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Abstract
Various surveys suggest LinkedIn is used as a screening and selection

tool bymany hiring managers. Despite this widespread use, fairly lit-

tle is known aboutwhether LinkedInmeets established selection cri-

teria, such as reliability, validity, and legality (i.e., no adverse impact).

We examine the properties of LinkedIn-based assessments in two

studies. Study 1 shows that raters reach acceptable levels of consis-

tency in their assessments of applicant skills, personality, and cogni-

tive ability. Initial ratings also correlatewith subsequent ratings done

1-year later (i.e., demonstrating temporal stability), with slightly

higher correlations when profile updates are taken into account. Ini-

tial LinkedIn-based ratings correlate with self-reports for more visi-

ble skills (leadership, communication, and planning) and personality

traits (Extraversion), and for cognitive ability. LinkedIn-based hiring

recommendations are positively associatedwith indicators of career

success. Potential adverse impact is also limited. Profiles that are

longer, include a picture, and have more connections are rated more

positively. Some of those features are valid cues to applicants’ char-

acteristics (e.g., applicants high on Conscientiousness have longer

profiles). In Study2,we show that an itemized LinkedIn assessment is

more effective than a global assessment. Implications of these find-

ings for selection and future research are discussed.
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One of themost pervasive innovations in employment selection and recruiting over last several years has been the use

of socialmedia, including LinkedIn and Facebook. Companies review job applicants’ socialmedia profiles tomake initial

screening decisions (Bohnert & Ross, 2010; Brandenburg, 2008; Roth, Bobko, Van Iddekinge, & Thatcher, 2016). It is

assumed, that social media profiles allow companies to gather information about applicants’ personality, skills, experi-

ences, and values, and examine the degree to which applicants’ qualifications are aligned with the job requirements or

fit with the organizational culture (Bangerter, Roulin, & König, 2012; Roulin & Bangerter, 2013b).

The purpose of this study is to provide a systematic assessment of LinkedIn as a new selectionmeasure.We focus on

LinkedIn and not on Facebook for several reasons. First, LinkedIn is a professional social media created to facilitate the
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job search and career development (Weidner, O'Brien, &Wynne, 2016), whereas Facebook is a personal social media

created to facilitate the interaction between friends and family members (Karl, Peluchette, & Schlaegel, 2010; Roulin,

2014). As such, LinkedIn should providemore job-related information regarding applicants than Facebook. Second, the

use of Facebook in selectionmight increase legal liabilities for companies. Protected information, including applicants’

age, ethnicity, and disability,may bemore visible and readily available on Facebook than LinkedIn (e.g., Levashina, Peck,

& Ficht, 2017). The use of such information in selection may be illegal (Brandenburg, 2008; Brown & Vaughn, 2011;

Davison,Maraist, Hamilton, &Bing, 2012; Slovensky&Ross, 2012) and resulting in biased decisions and discrimination

(Van Iddekinge, Lanivich, Roth, & Junco, 2016). Moreover, company use of applicant information posted on Facebook

has been associatedwith negative reactions fromapplicants, who perceive it as an invasion of their privacy (Stoughton,

Thompson, &Meade, 2015). In contrast, the use of information posted on LinkedIn should be associated with positive

reactions from applicants (Stoughton, 2016).

Selection research has identified a number of different criteria to assess and examine the potential value of selec-

tion methods, with authors listing 5 to 10 different criteria (Gatewood & Field, 2001; Heneman, Judge, & Heneman,

2000; Noe, Hollenbeck, Gerhart, & Wright, 2008). The most frequently mentioned criteria, include reliability, validity,

legality (i.e., potential adverse impact), and standardization. Yet, social media (LinkedIn more particularly) have been used

to make selection decisions with little consideration of whether such an approach meets established selection stan-

dards or criteria (Davison, Bing, Kluemper, & Roth, 2016).We propose that it is time to look back, provide a systematic

assessment of LinkedIn as a new selection measure, and evaluate if it meets such criteria or represents a fad or a false

start.

We build on the realistic accuracy model (RAM; Funder, 1995), which highlights how information characteristics

(e.g., quality, richness, visibility) influences the accuracy of raters’ judgments, to examine the psychometric properties

of LinkedIn-based assessments in two studies. In Study 1, we examine the interrater reliability and temporal stability

of LinkedIn assessments. We also examine convergent validity (or the relationship between raters’ inferences from

LinkedIn profiles and applicants’ cognitive ability test scores and self-reports of skills and Big Five personality traits)

and criterion-related validity. Raters’ use of LinkedIn information to make hiring recommendations is also explored. In

Study 2, we explore how standardizing assessments by using an itemized approach to rate LinkedIn profiles influences

inter-rater reliability and adverse impact.

