & Kim, 2012)
and past studies conducted on social media have shown that extraverts
possess more connections than introverts (Gosling et al., 2011). Extra-
verts also interact more frequently with social media and post more
pictures (Gosling et al., 2011). They tend to live more often in city
centers than in the suburbs (Jokela et al., 2015), and tend to be less
interested by environments that are quiet than those that promote social
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connections (Oishi et al., 2015). They might be then more inclined to
signal their extraversion by adding a background picture which portrays
their appreciation toward noisy, crowded, and vibrant environments
that facilitate human interactions As such, we expect them to insert
background pictures with cities or people. Prone to overconfidence
(Schaefer et al., 2004), we expect extraverts to list more skills than in-
troverts. Moreover, at ease in social interactions, they tend to be natural
leaders (Judge et al., 2002), convey charisma (Bono and Judge, 2004)
and be good at presenting information in front of others (Bartram,
2005). For these reasons, we hypothesize that extraverts are more likely
to list leadership, social skills, and public speaking among their skills.
Due to their proactivity and activity level, past research has shown that
people who report experience in leadership and practicing sports might
be more extraverted than those who do not report this kind of infor-
mation (Cole et al., 2009). Due to their need to seek stronger sensory
stimulation (Eysenck et al., 1982), it has been observed that extraverts
might be more likely to participate in physical activities than introverts
(Wilson & Dishman, 2015). Although sports may seem superfluous to a
LinkedIn profile, it is likely that extraverted individuals would report
sports activities as a way to differentiate themselves from other candi-
dates (Roulin & Bangerter, 2013). Finally, we expect extraverts to be
more likely to add pictures to illustrate past work experiences. It might
then be another way for them to signal their level of engagement on
LinkedIn, as they do so on other social network websites (Gosling et al.,
2011).

H3: Individuals scoring high on extraversion signal this trait by the
presence of the following indicators: a) they have more professional
connections; b) they are more likely to include a background photo-
graph representing human interactions; c) they list more skills; d) they
are more likely to list specific skills, such as leadership, social skills, or
public speaking; e) they are more likely to indicate they have partici-
pated in sports activities; f) they are more likely to indicate that they had
taken a leadership role in an extra-curricular activity; g) they are more
likely to insert pictures in their LinkedIn profile.

1.3.4. Signals of agreeableness

People who score high on the trait of agreeableness express prosocial
values such as universalism and benevolence (Parks-Leduc et al., 2015).
They tend to be selfless and believe that it is important to help others.
Extensive studies have documented that agreeableness is the best pre-
dictor of prosocial behavior (e.g., Habashi et al., 2016). Therefore,
people who score high on agreeableness might recommend others’
competences on LinkedIn or list experiences such as volunteering ac-
tivities. Due to their desire to help others (Graziano et al., 2007) and
their ability to support and cooperate with others (Bartram, 2005),
agreeable individuals contribute positively to team efforts (Bell, 2007).
Finally, they are easily satisfied when they work as part of a team
(Peeters et al., 2006), and hence could be more likely to list skills related
to teamwork and collaboration. Due to their good-natured personality, it
has also been shown that agreeable people are more likely to smile than
less agreeable people (Cuperman & Ickes, 2009; Naumann et al., 2009).
We also anticipate they do so on their LinkedIn portrait.

H4: Individuals scoring high on agreeableness tend to signal this trait
by the following indicators: a) they smile more on their portrait; b) they
are more likely to report skills related teamwork; c) they are more likely
to recommend their peers; d) they are more likely to indicate volun-
teering activities and peer tutoring activities.

1.3.5. Signals of neuroticism

Neuroticism is a trait which is difficult to observe accurately at zero-
acquaintance as it is a trait which is mainly affective and thus less visible
(Vazire, 2010; Zillig, Hemenover & Dienstbier, 2002). As such, we have
not identified specific indicators that could indicate neuroticism. In
support of this assertion, studies conducted on other social media have
shown that neuroticism is the second most difficult trait to observe (after
agreeableness; Azucar et al., 2018). We assume however that some
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signals of extraversion (e.g. public speaking and leadership) might also
be related to lower scores on neuroticism. Individuals scoring high on
neuroticism could be less likely to report these skills in their LinkedIn
profile.

1.4. Gender differences and signaling

Research has shown that women tend to score higher on neuroticism
and agreeableness than men, whereas men tend to score higher on
certain facets of extraversion such as assertiveness (for a review, see
Hyde, 2014). In addition, some outcomes are not predicted by the same
traits among men and women. For instance, neuroticism predicts aca-
demic achievement in men but not in women, whereas openness to
experience only predicts academic achievement among female students
(Nguyen et al., 2005). Other studies have shown that a firmer handshake
indicated high openness to experience among women but not among
men (Chaplin et al., 2000), or that conscientiousness was only related to
a neat appearance among men (Naumann et al., 2009). Past studies have
also demonstrated gender differences in the way individuals portray
themselves on LinkedIn (Tifferet & Vilnai-Yavetz, 2018; Zide et al.,
2014). For example, men are more likely than women to receive rec-
ommendations on LinkedIn (Zide et al., 2014) and they are less likely to
smile in their portrait (Tifferet & Vilnai-Yavetz, 2018). Because gender
differences have been reported in the past, we test if LinkedIn indicators
signal personality to the same extent among men and women.

RQ1I: Do men and women signal their personality in the same manner
on LinkedIn?

1.5. Prediction of personality based on LinkedIn

If individuals signal certain personality traits through multiple
LinkedIn indicators, observers might rate these traits accurately. Recent
studies have shown, however, that only extraversion was rated accu-
rately on LinkedIn profiles (Roulin & Levashina, 2019; Van de Ven et al.,
2017). As a consequence, we want to determine if the systematic
consideration of multiple LinkedIn signals offers a viable strategy for
assessing accurately a person’s personality.

In this study, we use classification statistics (Fleiss, 1981) in addition
to regression and correlations analyses, which are more traditionally
used in personality psychology. Whereas correlations and regression
analyses might uncover a positive and significant relationship between
the number of connections and the level of extraversion of an individual,
classification statistics aim at answering a different set of questions. For
example, classification statistics will determine the probability of
accurately classifying a person scoring high or low on extraversion based
on one or more signals.

RQ2: Is it possible to determine personality based on LinkedIn sig-
nals? If so, how accurately?

2. Method
2.1. Participants and procedure

The participants are graduates (N = 607) from a hospitality man-
agement school in Switzerland (60.5% of them are women; Age, M =
24.45; SD = 1.63 with the youngest participant being 22 years old and
the oldest being 35 years old). This sample was chosen for two reasons.
First, most of the people who have studied in this management school
had LinkedIn profiles. Second, there are more than 120 different na-
tionalities represented among the student body, which ensure cultural
diversity. Having participants from different geographic regions ensures
that our conclusions might be more generalizable than data collected
with participants from the same cultural background. We collected data
in two stages. The first stage of data collection ran from September 2013
until June 2015, in which these graduates were still students and
completed a 300-item personality questionnaire as part of an
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Organizational Behavior course requirement. Participants gave their
consent that the collected data could be used as part of a research
project. Participants graduated between June 2016 and June 2017. The
second stage of data collection took place during summer 2018. In spite
of this time lag of three years and some results showing that the per-
sonality of young adults change over a three-year period, the rank-order
consistency of personality remains satisfactory to high (with correla-
tions ranging from r = 0.64 to r = 0.74) over this period of time (Specht
et al.,, 2011). We think our approach was conservative as it might be
more difficult to observe significant correlations between LinkedIn in-
dicators and self-reported personality measured years before LinkedIn
profiles were coded. The LinkedIn profiles of all the graduates were
assessed separately by two co-authors of this study. These researchers
coded all the LinkedIn profiles based on the indicators listed in Table 1.

Since our sample size (N = 607) was constrained by the number of
individuals who had been administered the personality questionnaire,
we conducted a post hoc power analysis. We examined a range of
observed effect and sample sizes for a two-tailed test with alpha set at
0.01 using G*Power 3.1.9.7 (Faul, Erdfelder, Lang, & Buchner, 2007).
Considering effect sizes observed (p = 0.20) by Roulin and Levashina
(2019) between extraversion and LinkedIn indicators, the power of our
study is 0.992 (for men, N = 239, power is 0.71; for women, N = 368,
power is 0.90). However, past studies have shown that extraversion can
be better detected than other personality traits on social media (Azucar
et al., 2018). To detect correlations around p = 0.10, the power in our
study is the following: 0.46 (below the traditional threshold set at 0.80).
This value was derived from Cohen (1988) and Gignac and Szodorai
(2016) who, for different reasons, advocate that correlations at 0.10
represent small effects but with potential practical consequences. We
considered that aiming at detecting correlations below r = 0.10 would
not be of any practical consequence. Finally, we would like to add that
our study has enough power to detect effect sizes/correlations of p =
0.14/r = 0.10 on the full sample (p = 0.21/r = 0.17 on the subsample of
men, p = 0.18/r = 0.13 on the subsample of women).

2.2. Measures

2.2.1. Personality traits

We used the International Personality Item Pool 300-item version of
the NEO-PI facet scales (IPIP NEO-PI, International Personality Item
Pool, n.d) to measure the big five traits and their facets. Participants
used a 5-point scale ranging from 1 (very inaccurate) to 5 (very accu-
rate) to respond to the items. Alpha coefficients for the five traits range
from 0.87 to 0.95, which is in line with values reported in other studies
(Goldberg, 1999; Goldberg et al., 2006). Descriptive statistics and in-
tercorrelations between personality traits can be found in Appendix A.

2.2.2. LinkedIn indicators

Two types of indicators were used in this study (binary and contin-
uous variables)’. Regarding binary variables, we checked whether in-
dicators were present in the profile. For example, we checked if
participants provided information about their academic results or if they
held a leadership role in a college committee. To do this, two coders
rated separately the profiles. When there was disagreement, the two
coders checked simultaneously the profiles and agreed on a common
rating. After discussion, the two coders reached perfect agreement for
the binary variables. Regarding continuous variables, the inter-rater
correlation between the two ratings was computed and was consid-
ered satisfactory in every case (smile, r = 0.80, p < .01; number of
connections, r = 0.99, p < .01; number of skills, r = 0.99 < p < .01;
number of languages, r = 1.00, p < .01; number of influencers, r = 1.00

2 Two other variables have been coded and are available in the dataset. They
are not mentioned in the paper because we found that the theoretical under-
pinning for including them was not as strong as for the other indicators.
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Table 1

Measurement of all the LinkedIn indicators.

Indicators

Measurement

Openness to
experience
Artistic picture

Curiosity

Number of languages

Social responsibility

Artistic activity

Influencers
Conscientiousness
Professional attire

Summary

Experience described

Profile updated

Inattentiveness (R)

Organization

Grade Point Average

Award

Additional

certification

List of courses

Ambassador

Class representative

Recommendation

received

Curiosity

Extraversion

Number of
connections

Human interactions

Number of skills

Social skills

Leadership

Public speaking

1 = a background picture representing a landscape or of
artistic nature is present; 0 = no background picture like
this

1 = The skill “curiosity” (or “creativity, open-mindedness,
innovation”) is listed in the section “Skills and
Endorsements”; 0 = this skill is not listed

Number of languages appearing in the section
“Accomplishments” or “Skills and endorsements™

1 = the person has belonged to a committee devoted to
social responsibility in the school where he/she graduated;
0 = no indication of belonging to such student committee®
1 = the person has belonged to a committee devoted to art
in the school where he/she graduated; 0 = no indication of
belonging to such student committee

Number of influencers followed by the person

1 = person wears a suit jacket; 0 = person does not wear a
suit jacket”

1 = The individual has written more than two sentences in
the summary section; 0 = No summary (or summary of less
than two sentences)”

1 = The individual has at least included one sentence
related to the last professional experience to describe
competences or tasks related to the position; 0 = no
description®

1 = Information appearing in the job title, summary or job
experiences have been updated in the last 6 months; 0 =
information is outdated of more than 6 months.”

1 = there is a spelling mistake appearing on a title, or a
duplicate (e.g. the same experience appearing twice in the
same section); 0 = no duplicate or spelling mistake®

1 = The skill “organization” (or “time management,
conscientiousness™) is listed in the section “Skills and
Endorsements”; 0 = this skill is not listed

1 = the person indicates information about grades
(numerical information, percentile, or graduated with
honors); 0 = no mention of this kind of information

1 = person mentions having received an academic award
(e.g. best thesis award) or won an academic competition; 0
= no mention of this kind of information

1 = the person indicates having attended a summer school
or done an additional certification during bachelor studies;
0 = no mention of this kind of information

1 = the person lists at least six courses attended during
studies; 0 = no mention of the courses (or less than six
courses mentioned)

1 = the person has been an ambassador in the school where
he/she graduated; 0 = no indication of being a student
ambassador in the past

1 = the person has occupied a representative role in in the
school where he/she graduated; 0 = no mention of a
representative role

1 = the person has been recommended by at least one
supervisor or teacher; 0 = the person has not been
recommended yet

1 = The skill “curiosity” (or “creativity, open-mindedness,
innovation™) is listed in the section “Skills and
Endorsements”; 0 = this skill is not listed

Number of connection appearing below the name (0-500)”

1 = a background picture representing people or city is
present; 0 = no background picture like this present
Number of skills that are listed in the section “Skills and
Endorsements”

1 = The skill “social skills” (or “communication, people
skills, emotional intelligence™) is listed in the section
“Skills and Endorsements”; 0 = this skill is not listed

1 = The skill “leadership” is listed in the section “Skills and
Endorsements”; O = this skill is not listed
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Table 1 (continued)

Indicators Measurement

1 = The skill “public speaking” (or “presentation skills”) is
listed in the section “Skills and Endorsements”; 0 = this
skill is not listed

1 = the person mentions having participated in a sport
activity in college; 0 = no mention of a sport activity in
college

1 = the person indicates being president, vice-president or
head (marketing, HR, finance, etc) in a committee; 0 = no
mention of a leadership role.

1 = the person provides additional pictures in the
summary, experience or education section; 0 = no
additional picture

Sport activity

Leadership role

Additional pictures

Agreeableness

Smile The extent to which individuals smile in their portrait was
coded on a 7-point Likert scale (1 = not at all; 7 = a lot).
This scale was inspired by Meier et al. (2010).

Teamwork 1 = The skill “teamwork” (or “groupwork”) is listed in the

section “Skills and Endorsements”; 0 = this skill is not

listed

1 = there is a volunteer activity in the experience section or

in the volunteer experience section, 0 = no indication of

volunteer activity

1 = the person reports having helped other students in

college by providing peer tutoring sessions 0 = no

indication of having delivered peer tutoring sessions

Recommendation 1 = the person has at least recommend once another
given person; 0 = the person has not yet recommended someone

else

Volunteer activities

Peer tutoring

% We only considered the school in which they obtained their bachelor even if
some of them reported participation in student committee in high school. This
choice was motivated by our willingness to identify similar categories between
participants of the study.