1 LINKEDIN AS A SELECTION TOOL

LinkedIn is the largest and fastest-growing professional social media, with more than 530 million users in over 200

countries in 2017 (linkedin.com). LinkedIn usage is not associated with age, gender, or education, but is slightly more

popular for high-income individuals (Blank & Lutz, 2017), thus making it a potentially relevant platform for recruiting

or assessing a variety of applicants. Indeed, according to various surveys, LinkedIn is extensively used in recruitment

and selection. It has been suggested that over 40% of job seekers use LinkedIn to find jobs (Collmus, Armstrong, &

Landers, 2016), 94%of hiringmanagers use it for recruitment (Guilfoyle, Bergman,Hartwell, &Powers, 2016), and85%

for selection purposes (Kluemper, Mitra, & Wang, 2016). In addition to its free version, LinkedIn offers organizations

various fee-based recruitment solutions enabling managers to easily find, interact, screen, and select job applicants

(Black,Washington, & Schmidt, 2016; Nikolaou, 2014).

LinkedIn profiles contain an abundance of job-related information about job applicants. Users include information

about their education, professional experiences, projects, volunteering or associative activities, the skills they possess,

and/or the computer programs theymaster (Shields&Levashina, 2016). LinkedIn profiles thuswork as extendedonline

résumés (Kluemper, 2013; Zide, Elman, & Shahani-Denning, 2014). LinkedIn also affords users features traditional

résumés cannot offer: connect with other users, join interest groups, publish news/posts or comment on others’ posts,

and follow organizations. Users’ listed skills can also be endorsed by members of their network, and such endorse-

ments become visible on the user's profile. Connections can even generate additional skills that users have not listed

themselves (Carr, 2016). Moreover, users can request detailed written recommendations from their connections. In

http://linkedin.com
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summary, LinkedIn profiles include features of traditional résumés, rolodexes, reference checks, and recommendation

letters (Collmus et al., 2016).

As part of a preliminary study, we surveyed 70NorthAmerican hiringmanagers about their perceptions of LinkedIn

versus established selectionmethods (see the online supplement formore details).We found that this sample of hiring

managers considered LinkedIn to be equivalent to résumés in terms of construct validity for assessing personality and

in terms of predictive validity, and only slightly less valid than résumés for assessing skills and cognitive ability. Yet,

LinkedIn-based ratings of skills, personality, and cognitive ability were perceived as being less valid than interview-

based ratings of the same applicant characteristics. There is also initial evidence that hiring managers rely on appli-

cants’ profiles to assess person-job or person-organization fit (Chiang & Suen, 2015).

2 THE RAM AND LINKEDIN ASSESSMENTS

In the present research, we propose to examine LinkedIn-based assessments, building on RAM (Funder, 1995, 1999,

2012). RAMdescribes the process by which a judge attempts to accurately assess individual characteristics of a target

person. RAMhas been used to examine judgments about a variety of characteristics, including skills, abilities (e.g.,Warr

& Bourne, 1999), and personality (e.g., Blackman & Funder, 2002; Letzring, Wells, & Funder, 2006). Although it was

initially used for judgments based on face-to face interactions (e.g., Blackman & Funder, 2002; Letzring et al., 2006), it

has been recently applied to social media based judgments (Collmus et al., 2016; Gosling, Augustine, Vazire, Holtzman,

& Gaddis, 2011; Kluemper, Rosen, &Mossholder, 2012) and is thus relevant for LinkedIn-based judgments.

The accuracy of judges’ assessments depends on four characteristics (Funder, 1995, 1999). First, the environment

used to make assessments should include information relevant to the trait. That is, the target's displayed behaviors

should usually be associated with a specific personality trait or a characteristic. Second, this information should be

available to the judge. Availability is facilitated when the behavior is frequently displayed and a large quantity of infor-

mation is accessible to the judge. Third, the judgemust detect the informationmade available. It depends on the judge's

willingness, attention, and abilities to detect the information. Finally, the judgemust utilize the information: interpret it

and classify it correctly to assess the trait of interest.

The relevance, availability, detection, and utilization can either facilitate or impede accurate judgments. The rele-

vance and availability are particularly pertinent for examining LinkedIn-based assessments of applicants’ characteris-

tics, because theydependon the traits being assessed and the selectionmethodbeingused. Thedetection andutilization

depend primarily on individual characteristics of the rater and the use of collected information during selection.When

relevance is high, traits are more visible and the behaviors relevant to the trait are more frequently displayed by the

target, resulting in more accurate trait assessment (Funder, 1999). In addition, when availability is high, more quantity

and better quality of information about the trait become available, resulting in more accurate trait assessment (Let-

zring et al., 2006).