4 We decided to rate professional attire in this manner as it would be less
subjective than a Likert scale as used in other studies (e.g. Fernandez, Stosic &
Terrier, 2017). Moreover, as both men and women wear suit jackets in profes-
sional settings, coding this element is appropriate for both genders.

5 We chose two sentences because we observed some individuals listing three
adjectives and we thought it would not represent as much effort as individuals
who wrote a lengthier description.

6 The last professional experience was preferred over the current professional
experience. We considered it would be unlikely individuals describe their cur-
rent professional experience if they were recently appointed to this position
because they had not yet the time to familiarize themselves with it.

7 The threshold of 6 months was chosen because all the profiles were coded in
summer 2018. As months do not always appear, we could track if what appeared
in the profile of the individuals described their current situation in 2018.

8 We coded only spelling mistakes or duplicates in the titles, with the rationale
that all the individuals divulgate this information on their profile. We thought
that people who write much more information are more likely to make mistakes,
but it would not be due to inattentiveness in that case.

° Because one cannot have access to the specific number of connections in-
dividuals have on LinkedIn if they have more than 500 connections, the
maximum value was set at 500. When individuals have more than 500 con-
nections, this information is presented as such “500+ connections”. It is however
possible to determine their number of followers if they have created, shared or
commented posts on LinkedIn.

< p < .01). For these variables, the average rating was considered in the
analyses. Intercorrelations between LinkedIn indicators can be found in
Appendix B.

2.3. Analyses

We used SPSS 25 to perform correlations and regressions analyses.
All significant tests reported in the article are two-tailed. Classification
statistics such as sensibility, specificity, positive predictive value,
negative predictive value, hit rate and likelihood ratio were computed
separately for each LinkedIn indicator. Classification statistics aim to
determine if indicators or test can classify accurately a person in the
right group. In our study, we ran classification statistics to determine if
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LinkedIn indicators might classify accurately individuals as scoring high
or low on a specific personality trait. These two groups were identified
by considering only the top and lowest tercile on each personality trait.

3. Results
3.1. LinkedIn indicators of openness to experience

Table 2 and presents descriptive statistics concerning the LinkedIn
indicators (as well as intercorrelations with the big five traits). Despite
the very low percentages observed for some indicators, there is no
apparent range restrictions as these indicators correlate with the per-
sonality trait they are supposed to signal. Six LinkedIn indicators were
hypothesized to reflect openness to experience. As shown in Table 2, all
of them correlate with self-reported openness to experience. These re-
sults support H1. We should however mention that some of these in-
dicators reflect other personality traits (see Table 3). For instance,
individuals who are conscientious, extraverted and emotionally stable
are also more likely to post an artistic picture. Individuals who report
participating in social responsibility activities tend to score higher on
agreeableness. Finally, the number of influencers is related as strongly
(if not more) to extraversion compared to openness to experience.

3.2. LinkedIn indicators of conscientiousness

For conscientiousness, we identified 13 potential LinkedIn in-
dicators. Eleven indicators were indeed related to conscientiousness, but
two of them were not (professional attire, and inattentiveness). Overall,
these results support H2. Professional attire was related negatively to
neuroticism. It means that individuals who are calm and stable (scoring
low on neuroticism) are more likely to be formally dressed than people
scoring high on neuroticism. Some signals of conscientiousness are also
related to traits other than conscientiousness. For instance, individuals
who write a summary tend to score higher on extraversion and lower on
neuroticism. Those who describe their experiences tend to be more
agreeable and those who keep their profile updated tend to be more
extraverted. It is also worth mentioning that individuals who report
having held representative roles in college tend to be more extraverted.

3.3. LinkedIn indicators of extraversion

For extraversion (where nine indicators were hypothesized to be
related to this trait), seven indicators were related significantly to this
trait (number of connections, human interactions, sport activity, lead-
ership role, additional pictures, number of skills, and leadership skill).
Only two indicators were not related to extraversion: social skills and
public speaking. Overall, these results support H3. It is interesting to
note that four LinkedIn indicators of extraversion are negatively corre-
lated to neuroticism. It seems then that emotionally stable individuals
are more likely to report sports activities, to post additional pictures to
their profile, report a higher number of skills and are more likely to
report leadership as a skill than their neurotic counterparts.

3.4. LinkedIn indicators of agreeableness

We hypothesized five indicators to be related to agreeableness but
only three of them (smile, teamwork and volunteer activity) were
significantly related to agreeableness. We also observe that three in-
dicators, which were supposed to measure agreeableness, also correlate
with conscientiousness. These results only partially support H4.

3.5. Gender differences in signaling
First, we examine if men and women differ on the LinkedIn in-

dicators. As shown in Table 4, men tend to follow a higher number of
influencers (t(605) = 2.34, p = .02, d = 0.19), are more formally dressed
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Table 2
Descriptive statistics for the LinkedIn indicators and correlations with the per-
sonality trait they are signaling.

M(SD) T Openness 14 95% CL
Artistic picture 14.8% 0.16 < [0.08,
0.001 0.24]
Curiosity 4% 0.10 0.02 [0.02,
0.18]
Number of languages 4.13 0.12 0.006 [0.04,
(1.00) 0.20]
Social responsibility 7% 0.08 0.045 [0.00,
0.16]
Artistic activity 6% 0.09 0.024 [0.01,
0.171]
Influencers 2.21 0.08 0.040 [0.08,
(5.59) 0.24]

M(SD) r p 95% CI

Conscientiousness

Professional attire 81% -0.01 0.80 [-0.09,
0.07]
Summary 28% 0.13 0.001 [0.05,
0.21]
Experience described 34% 0.14 0.001 [0.06,
0.22]
Profile updated 80% 0.11 0.006 [0.03,
0.19]

Inattentiveness (R) 12% 0.03 0.61 [-0.05,
0.11]
Organization 11% 0.18 < [0.10,
0.001 0.26]
Grade Point Average 20% 0.19 < [0.11,
0.001 0.27]
Award 10% 0.14 < [0.06,
0.001 0.22]
Additional certification 22% 0.19 < [0.11,
0.001 0.27]
List of courses 16% 0.13 0.002 [0.05,
0.21]
Ambassador 25% 0.15 < [0.07,
0.001 0.23]
Class representative 6% 0.09 0.02 [0.01,
0.17]
Recommendation 7% 0.09 0.02 [0.01,
received 0.17]

M(SD) T Extraversion P 95% CI
Number of connections 401 (133) 0.32 < [0.24,
0.001 0.40]
Human interactions 5.1% 0.11 0.009 [0.03,
0.19]
Number of skills 15.8 (8.4) 0.16 < [0.08,
0.001 0.24]

Social skills 14% 0.04 0.38 [-0.04,
0.12]
Leadership 29% 0.11 0.01 [0.03,
0.19]

Public speaking 19% 0.07 0.10 [-0.01,
0.15]
Sport activity 11% 0.17 < [0.09,
0.001 0.25]
Leadership role 31% 0.15 < [0.07,
0.001 0.23]
Additional pictures 24% 0.12 0.002 [0.04,
0.20]

M(SD) T Agreeableness p 95% CI
Smile 4.59 0.21 < [0.13,
(1.85) 0.001 0.29]
Teamwork 73% 0.12 0.004 [0.04,
0.20]
Volunteer activities 35% 0.15 < [0.17,
0.001 0.23]

Peer tutoring 8% 0.06 0.14 [-0.02,
0.14]

Recommendation given 9% 0.07 0.09 [-0.01,
0.15]

N = 607.
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Table 3
Intercorrelations between the LinkedIn indicators and all the big five traits.

Indicators o C E A N

Openness to experience

Artistic picture 0.16** 0.11%** 0.14** 0.04 -0.12%*
Curiosity 0.10% 0.02 0.06 0.08 0.01
Number of languages 0.12%* 0.05 0.02 0.03 -0.07
Social responsibility 0.08* 0.03 -0.02 0.10* 0.03
Artistic activity 0.09* 0.02 0.04 0.08 -0.05
Influencers 0.08* 0.07 0.09* 0.03 0.02
Conscientiousness

Professional attire -0.06 -0.01 -0.04 -0.03 -0.10*
Summary 0.05 0.13** 0.09* -0.04 -0.09*
Experience described -0.01 0.14** 0.06 0.09* -0.02
Profile updated 0.03 0.11%* 0.09* 0.07 -0.01
Inattentiveness (R) 0.06 0.03 0.01 -0.02 0.01
Organization -0.02 0.18** 0.08* 0.10 -0.05
Grade Point Average -0.09* 0.19%* -0.10* 0.08 -0.02
Award -0.05 0.14** -0.05 0.06 0.02
Additional certification -0.04 0.19%* 0.00 -0.01 -0.05
List of courses 0.05 0.13** 0.05 0.04 -0.06
Ambassador 0.04 0.15%* 0.01 0.05 -0.07
Class representative 0.00 0.09* 0.09* 0.06 -0.03
Recommendation received -0.01 0.09* 0.07 -0.01 -0.06
Extraversion

Number of connections 0.10* 0.08 0.32%* 0.01 -0.08
Human interactions -0.03 -0.01 0.11%* -0.04 0.02
Number of skills 0.05 0.08 0.16** -0.04 -0.13**
Social skills 0.08 0.06 0.04 0.05 -0.01
Leadership 0.07 0.03 0.11** -0.07 -0.11*
Public speaking 0.05 -0.02 0.07 -0.04 0.01
Sport activity 0.04 -0.01 0.17%* -0.07 -0.16%*
Leadership role 0.08 0.08 0.15%* 0.04 -0.09
Additional pictures 0.07 0.09* 0.12%* 0.01 -0.12%*
Agreeableness

Smile 0.03 0.04 0.21%* 0.10*
Teamwork 0.03 0.07 0.12%* -0.06
Volunteer activities 0.08 0.09 0.15%* 0.03
Peer tutoring -0.03 -0.02 0.06 -0.02
Recommendation given 0.09* 0.09* 0.07 -0.03

N =607. * p < .05; ** p < .01.
O = openness to experience; C = conscientiousness; E = extraversion; A =
agreeableness; N = neuroticism.

(Xz (1,515)=11.18,p =.001, ¢ = 0.15), have more often a summary (X2
(1, 604) = 12.13, p < .001, @ = 0.14), receive more recommendations
(¥ (1, 605) = 5.33, p = .02, ¢ = 0.09), are more likely to post a back-
ground photograph representing human interactions (3 (1, 605) = 4.78,
p = .03, ¢ = 0.09), report a higher number of skills (t(561) = 3.33,p =
.001, d = 0.29), list leadership (x2 (1,561) = 6.26,p = .01, @ = 0.11),
and public speaking more often (Xz (1,561) =7.20,p =.007, = 0.11),
describe more often a sports activity as part of their extracurricular
activities (X2 (1, 605) = 13.11, p < .001, ¢ = 0.15), provide additional
pictures (X2 (1, 605) =18.22, p < .001, ¢ = 0.17), and are more likely to
give recommendations (X2 (1, 605) = 3.87, p = .05, @ = 0.08) than
women.

On the other hand, women are more likely to indicate they have
participated in social responsibility activities (X2 (1, 604) = 7.69,p =
.006, ¢ = 0.11), are more likely to have a profile updated (y2 (1, 605) =
5.03, p = .03, ¢ = 0.08), tend to smile more on their portrait (t(561) =
-6.67, p < .001, d = 0.58), and are more likely to have participated in
activities aimed at helping other students (2 (1, 605) = 6.99, p = .008,
¢ = 0.11) than men.

We also test if the 33 indicators represent signals of the same per-
sonality traits among men and women. To test this, we converted the
correlations using a Fisher’s r to z transformation. The correlations be-
tween each signal and the personality traits appear for each gender in
Table 4. Results show that 9 out of 33 indicators signal the same trait in
men and women (openness: artistic picture; conscientiousness: experi-
ence described, organization, GPA, academic award, additional certifi-
cation; extraversion: number of connections, sport activity, leadership
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Table 4
Descriptive statistics and correlations between LinkedIn indicators and the big
five traits among men and women.

Indicators Men Women Men Women  Fisher
M(SD) M(SD) r r Z;
Openness
Artistic picture 0.16 0.14 0.15* 0.18** -0.37
Curiosity 0.04 0.05 -0.01 0.16** —2.05*
Number of 4.09 4.16 0.22**  0.05 2.08*
languages (1.07) (1.01)
Social responsibility 0.04 0.10** -0.07 0.14** —2.53**
Artistic activity 0.05 0.06 0.16* 0.05 1.33
Number of 2.87 1.79 0.07 0.11* —0.48
influencers (5.90)** (5.35)
Conscientiousness
Professional attire 0.76 -0.03 0.02 -0.60
Summary 0.23 0.26**  0.06 2.47**
Experience 0.55 0.20%*  0.11%** 111
described
Profile updated 0.76 0.83* 0.24**  0.01 2.81%*
Inattentiveness 0.86 0.89 0.02 0.05 -0.36
Organization 0.10 0.11 0.21**  0.16** 0.62
GPA 0.29 0.20 0.22%*  0.16%* 0.75
Academic award 0.08 0.11 0.17**  0.12* 0.61
Additional 0.26 0.20 0.20%* 0.20** 0
certification
List of courses 0.16 0.16 0.04 0.19** —1.82*
Ambassador 0.22 0.27 0.09 0.18** -1.10
Class representative 0.07 0.06 0.13* 0.07 0.73
Recommendation 0.10* 0.05 0.12 0.09 0.36
received
Extraversion
Number of 410.87 393.23 0.28%*  0.34** -0.80
connections (135.39) (132.24)
Human interactions 0.08* 0.04 0.13* 0.10 0.36
Number of skills 17.25 14.86 0.08 0.21%* -1.59
(9.17)** (7.75)
Social skills 0.15 0.14 0.01 0.05 -0.48
Leadership 0.35* 0.25 0.09 0.12* -0.36
Public speaking 0.25* 0.15 0.08 0.06 0.24
Sport activity 0.17** 0.08 0.18**  0.15%* 0.37
Leadership role 0.33 0.29 0.14* 0.15%* -0.12
Additional pictures 0.33%** 0.18 0.11 0.13* -0.24
Agreeableness
Smile 3.95 4.98 0.08 0.20** —-1.47
(2.03) (1.60)***
Teamwork 0.71 0.74 0.23**  0.04 2.33*
Volunteer activity 0.30 0.38 0.24**  0.01 2.81*
Peer tutoring 0.04 0.10** 0.05 0.02 0.36
Recommendations 0.12* 0.07 0.10 0.09 0.12
given

Men: N = 239; Women: N = 368. * p < .05; ** p < .01; O = openness to expe-
rience; C = conscientiousness; E = extraversion; A = agreeableness; N =
neuroticism.

role). These indicators are indeed related significantly to the personality
trait they are supposed to signal in both groups, and the correlations do
not differ significantly between men and women. It is noteworthy to
emphasize that we identified different signals of agreeableness for men
and women. On the one hand, the extent to which individuals smile only
indicate agreeableness among men. On the other hand, teamwork and
volunteer activities only signal agreeableness for women. Among other
differences observed between the two groups, curiosity and social re-
sponsibility are only related to openness among women (and the number
of languages is related to openness among men). The presence of a
summary and having an updated profile are only related significantly to
conscientiousness among men (and the presence of a list of courses is
related to conscientiousness among women).