2.1 Reliability of LinkedIn assessments

For LinkedIn to be considered a valuable selection measure, one must demonstrate that profile-based assessments

are reliable and not contaminated with errors (Kluemper et al., 2016; Roth et al., 2016). Interrater reliability assesses

the degree to which ratings of the same LinkedIn profile are consistent across assessors. Yet, interrater reliability has

been examined only in the context of Facebook. Using 63 assessors to rate six profiles, Kluemper and Rosen (2009)

found high levels of reliability of Facebook-based personality ratings, with intraclass correlation coefficients (ICCs)

ranging from 0.93 for Extraversion to 0.99 for Conscientiousness. In a subsequent study with only three raters pro-

viding personality ratings for 274 profiles, Kluemper et al. (2012) obtained interrater reliability (i.e., ICCs) ranging

from 0.43 for Emotional Stability to 0.72 for Extraversion. Van Iddekinge et al. (2016) found lower levels of reliability

between tworaters evaluating416profiles for applicants’ knowledge, skills, abilities, andother characteristics (KSAOs;
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average ICC= 0.14) and suitability ratings (ICC= 0.23). These findings suggest that applicants’ personality can be reli-

ably measured on Facebook but that the reliability of skills (i.e., KSAOs) or suitability is lower.

The content of LinkedIn largely differs from Facebook. Thus, the reliability coefficients may not generalize from

Facebook toLinkedIn assessments (Davisonet al., 2016). According toRAM(Funder, 1995, 1999), assessmentsof traits

that aremore visible (i.e., whenbehaviors relevant to the trait are displayedmore frequently) and associatedwithmore

information (i.e., more quantity of information about the trait is made available) should be more accurate and lead to

high interrater reliability. On social media, relevant information about personality traits are likely to be found in sec-

tions about personal preferences or out-of-work activities. Although users of professional platforms like LinkedIn can

provide personal information on their profile, this information is usually less visible and less frequent than on personal

social media like Facebook. As such, LinkedIn provides fewer opportunities to reliably assess applicants’ personality

than Facebook profiles and, although raters should demonstrate reliability, we expect somewhat lower levels of inter-

rater reliability to be reached (e.g., as compared toKluemper&Rosen, 2009).However, LinkedIn profiles include a large

quantity of job-related information about education, skills, professional experiences, projects, volunteering or associa-

tive activities, and professional groups (Shields & Levashina, 2016). As such, information about applicants’ skills and

abilities should be more readily available to raters on LinkedIn profiles. Thus, we expect to observe larger interrater

reliability about the LinkedIn-based skills and abilities assessments than the reliability about the Facebook-based skills

and abilities assessments reported in Van Iddekinge et al. (2016). Similarly, we expect to observe higher levels of relia-

bility for hiring recommendations, which should be based on an overall assessment of the LinkedIn profile, than overall

Facebook-based ratings (e.g., the suittability ratings in Van Iddekinge et al., 2016).

Hypothesis 1: Raters demonstrate consistency in their LinkedIn-based ratings of (a) skills, (b) personality traits, (c)

cognitive ability, and (d) hiring recommendations.

2.2 Temporal stability of LinkedIn assessments

Social media profiles are dynamic in nature and can be regularly updated by users. As such, it is important to assess

the temporal stability of LinkedIn assessments. Unfortunately, existing research is limited to language-based assess-

ments of Facebook profile, and there is no empirical examination using human ratings or focused on LinkedIn (Davison

et al., 2016). According to RAM (Funder, 1995, 1999, 2012), judges’ ratings are more accurate for good targets. A key

feature of such targets is that their behaviors are consistent over time or across situations. Relevant traits of targets

demonstrating consistent patterns of behaviors can be accurately assessed even by unfamiliar judges. This RAM prin-

ciple thus suggests that social media assessments should demonstrate higher temporal stability when profiles include

content that is stable over time and/or demonstrates consistent patterns of behaviors.

Most social media platforms (e.g., Facebook) encourage users to regularly update their profile to highlight both

important changes in their lives and daily experiences or activities (Slovensky & Ross, 2012). Raters assessing the pro-

file of a Facebook user at different points in times would likely be facing largely different information, thus leading to

inconsistent ratings. In contrast, LinkedIn profiles are generally more static (Guilfoyle et al., 2016). Indeed, LinkedIn

differentiates itself from other social media in that it focuses primarily on the static profile content related to employ-

ment, whereas “posting” or dynamic content is less central (Shields& Levashina, 2016). Therefore, because the content

is likely to be fairly consistent over time, we expect to find temporal stability of ratings based on LinkedIn profiles.

However, temporal stability might still be impacted by naturally occurring profile edits and updates: when users

change employment, obtain a promotion, acquire additional education, and/or accumulate work experience. Such

updates are infrequent for experienced workers but more common for workers in earlier career stages. For instance,

college students initially have limited information to populate their LinkedIn profiles. As they accumulate work expe-

rience, they likely update their profile to highlight new responsibilities and newly developed skills, or accumulate

endorsements for their skills. Similarly, as they progress through their education or enter the job market, they likely

update their profile with information (e.g., degree, GPA, awards) that is often used by hiring managers to assess cogni-

tive abilities (Cole, Rubin, Feild, & Giles, 2007). In sum, college students likely update their profile to reflect changes
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in their qualifications or provide more information, which might help raters achieving more accurate assessments.

The temporal stability of ratings of skills and cognitive ability, and, indirectly, overall hiring recommendations is likely

attenuated. Also, we expect that controlling for profile updates (i.e., howmuch profiles have been edited) increases the

temporal stability for these characteristics. However, the temporal stability of personality ratings should not increase,

because updates likely do not providemore relevant information to assess such traits.

Hypothesis 2: LinkedIn ratings of (a) skills, (b) personality traits, (c) cognitive ability, and (d) hiring recommenda-

tions demonstrate temporal stability.

2.3 Convergent validity of LinkedIn assessments

Tobe considered as a valid selectionmethod, hiringmanagers’ LinkedIn-based assessments of applicants’ qualifications

should converge (i.e., correlate) with test scores or self-report of the same qualifications (Roth et al., 2016). The limited

empirical evidence suggests that ratings of personality traits (Kluemper et al., 2012) and cognitive ability (Kluemper &

Rosen, 2009) based on Facebook profiles demonstrate convergence with self-reports, but ratings of skills do not (Van

Iddekinge et al., 2016). However, research on convergent validity for LinkedIn ratings is lacking. The RAM principle of

availability proposes that raters can more accurately assess traits that are more visible and include richer and more

representative information (Funder, 1995, 1999). Broadly speaking, LinkedIn profiles include more information about

job-related skills and cognitive abilities but less information about applicants’ personality, compared to Facebook pro-

files (Davison et al., 2016; Roth et al., 2016; Roulin &Bangerter, 2013b). Indeed, LinkedIn encourages users to describe

their education background, skills they possess, or past work experiences (Shields & Levashina, 2016), which is not

the case in typical Facebook profiles. In contrast, Facebook profiles offer rich and representative information allowing

raters to accurately judge users’ personality (Kluemper et al., 2012), whereas LinkedIn does not invite applicants to

provide extensive personal information on profiles.

Following the sameavailability principle fromRAM(Funder, 1995, 1999), LinkedInmight allowraters tobetter judge

specific skills or personality traits that are particularly visible andprovide raterswithmore frequent cues regarding the

target's (i.e., applicant's) standing on the skill or trait. This should result in improved convergent validity for the assess-

ment of visible skills and personality traits. We focus on a set of eight skills that are identified as the top employability

skills or essential skills for managers across jobs: leadership, planning, communication, teamwork, information seek-

ing, problem solving, conflict management, and adaptability (e.g., Woo, Sims, Rupp, & Gibbons, 2008). We argue that

LinkedIn profiles generally offers more information about four of those skills (i.e., leadership, planning, communica-

tion, and teamwork skills; Davison et al., 2012; Kluemper et al., 2016; Roth et al., 2016), thusmaking themmore visible

and likely helping achieve higher convergence. The extent to which applicants possess leadership skills is likely to be

reflected in the types and numbers of leadership activities (e.g., association president, team captain, supervisor job)

that are key in resume screening (Brown & Campion, 1994) and also visible on LinkedIn profiles, but also through rec-

ommendations and endorsements by LinkedIn connections. The extent to which applicants possess planning or orga-

nization skills is likely to be reflected in the structure and completeness of the LinkedIn profile, or the ability tomanage

multiple activities concurrently (e.g., school andwork or volunteering; Roulin&Bangerter, 2013a). Applicants’ commu-

nication skills are likely to be reflected in the clarity of description, and the amount of details provided, regardingwork

experiences and accomplishments. Teamwork skills could be visible through group activities, such as students’ clubs,

fraternities/sororities, and college team sports. Thus, applicants’ leadership, planning, communication, and teamwork

skills might be easier to infer from LinkedIn profiles. In contrast, applicants’ level of information seeking, problem solv-

ing, conflictmanagement, and adaptabilitymight bemore difficult to infer because these skills are generally less visible

on a LinkedIn profile.