3.6. Unique LinkedIn indicators to predict self-reported personality

If recruiters use LinkedIn indicators to make inferences about a
candidate’s personality, the unique predictors for each personality trait
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must be identified. To answer this question, we ran four hierarchical
regression analyses to predict respectively openness to experience,
conscientiousness, extraversion, and agreeableness. In each regression
analysis, we entered gender and age in the first step, and then all the
LinkedIn indicators that were hypothesized to be related to the per-
sonality trait. Results appear in Table 5 and demonstrate that we iden-
tified two unique predictors of openness (artistic picture and curiosity),
three unique predictors of conscientiousness (organization, additional
certification, GPA), three unique predictors of extraversion (number of
connections, sport activities, and human interactions), and three unique
predictors of agreeableness (smile, teamwork, and volunteer activity).
The percentage of variance explained for each trait observed shows that
extraversion and conscientiousness are better signaled on LinkedIn than
agreeableness and openness to experience.

Table 5
Results from hierarchical regression analyses to predict self-reported personality
traits.

B AR? p
Openness to experience
Gender 0.09" 0.05
Age 0.11* 0.01
Control variable 0.02* 0.01
Artistic picture 0.13** 0.004
Curiosity 0.09* 0.03
Number of languages 0.08 0.06
Social responsibility 0.06 0.14
Artistic activity 0.08 0.06
Number of influencers 0.08 0.06
LinkedIn indicators 0.06** < 0.001
Conscientiousness
Gender 0.13** 0.004
Age 0.15%* 0.001
Control variables 0.03** < 0.001
Professional attire 0.03 0.46
Summary 0.08 0.10
Experience described 0.04 0.36
Profile updated 0.03 0.45
Inattentiveness 0.04 0.42
Organization 0.17** < 0.001
GPA 0.11* 0.02
Award 0.01 0.76
Additional certification 0.11* 0.02
List of courses 0.02 0.72
Ambassador 0.09 0.07
Class representative 0.07 0.11
Recommendation received 0.01 0.84
LinkedIn indicators 0.12%* < 0.001
Extraversion
Gender -0.04 0.36
Age 0.01 0.76
Control variables 0.00 0.58
Number of connections 0.28** < 0.001
Human interactions 0.10* 0.02
Number of skills 0.02 0.72
Social skills -0.01 0.78
Leadership 0.07 0.14
Public speaking 0.00 0.93
Sport activity 0.10* 0.01
Leadership role 0.01 0.76
Additional picture 0.05 0.23
LinkedIn indicators 0.13** < 0.001
Agreeableness
Gender 0.29** <0.001
Age 0.07 0.11
Control variables 0.08** < 0.001
Smile < 0.001
Teamwork 0.004
Volunteer activity 0.001
Peer tutoring 0.99
Recommendation given 0.08
LinkedIn indicators 0.06** < 0.001

N = 607. " p = .05; * p < .05; ** p < .01; Gender (1 = female; 0 = male).
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3.7. Classification accuracy of LinkedIn indicators

Based on the 12 unique predictors identified through the hierarchical
regression analyses, we determined the percentage of individuals
scoring high (vs. low) on each trait that have one or more signal of this
trait on their LinkedIn profile. For instance, even though we have
identified that individuals with more signals of conscientiousness on
LinkedIn are more likely to score higher on conscientiousness, we do not
know the percentage of conscientious individuals that possess three
signals of conscientiousness on LinkedIn. In order to do so, we only
selected the highest tercile (33%) on the four traits (which corresponds
respectively to the most open, the most conscientious, the most extra-
verted, and the most agreeable individuals) and the lowest tercile
(which corresponds respectively to the least open, the least conscien-
tious, the least extraverted, and the least agreeable individuals). We then
computed classification statistics (Fleiss, 1981). These analyses were
conducted on the full sample of participants (and not each gender
group). As these analyses require only binary variables, we modified the
continuous variables in the following manner: for the number of con-
nections, we separated individuals who had 500 connections from those
who had less than 500 connections; for the number of languages, for the
smile, we separated those who were rated a score of 7 from the others®.
These statistics are rarely used in personnel selection but they are often
used in medicine and clinical psychology. One reason that accounts for
this lack of use is that most predictors and variables in personnel se-
lection are not categorical variables, but quantitative variables (e.g.
intelligence, job performance, or personality traits). Classification sta-
tistics offer, however, information that is relevant to decision-makers.
For instance, they offer information about the probability to hire a
candidate who is conscientious if a specific LinkedIn indicator is used.
Sensibility, specificity, positive predictive value, negative predictive
value, hit rate and likelihood ratio are all presented in Table 5 (with
values provided for specific LinkedIn indicator in Appendix C).

Sensibility represents the proportion of individuals who score high
on the personality trait and who possess the number of characteristics
indicated. For instance, recruiters will only identify 5% of the in-
dividuals scoring high on openness to experience if they consider in-
dividuals who have two LinkedIn indicators of openness such as the
presence of an artistic picture and that curiosity is listed as a skill.

Specificity refers to the percentage of people who do not possess a
characteristic and are correctly rejected by the indicator chosen. For
instance, a specificity of 98% as shown in Table 6 means that 98% of the
individuals who score low on openness to experience do not have two
indicators reflecting high openness on their LinkedIn profile.

The positive predictive power refers to the probability that a positive
result on a test comes from a person who possesses the characteristic of
interest. As shown in Table 6, the more an individual possesses LinkedIn
indicators reflecting a certain trait, the more likely this person evaluates
oneself high on this trait. For instance, all the individuals who possess
three indicators of high conscientiousness score high on this trait. This
also holds true for people who possess three indicators of high extra-
version and three indicators of high agreeableness.

The negative predictive power represents the probability that a
negative result comes from a person who does not possess the charac-
teristic we would like to assess. For instance, it might represent the
percentage of individuals who do not present any signal of

3 We chose the value of 500 for the number of connections because it is the
maximum number of connections that can be visible in a person’s LinkedIn
profile if the person is not active on LinkedIn. We chose the value of 7 for the
smile because this value indicated that both coders assessed the person as
smiling a lot. We therefore considered this value to be the most meaningful and
useful in applied settings (e.g. recruiters can easily identify a candidate smiling
a lot, but it would be more difficult to identify a person smiling moderately for
instance).
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Table 6
Classification statistics of LinkedIn indicators.
Sens Spec PPP NPP Hit rate LR+

Openness
2 indicators 0.05 0.99 0.83 0.49 0.50 4.63
1 indicator 0.30 0.94 0.85 0.55 0.61 5.18
Conscientiousness
3 indicators 0.02 1.00 1.00 0.56 0.56 )
2 indicators 0.22 0.96 0.82 0.60 0.63 5.56
1 indicator 0.60 0.76 0.67 0.70 0.69 2.52
Extraversion
3 indicators 0.03 1.00 1.00 0.47 0.48 ©
2 indicators 0.21 0.95 0.81 0.51 0.55 3.85
1 indicator 0.75 0.76 0.78 0.73 0.75 3.10
Agreeableness
3 indicators 0.03 1.00 1.00 0.49 0.50 ©
2 indicators 0.43 0.80 0.70 0.56 0.61 2.19
1 indicator 0.90 0.26 0.57 0.70 0.59 1.21

Sens = sensibility; spec = specificity; PPP = positive predictive power; negative
predictive power; LR+ = likelihood ratio.

conscientiousness and score low on conscientiousness. All the negative
predictive power values range from 0.47 to 0.73. For instance, 73% of
the individuals who do not have any indicator of extraversion tend to
rate themselves as low in extraversion.