Similarly, some personality traits might be more visible than others. For instance, judgment accuracy is higher for

more visible traits, such as Extraversion, than for less visible traits, that is, Emotional Stability, Conscientiousness,

Agreeableness, and Neuroticism (e.g., Connelly &Ones, 2010). The limited research on résumé screening also demon-

strates that recruiters are more effective at assessing applicant Extraversion than other personality traits (Cole, Feild,
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Giles, & Harris, 2009). Extraverts tend to be more active and provide more information on social media (Gosling

et al., 2011). Social media offers specific opportunity to demonstrate sociable, assertive, or active behaviors, and thus

Extraversion (Collmus et al., 2016). For instance, LinkedIn orientation towards creating professional connections and

highlighting career accomplishments may allow recruiters to accurately assess Extraversion. Extraverts are likely to

have more connections, better highlight career accomplishments, report more volunteering activities, and have more

interest groups, thereforemaking this trait more visible.

Finally, résumé-basedassessmentsof education credentials, academic achievements, andworkexperienceareasso-

ciated with applicants’ cognitive abilities (Cole, Feild, & Giles, 2003). Most LinkedIn profiles include this information,

sometimes with evenmore detail than traditional résumés (Shields & Levashina, 2016).We thus expect LinkedIn to be

a pertinent platform to assess applicants’ cognitive abilities.

Hypothesis 3: LinkedIn-based assessments are correlated with (a) applicants’ self-reports of visible skills (i.e.,

leadership, planning, teamwork, and communication skills) but not less-visible skills (i.e., informa-

tion seeking, problem solving, conflict management, and adaptability), (b) applicants’ self-reports of

visible personality traits (i.e., Extraversion) but not less-visible traits (i.e., the other four traits), and

(c) applicant's cognitive ability test scores.

2.4 Predictive validity of LinkedIn assessments

In addition to convergent validity, decisions based on social media should demonstrate predictive (or criterion-related)

validity. Recent research suggests that Facebook-based suitability ratings are not associated with job performance or

turnover (Van Iddekinge et al., 2016). However, LinkedIn might be a more promising platform. Indeed, LinkedIn pro-

files usually include job-related information similar to biodata inventories (Roth et al., 2016), recommendations or skill

endorsements from colleagues or employers (Weidner et al., 2016), and overall more authentic information (Shields &

Levashina, 2016). This is aligned with the RAM principles of providing richer, more representative, and more ingenu-

ous information regarding traits of interest (Funder, 1995). Moreover, there is initial evidence that LinkedIn content

can be used to predict work outcomes. In a study of over 200 employees, Robinson, Sinar, and Winter (2014) coded

past turnover, the number of companies employees worked for, and the number of positions previously held based

on LinkedIn profiles. All three indicators were associated with employees’ self-reported intentions to stay. Similarly,

LinkedIn ratingsmay be positively associatedwith job-related outcomes, such as job performance or career success. In

the present study, we propose that raters’ hiring recommendations based on their assessments of the LinkedIn profiles

would predict career success measured 1–2 years later. Thus, we propose:

Hypothesis 4: The LinkedIn-based hiring recommendation are positively associated with indicators of career suc-

cess (i.e., demonstrate predictive validity).

2.5 Adverse impact potential of LinkedIn assessments

Another important standard for any selection method is its legality. It is important to demonstrate that scores or rat-

ings are consistent across different groups, and that ameasure does not unfairly discriminate against applicants based

on sex, race, or against other features of protected groups. Facebookprofiles generally includewritten content andpic-

tures allowing raters to easily obtain information about applicant age, ethnicity, religion, sex, and disabilities (Schmidt

&O'Connor, 2016). Extant research on Facebook-based assessments has highlighted potential adverse impact of such

assessments, with more positive ratings reported for female and White applicants (Van Iddekinge et al., 2016). How-

ever, Van Iddekinge et al. explained these effects by differences in posted content, such as women posting more pic-

tures with friends or minorities engaging more in social or political causes. Such content is specific to Facebook and

not included in most LinkedIn profiles. LinkedIn users are not expected to post non-work-related pictures or mention

their political preferences. But, one can still identify gender and ethnicity based on profile pictures or age based on

graduation date. As a result, in the present study, we empirically examine if LinkedIn-based ratings are prone to gender
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or ethnicity biases. Given the limited theoretical foundations (e.g., adverse impact is not directly associated with RAM

principles), the dearth of empirical researchonadverse impact on LinkedIn, and thedifferenceswith Facebook content,

we propose to explore this issue with a research question:

Research Question 1: AreLinkedIn-basedassessments potentially prone to adverse impact leading to lower ratings

for women orminority applicants?