The hit rates present the overall percentage of individuals accurately
classified. Hit rates range from 0.48 to 0.75. Overall, even if it is possible
to identify with high certainty people scoring high on the traits (very few
false positives), using LinkedIn to evaluate personality traits leads to a
large number of false negatives. There are indeed lots of individuals
scoring high on conscientiousness, openness, extraversion and agree-
ableness who do not have LinkedIn indicators portraying them as
scoring high on these traits.

Finally, the positive likelihood ratio (LR+) represents the number of
true positive divided by the number of false positives. A visual inspec-
tion of Table 6 shows that individuals scoring high on openness to
experience are 4.5 times more likely to have two indicators of openness
on LinkedIn than those scoring low. All individuals who possess three
indicators of conscientiousness tend to perceive themselves as consci-
entious individuals. The same holds true for extraversion and agree-
ableness. All the individuals who possess three indicators of
extraversion/agreeableness perceive themselves as extraverted/agree-
able persons. These results indicate that individuals who have many
indicators signaling a specific trait are very likely to score high on this
trait.

Overall, these results show that people who signal one of their per-
sonality traits through two or three indicators on their LinkedIn profile
tend to score high on this trait. We find no individual scoring low on the
trait who provides three or more indicators related to it. However, the
classification statistics reveal also that there is a large proportion of
individuals who score high on a certain trait and do not signal their
personality through their LinkedIn profile. For instance, only 2% of
conscientious individuals’ profile contains three signals of
conscientiousness.

4. Discussion

The aim of this study was to test to which extent LinkedIn offers
accurate information about personality. We identified 33 LinkedIn in-
dicators to serve as signals of personality traits. Our results demon-
strated that most of these indicators provide signals of the expected
personality traits. To summarize, openness to experience is signaled by
the inclusion of an artistic background picture, by speaking more lan-
guages, by having participated in artistic extra-curricular activities, by
manifesting interest in social responsibility activities, by listing skills
related to curiosity and creativity, and by following many influencers.
Conscientiousness is signaled by having a profile that has been recently
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updated, by having a summary and having written a description
regarding past job experiences or provided a list of courses attended at
college, by listing organizational skills, by reporting past grades, having
received an academic award or having attended additional certifica-
tions, by being recommended by a teacher or a supervisor, and by
holding specific roles such as class representatives or student ambas-
sador. Extraversion is signaled by possessing a high number of connec-
tions, by having a background picture representing human interactions,
by listing more skills, by listing leadership skills, by having more pic-
tures accompanying job experiences, by reporting sports activities, and
by occupying leadership roles. Finally, agreeableness is signaled by
listing teamwork skills, by smiling, and by demonstrating volunteer
activities. There are a few exceptions. For instance, our results show that
professional attire and inattentiveness are not useful signals of consci-
entiousness. Public speaking and social skills are not useful signals of
extraversion, and giving recommendations is not a relevant signal of
agreeableness. A sole indicator does not necessarily signal only one
single personality trait but can signal several traits. For instance, having
held a class representative role indicates both high conscientiousness
and high extraversion. Being skilled in teamwork denotes a high level of
agreeableness and a high level of conscientiousness.

Our study extends previous accounts of the relationship between
extraversion and the way individuals portray themselves on LinkedIn
(Roulin & Levashina, 2019; Van de Ven et al., 2017) and shows that
LinkedIn offers signals about personality traits other than extraversion.
Different reasons might explain this discrepancy between past research
and ours. First, we analyzed a larger array of LinkedIn indicators than
past studies. Our analysis included 33 indicators and all of them were
theoretically derived from the big five model of personality. In com-
parison, Van de Ven et al. (2017) analyzed 17 indicators, whereas Roulin
and Levashina (2019) took 10 indicators into consideration. Our study
included a wider range of LinkedIn indicators that were not analyzed in
past studies. For instance, we analyzed the type of skills listed in the
profile, if information about academic achievement, or the specific type
of extracurricular activities, was presented. Second, we coded profiles of
individuals who had already completed their studies, whereas Van de
Ven et al. (2017; Study 1) and Roulin and Levashina (2019) considered
students. It is possible that participants in our study had more complete
profiles. In support of this argument, we observed, for instance, that
participants have a much larger number of connections (M = 401; SD =
133) than in those two studies (Van de Ven et al. (2017): M = 278; SD =
162; Roulin & Levashina (2019): M = 153; SD = 139)%. However, the
participants in our study were less likely to include a summary. We note
also that some of our findings differ from those obtained by Roulin and
Levashina (2019). For instance, LinkedIn indicators such as the presence
of recommendations, the inclusion of a summary, or a description for
professional experiences were not related to conscientiousness in Roulin
and Levashina (2019). We see here two explanations. First, we used the
IPIP NEO-PI facets scales whereas Roulin and Levashina (2019) have
relied on the 20-item Mini-IPIP (Donnellan et al., 2006). While conve-
nient and valid, this short measure of the big five traits might substan-
tially increase both Type 1 and Type 2 errors (Credé et al., 2012). This
might explain why Roulin and Levashina (2019) have not found re-
lationships between these indicators and conscientiousness. The second
explanation lies in the industry in which the participants work. As most
of our participants work in the hospitality and service industries, they
may put more emphasis on signals that portray extraversion than
conscientiousness. It could then explain why they have more connec-
tions than participants in Roulin and Levashina (2019) and why they are
less likely to include a summary.

4 As pointed out by an anonymous reviewer, this difference might also occur
because our data have been collected five years later than those obtained by
Van de Ven (2017). As LinkedIn and its number of users have grown signifi-
cantly, the higher number of connections might also result from this growth.
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In contradiction to our hypotheses, we identified a few indicators
that were not related to personality. Notably, inattentiveness (with the
presence of spelling mistakes) was not a signal of low conscientiousness.
This result is noteworthy because recruiters tend to be sensitive to
spelling mistakes and consider they reflect low professionalism or low
conscientiousness (Martin-Lacroux, 2017). Our results do not show that
individuals whose LinkedIn profiles contain spelling mistakes are less
conscientious than those who did not make spelling mistakes. A recent
study has pointed out that recruiters tend to be sensitive to spelling
mistakes on social media (Hartwell & Campion, 2020), but our results
suggest that spelling mistakes might not convey relevant signals of a
candidate’s personality. The fact that 12% of the profiles contained
spelling mistakes or duplicates (in a sample of university graduates)
leads to the conclusion that these mistakes reflect some momentary
inattentiveness (we observed many instances of “manager” spelled
“manger”). As there is no proofreading system directly integrated into
LinkedIn, mistakes are probably more frequent than in documents pre-
pared on Microsoft Office, which contain proofreading tools like a spell
and grammar check. There was a second indicator (professional attire)
that failed to predict conscientiousness. This is at odds with past studies
that have shown a correlation between conscientiousness and formal
attire (e.g. Borkenau & Liebler, 1992). It should be noted that all par-
ticipants studied in a hospitality management institution in which a
formal dress code is imposed. It is therefore possible that professional
attire is not a relevant indicator of conscientiousness in our study
because participants are accustomed to dressing in a professional
manner. To support this, descriptive statistics show that 81% of our
participants wore a suit jacket (e.g., blazer, suit, etc.) in their portrait. In
addition, public speaking was not a signal of extraversion, but additional
analyses conducted at the facet-level have demonstrated that most of the
indicators that failed to signal a personality trait could signal more
specific facets (see Appendix D).