2.6 Profile features associatedwith higher LinkedIn ratings

Although there is evidence that managers do use LinkedIn to make initial screening decisions (Kluemper et al., 2016),

there is little research on how they do it. Zide et al. (2014) asked managers to describe information they use to assess

LinkedIn profiles and identified 14 components of LinkedIn profiles, including achievements, education, number of

connections, profile completeness, profile photograph, recommendations, or skills and expertise. Granted, this was

only a pilot study based on interviews with five managers. Chiang and Suen (2015) asked five managers to assess 20

LinkedIn profiles each. Managers judged whether applicants provided information that was persuasive and credible

across 14 components (e.g., profile photograph, profile summary, experience, volunteer experience, education, recom-

mendations, or endorsed skills). Applicants were evaluated more positively whenmanagers perceived applicant infor-

mation as persuasive and credible. However, they did not directly examine the impact of the 14 components on ratings.

Although this is an area that remains underresearched, it is reasonable to start with examining the impact of compo-

nents that are unique to LinkedIn profiles. Indeed, LinkedIn profiles are considered as digital résumés (Kluemper, 2013;

Zide et al., 2014), but they also offer users the opportunity to provide information that is not available on traditional

résumés. And, the RAM principle of availability (Funder, 1995, 1999) suggests that raters should value profiles that

makemore (and high-quality) information available.

First, research suggests that pictures havemore impact than verbal content on ratings of social media profiles (Van

Der Heide, D'Angelo, & Schumaker, 2012). A photo is a rather undesirable feature of résumés (at least in North Amer-

ica) but is an expected component of LinkedIn profiles. In addition to this normative expectation, RAM suggests that

raters can better assess targets that are perceived to be ingenuous (Funder, 1995). Applicants who do not include a

photo in their profile might be perceived as hiding something (Davison et al., 2016) and thus ratedmore negatively.

Second, the number of connections is an important component of LinkedIn profiles and is absent in the résumés.

Zide et al. (2014) argued that the number of connections is an indicator of applicant networking skills and might be

relevant formany jobs, including recruiting, marketing, sales, or public relations. According to RAM (Funder, 1995), the

number of connections thus represents information that is particularly relevant to assess valuable job qualifications,

leading tomore positive evaluations.

Third, profile length (or the degree of completeness) is also a unique component of LinkedIn profiles. There are

normative expectations for the length of résumés. Typically, applicants with limited work experience are advised to

have one-page résumés, whereas experienced applicants are advised to have two-page résumés. LinkedIn profiles do

not have such length expectations, allowing applicants to include as much information as they want. Long profiles are

likely to bemore comprehensive and include detailed information about skills andwork experiences. Roth et al. (2016)

proposed that assessments would be more valid when based on larger amounts of information. This is consistent with

RAM because making more information available to judges allows for a more accurate assessment of targets (Funder,

1995, 1999). As such, raters should value profiles that aremore comprehensive, thus resulting in higher evaluations.

Finally, skill endorsements are important unique features of LinkedIn profiles. Collmus et al. (2016) argue the total

number of skill endorsements received by applicants can be used as a valuable indicator of experience level with

stated skills, resulting in higher ratings. Carr (2016) suggests that applicants aremore likely to possess skills they state

on LinkedIn than on traditional résumés because of higher “warranting values.” Coworkers and current or previous

employers have the opportunity to confirm stated skills by endorsing them or to refute them by posting comments.

This feedback mechanism creates an incentive for LinkedIn users to only list skills that connections can confirm. Fur-

ther, endorsements limit applicants abilities to engage in online impression management or deception by listing skills
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they do not actually possess (Roulin & Levashina, 2016; Shields & Levashina, 2016). This is also in linewith RAM,which

suggests that good targets provide more ingenuous and nondistorted information (Funder, 1995, 1999). There is some

preliminary empirical evidence supporting the existence of such a mechanism. For instance, individuals instructed to

create a LinkedIn profile tend to engage in less deception in profile sections including verifiable objective information

(Guillory &Hancock, 2012). Thus, skill endorsements should be associated with increased ratings.

Hypothesis 5: Having (a) a longer LinkedIn profile, (b) a profile photo, (c) more connections, and (d) more skill

endorsements is positively related to hiring recommendations.