We would like to further discuss indicators that are related to
conscientiousness, and more precisely the presence of information about
academic achievement. While some recruiters may not consider GPA to
be useful (Kwok et al., 2011; Ross & Young, 2005), our study points to
another conclusion. Individuals who post information about their grades
on their LinkedIn profiles tend to be more conscientious than those who
do not post this kind of information. First, individuals who are consci-
entious tend to have better grades than those scoring lower on consci-
entiousness (Poropat, 2009). As a result, they might be more inclined to
report this information. Second, conscientious individuals might be
more likely to reveal their grades because they tend to value achieve-
ment more than individuals scoring lower on conscientiousness (Parks-
Leduc et al., 2015). As grades reflect past achievements, conscientious
individuals might be more willing to share this information than in-
dividuals scoring low in conscientiousness. These results, in combina-
tion with meta-analytic evidence that grades are predictive of future job
performance (Roth et al., 1996), points to the conclusion that recruiters
might benefit from considering GPA during the selection process, at least
when conscientiousness is an important predictor of job success.

4.1. Theoretical implications

First, our study demonstrated that LinkedIn offers honest signals
about an individual’s personality and we would like to explain this in
light of signaling theory (Bangerter et al., 2012). Signaling theory con-
siders that accurate information can be sent by candidates through
costly signals and hard-to-fake signals. On the one hand, costly signals
are those who take a lot of time or effort to be emitted. For instance, all
the LinkedIn indicators that refer to past experience can be considered as
costly signals (one costly of openness to experience would be to having
participated in an art committee, one costly signal of conscientiousness
would be to have held a representative role, or being an ambassador,
among the costly signals of extraversion we can find the participation in
sport activities, or the occupation of leadership roles in college, finally,
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the presence of volunteer activities might represent a costly signal of
agreeableness). On the other hand, hard-to-fake signals are signals
which are not under conscious control (Bangerter et al., 2012). It is
difficult to identify any LinkedIn indicator that could be clearly cate-
gorized as a hard-to-fake signal. We can assume most LinkedIn users
prepare their profile meticulously and might even ask others to verify
that their LinkedIn profile contains no mistake. Therefore, most of the
signals that are available are under conscious control. However, the
cheating cost of sending inaccurate information on LinkedIn is impor-
tant as this information can be validated by others. We then assume that
LinkedIn indicators such as the number of connections or the listed skills
are accurate signals of personality, not because they are hard-to-fake but
because the cheating cost is important. An alternative explanation might
be brought by self-verification theory (Swann, 2012), which affirms that
individuals want to be perceived by others in the same way they see
themselves. Hence, individuals would not necessarily portray accurate
information due to the risk of being caught by other, but because they
want to communicate accurate information to others about their per-
sonality and skills.

Second, our results indicate that extraversion and conscientiousness
are the traits that are the most consistently associated with the presence
of signals on LinkedIn. First, we had identified more LinkedIn indicators
for these two traits than for agreeableness and openness to experience.
Second, LinkedIn indicators for extraversion and conscientiousness
explained more variance in self-reported extraversion and conscien-
tiousness respectively than LinkedIn indicators for agreeableness and
openness to experience. Several explanations may be offered to explain
that there exists more signals of extraversion and conscientiousness.
First, extraversion might be a trait that individuals want to signal due its
perceived importance in life (Latham & Von Stumm, 2017; Williams,
Munick, Saiz, & FormyDuval, 1995, whereas conscientiousness could be
signaled due to its perceived and actual importance at work (Barrick
etal., 2001; Dunn et al., 1995). On the other hand, individuals might be
less likely to signal agreeableness or openness to change because the
value of these traits might be more context-dependent. For instance, a
high score on agreeableness might be an asset for positions in team
settings, but not necessarily when competition is required. In the same
manner, being open to change would be an asset only when innovation
and creativity are required for successful performance on the job (Judge
& Zapata, 2015). Second, according to trait activation theory (Tett et al.,
2013) and the realistic accuracy model (e.g. Funder, 2012), different
contexts activate behaviors pertaining to different traits. As LinkedIn is
aimed at facilitating connections with other professionals (something
which is common to Facebook) and finding job opportunities, we think
this social networking website is more likely to activate signals for
personality traits that are relevant to these goals. By comparison,
Facebook is aimed at connecting with family and friends, and share
events in one’s private life. As such, individuals will signal other aspects
of their personality. A recent meta-analysis has shown that extraversion
and openness to change were the traits that could be the most accurately
inferred from Facebook (Azucar et al., 2018). It seems then that in-
dividuals are more likely to convey signals of openness to change on
Facebook. For instance, individuals indicate when they went to an art
gallery or the type of music they like, which refer mostly to openness to
experience (Chapman & Goldberg, 2017; Rentfrow & Gosling, 2003).

Finally, we would like to relate our study to Brunswik’s lens model
(1956). According to Brunswik (1956), unacquainted individuals form
accurate perceptions of a target person’s level of extraversion for
instance, if there exists valid cues (e.g. number of connections) and if
they use these cues in their impression formation. Even though our study
does not respond to the question about whether unacquainted people
can form accurate impression of candidates based on LinkedIn profiles,
it addresses the first part of the model about cue validity. As stated
previously, many accurate LinkedIn indicators (valid cues) have been
observed for agreeableness, conscientiousness, extraversion, and open-
ness to experience. We can then assume that observers could in theory
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detect these traits by examining LinkedIn profiles. However, past studies
have shown that observers were only capable to accurately infer extra-
version, but not other personality traits (Roulin & Levashina, 2019; Van
de Ven et al., 2017). As our study points to the identification of valid
indicators of four of the big five traits, we think observers might struggle
to use cues related to other traits. In other words, if past studies have
shown that observers were inaccurate for judging other traits than ex-
traversion, it was not due to a lack of valid cues, but rather to a poor use
of cues. Past studies have however shown that cue utilization can be
enhanced even with brief training interventions. For instance, Powell
and Bourdage (2016) have demonstrated that observers could infer
more accurately a person’s personality in a job interview after a short
training intervention in the use of valid cues in job interviews. In a
similar manner, Cole et al. (2005) have observed that a short training
intervention increased observer accuracy at detecting a candidate’s
personality from a résumé.

4.2. Practical implications

We would like to discuss why LinkedIn might constitute an inter-
esting selection method in the future. Self-reported personality ques-
tionnaires are often criticized on the grounds that they can be easily
faked in selection contexts (Morgeson et al., 2007). Due to additional
verifiability by their connections, it seems less likely that individuals
fake information on LinkedIn (Hartwell & Campion, 2020). In support of
this assertion, we observed that the skills that individuals listed on their
profile corresponded well with their self-reported personality. In-
dividuals who listed teamwork were more agreeable and conscientious
than those who did not list this skill. The ones who listed organization
skills were more conscientious that those who did not. It means that the
skills indicated on LinkedIn profiles can be trusted as an accurate source
of information about a candidate’s personality. Our conclusion is that
LinkedIn profiles are saturated with personality information and that
this information might be relevant when it comes to making hiring de-
cisions. We hope future studies will be conducted to examine the pre-
dictive and incremental validity of LinkedIn indicators over self-
reported personality traits.

As many features that characterize LinkedIn also appear on résumés,
it would be interesting to investigate if LinkedIn offers a more accurate
signal of a person’s personality than the screening of a résumé. Past
studies have shown that candidates signal their personality through the
information that appear on their résumé (Burns, Christiansen, Morris,
Periard, & Coaster, 2014; Cole et al., 2009). On the one hand, the
standardized structure of LinkedIn profiles might prevent recruiters
from accessing additional signals of personality. For instance, it is not
possible to change the font in LinkedIn, but the use of unusual fonts on a
résumeé serves as a signal of openness to experience (Burns et al., 2014)(.
On the other hand, the use of LinkedIn offers additional advantages in
comparison to résumés. First, LinkedIn profiles offer valid personality
signals that cannot be obtained through résumés. For instance, the
number of connections a person has on LinkedIn offers useful informa-
tion to judge this person’s level of extraversion. The skills section also
offers insights into the LinkedIn user’s personality that cannot be ob-
tained on a résumé. Second, according to signaling theory, we might
expect signals emitted by candidates on LinkedIn to be more honest than
those obtained in résumés. Due to the public nature of LinkedIn profiles,
candidates have to be more honest because the cost of cheating might be
higher than in a résumé. Third, LinkedIn allows companies to access the
profiles of passive candidates who will never apply to a job but might be
a good fit for a position. For all these reasons, we anticipate recruiters
will continue to rely on LinkedIn as a source of information about can-
didates, and we think this social network website might prove a useful
add-on to the hiring manager’s selection toolkit. Although other social
media such as Facebook offer accurate information about personality
(Azucar et al., 2018), they have failed so far to demonstrate any value in
work contexts (Van Iddekinge et al., 2016; Zhang et al., 2020). Recent
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research has also shown that job seekers perceive cybervetting on
LinkedIn as more fair, more valid, and less invasive than cybervetting on
Facebook, Twitter and Instagram (Cook et al., 2020)

Based on our results, practitioners might think that using LinkedIn
information alone could suffice to gather insightful personality infor-
mation. In the current state of our knowledge, we would caution re-
cruiters and managers from doing so. There is greater evidence showing
that self-reported personality predicts performance across contexts
(Barrick et al., 2001). It thus seems preferable to use LinkedIn indicators
in combination with personality questionnaire. Hence, if candidates
score equally on conscientiousness but three of them also list organi-
zational skills on their LinkedIn profiles and provide information about
their GPA, recruiters might shortlist these three candidates, as they are
more likely to be conscientious than candidates who have the same
scores but who do not provide positive indicators of conscientiousness
on LinkedIn. We would also advise against relying on a single indicator.
Our analysis has shown that participants who had three indicators of
conscientiousness score higher on conscientiousness than those who had
only two signals of conscientiousness. Moreover, some specific LinkedIn
indicators were related to more than one personality trait. Finally, some
indicators were signals of the trait for one gender but not the other.
Overall, our results show that it is a more conservative and more
appropriate approach to rely on multiple signals of personality than on a
single indicator. First, it might prove to be more valid. Second, it might
be perceived as more appropriate by recruiters. Recruiters tend to be
resistant to mechanical approaches in selection (e.g. Highhouse, 2008;
Van der Zee et al., 2002). They like to have a say in how information is
collected and used. Recruiters should have a list of the signals of the
desired traits for a position and compare candidates in the number of
signals that are available on their LinkedIn profile. This approach will
ensure fairness because it prompts hiring professionals not to consider
age, gender or sociodemographic group (even though this information
is, of course, present). On a final note, it is important to mention here
that classification statistics present the advantage of being more easily
understood by a larger public than correlations and regressions. Indeed,
managers often struggle to understand the meaning of correlations
(Cucina, Berger, & Busciglio, 2017; Highhouse, Brooks, Nesnidol, & Sim,
2017). We hope therefore the results conveyed in this study can then be
easily understood by managers and be applied in organizational settings.

4.3. Limitations and future research

First, personality was only measured through a self-report. There is
now growing evidence that observer ratings of personality provide in-
formation that is not captured by self-ratings (Connelly & Ones, 2010;
Oh et al., 2011). Hence, it is essential to confirm that LinkedIn indicators
also signal personality as perceived by others and not only through self-
reports.

Second, our study was conducted based on a homogenous sample.
Even though participants had very diverse nationalities, they all were
young, educated, and came from the same hospitality management
school. As shown by other scholars (Brenner et al., 2020), there are some
segments of the population that are more likely to have a LinkedIn ac-
count than others. More specifically, individuals who went to college are
more likely to have a LinkedIn account that those who have never
attended college. It means that personality inferences based on LinkedIn
could mainly be done for more educated people. Another corollary of
this is that some LinkedIn indicators analyzed in our study were tied to
the specific environment in which the study was conducted, notably
regarding the extracurricular activities.

Third, self-rated personality was assessed a few years before Link-
edIn profiles were coded. As personality traits are not fixed and one’s
standing on a trait might change over time (Specht et al., 2011), we do
not know if LinkedIn indicators identified in our study reflect the per-
sonality of the individuals after they have graduated. For instance, some
indicators of conscientiousness (e.g. GPA) might indicate participants’
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level of conscientiousness during their studies, but might be less capable
to predict their level of conscientiousness in work settings.

Future research could explore if signals of personality identified on
LinkedIn in this study remain consistent signals of the same traits across
different continents, age groups, and settings. More precisely, it would
be interesting to see if LinkedIn indicators in samples of employees
working in the same company (but coming from different educational
backgrounds) predict the same personality traits. In addition, future
research could build on our findings about gender and LinkedIn, as it
seems that men and women signal their personality traits via different
indicators. Finally, future studies might be conducted to train assessors
to code LinkedIn profiles and determine if their ratings predict signifi-
cant outcomes such as employee performance, turnover, leadership
effectiveness, organizational citizenship behaviors, or counterproduc-
tive work behaviors. The final step would be then to examine the in-
cremental validity of those LinkedIn ratings over self-reported
personality and other selection methods.

5. Conclusion

Our study offers empirical evidence that LinkedIn can be used to
accurately infer LinkedIn users’ personality. In addition to past studies
that have shown that the trait of extraversion could be reliably inferred
from LinkedIn profiles (Roulin & Levashina, 2019; Van de Ven et al.,
2017), this study shows that there are a wide variety of indicators that
signal a person’s level of conscientiousness. There are also valid in-
dicators of agreeableness and openness albeit to a lesser extent than for
extraversion and conscientiousness. Our work extends previous studies
conducted on LinkedIn and personality by only targeting profiles of
individuals who are already in the job market and by analyzing a
broader array of indicators than previously examined. Our findings call
for additional research to examine if LinkedIn indicators that have been
identified as valid in our study are replicable in samples with older in-
dividuals and in more diverse samples. Future research will also
examine if LinkedIn indicators contain trait-relevant information
beyond the scope of self-reports, and offer incremental validity to pre-
dict consequential workplace outcomes such as job performance, turn-
over, or leadership effectiveness.
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