2.7 Profile features as signals of applicants’ qualifications

From the perspective of the organization, what matters most is the quality of LinkedIn-based hiring recommenda-

tions. More precisely, if raters positively evaluate longer profiles including pictures, more connections and more skill

endorsements, their assessments would be valid to the extent to which those features are associated with applicants’

true qualifications (i.e., signals of their skills, personality traits, or cognitive ability; Roulin & Bangerter, 2013b). In con-

trast, if those features are not related to applicants’ qualifications, then raters should be instructed to ignore them. As

such, in order to better understand the potential value of those profile features, we propose to explore their relation-

ships with applicant cognitive ability scores, and self-reports of skills and personality. Again, given the limited theo-

retical foundations or empirical research on social media profile features associated with applicant qualifications, we

propose to explore this issue with a research question:

Research Question 2: What is the relationship between profile length, profile photo, number of connections, and

skill endorsements and applicants’ cognitive ability and self-reported skills and personality?

2.8 Global versus itemized LinkedIn assessments

According to RAM, judgments are more accurate (i.e., reliable and valid) if made by good judges (Funder, 1995, 1999).

One core feature of good judges is that they are more knowledgeable regarding traits to be assessed and which behav-

iors are relevant to assess them. Although such knowledge can be a function of personal experiences, Funder (1995)

argues that a good judge can be fostered by explicit teaching. Similarly, a key contribution of personnel selection

research in the last decades has been the development of tools and methods helping hiring managers improve the

quality of assessments and hiring decisions. For instance, there is ample evidence that structuring employment inter-

views improves reliability and validity while reducing biases and adverse impact (Campion, Palmer, & Campion, 1997;

Levashina, Hartwell, Morgeson, & Campion, 2014). One key feature of structured interviews is scoring standardiza-

tion. Instead of relying on a global evaluation of applicants, interviewers can rely on a more itemized evaluation of

applicants along multiple established criteria (Lievens & De Paepe, 2004). Decomposing holistic judgments into mul-

tiple ratings provides interviewers a frame of reference (Melchers, Lienhardt, von Aarburg, & Kleinmann, 2011) and

leads to improvements in validity and interrater reliability (Campion et al., 1997). Similarly, Roth et al. (2016) argue

that standardizing social media assessments is difficult but could increase validity. We thus propose to explore global

and itemized assessments of LinkedIn profiles.

Because using social media screening is an emerging practice and most organizations have no Internet search poli-

cies (Roth et al., 2016), it is likely that hiring managers rely on holistic judgments when assessing applicants’ profiles.

Such assessments would involve the rater browsing applicants’ LinkedIn profiles and making an overall global (or clin-

ical) judgment about their level of suitability. Yet, like with interviews, we argue that it is possible to decompose the

LinkedIn assessment process. This would involve asking raters to focus on a series of job-relevant qualifications (e.g.,

skills, personality traits, and cognitive ability) and then to assess each of them on a rating scale before evaluating an

applicant's suitability. Previous research across a range of fields has consistently demonstrated better psychometric

properties for decomposedmethods over holistic ones (Grove&Meehl, 1996;Kuncel, Klieger, Connelly, &Ones, 2013).

Altogether, like decomposing ratings in interviews, we expect itemizing LinkedIn assessments will have the same ben-

efits on psychometric properties, such as improving interrater reliability and diminishing potential adverse impact.
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Hypothesis 6: Itemized LinkedIn assessments are associatedwith (a) higher interrater reliability and (b) lower risk

of adverse impact than global assessments.

3 STUDY 1–PSYCHOMETRIC PROPERTIES OF LINKEDIN ASSESSMENTS

3.1 Method

3.1.1 Sample

Our sample of applicants was composed of 133 senior business students from two universities, one in Canada (60%)

and one in the United States (40%). Canadian students were recruited with the help of the school's career center and

were looking for an internship (i.e., a 3-month full-time placement in a local organization) at the time of the study. U.S.

students were recruited through a career-oriented course and were looking for a job at the time of the study. Mean

age was 21.48 (SD = 2.67). The sample was gender balanced (49% female). It included a majority of White students

(64.5%), but also 22.3% Asian, 5% Black, 2.5%Middle Eastern, and 1.7% Hispanic students (and 4.1% self-categorized

as “other”). Although most LinkedIn users are experienced workers, our sample of senior business students is repre-

sentative and practically relevant for several reasons. First, students and recent college graduates account for over

40 million of the platform users, Millennials are joining this social media faster than any other demographic group,

and LinkedIn has identified college students as its key target for future growth (linkedin.com). Second, assessment of

applicants’ qualifications based on social media has been described asmostly relevant for entry-level jobs (Carr, 2016),

which are the jobs for which university students and graduates largely apply. Finally, we recruited only students who

were real job applicants, that is, they were active job seekers, and we assessed their real LinkedIn profile (i.e., available

online for actual organizations or managers to see).

3.1.2 Procedure

Our data collection and coding took place over 3 years. Between 2014 and early 2015, participantswere initially asked

to use their existing LinkedIn profile (or create one if they did not have one, using their real name) and connect with a

profile created for the study. They were also asked to complete an online questionnaire, including self-reported mea-

sures of personality and skills, and a cognitive ability test. In 2015 and 2016, participants’ profiles were assessed by

two groups of raters, and the content of their profileswas recorded and coded. Initial assessments of profileswere per-

formed6months to a year after the connection. This allowed participants time to familiarize themselveswith LinkedIn,

complete and/or update their profiles, connect with colleagues, and so forth. The second assessment was performed a

year later, allowing us to assess temporal stability. Appropriately determining a time interval for social media assess-

ments is critical to assess stability. Having longer intervals between assessments creates more opportunities for users

to edit and/or update the content of their profile, whichmight distort assessments of temporal stability (Davison et al.,

2016). Yet, because LinkedIn profiles are updated less frequently than Facebook profiles (Guilfoyle et al., 2016), we

chose a 1-year interval between the two assessments of profiles by raters. Finally, the criterion coding was done in

2017 (i.e., 2 years after the initial assessment and 1 year after the last one) to ensure enough time passed between the

profile assessments and ourmeasure of career success. Our study procedures for Study 1 (and Study 2)were approved

by the University ofManitoba Faculty Ethics Board (Protocol #J2013-180).

3.1.3 Measures

Self-reported personality

Personality was measured with the 20-item Mini-IPIP (Donnellan, Oswald, Baird, & Lucas, 2006): a short scale with

four itemsmeasuring each of the Big-Five personality factors ensuring similar coverage of facets as broadermeasures.

Responses were made on five-point Likert scales. Reliability coefficients were similar to those obtained by Donnellan

http://linkedin.com
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et al.: Extraversion (𝛼 = 0.80), Agreeableness (𝛼 = 0.70), Conscientiousness (𝛼 = 0.68), Emotional Stability (𝛼 = 0.56),

andOpenness/Imagination (𝛼 = 0.73).

Self-reported skills

Participants reported the degree to which they believed possessing eight skills/competencies, and each skill was mea-

sured with three items adapted fromWoo et al. (2008). These skills are also partly overlapping with the KSAOs used

by Van Iddekinge et al. (2016). All measures were on five-point Likert scales. Reliability coefficients were acceptable

to good, considering the use of only three items: leadership (𝛼 = 0.73), planning (𝛼 = 0.66), communication (𝛼 = 0.80),

teamwork (𝛼 = 0.77), information seeking (𝛼 = 0.72), problem solving (𝛼 = 0.67), conflict management (𝛼 = 0.73), and

adaptability (𝛼 = 0.67). Research on self–other rating agreement suggests that self-ratings can sometimes be under-

or overestimated, but self-enhancement is more likely in evaluative (vs. research) settings (Fleenor, Smither, Atwater,

Braddy, & Sturm, 2010).Moreover,meta-analytical evidence suggests that although self–other (i.e., supervisor) perfor-

mance ratings correlate only 0.22 (or 0.34when corrected formeasurement error), leniency in self-ratings is quite low

overall (i.e., d=0.32 between self and supervisory ratings; Heidemeier &Moser, 2009). In addition, extensive literature

from cognitive and educational psychology demonstrates that individuals are capable of providing reasonably accu-

rate estimates of their own abilities, with rs between self-reports and objective test performance ranging from 0.29 to

0.52 (e.g., Ackerman&Wolman, 2007; DeNisi & Shaw, 1977;Mabe&West, 1982). Based on the existing literature, and

because we measured skills in a nonevaluative (or non-high-stake) context, we argue that participant self-reports of

skills should not largely be biased by overestimation or leniency.

Cognitive ability test scores

Participants’ cognitive ability was measured with the Wonderlic Test (WPT-Q), an 8-min timed assessment, which

includes a series of 30 verbal, numeric, and logic problems. TheWonderlic has been established as a reliable and valid

measure of cognitive abilities (Hunter, 1989).

Profile ratings

Theprofileswere assessed6months to 1 year after the participants connectedwith us (Time1) by a groupof nineMBA

raters (fivemale, four female) and about 18 to 24months after the connection (Time 2) by another group of eightMBA

raters (five male, three female). Each profile was assessed by two independent raters at both T1 and T2. To increase

the external validity of our findings (i.e., simulate how hiring managers would assess profiles), we recruited Canadian

MBA students with extensive professional experience who were enrolled in an advanced Human Resources Manage-

ment course. They were asked to imagine that they were judging the LinkedIn profiles of potential applicants for an

entry-level generalmanagement position. Raterswere asked to spend asmuch time as they deemed necessary on each

profile, and they rated profiles for 1 hr in total to avoid fatigue. They assessed the applicants’ skills and personalitywith

one-item measures. Ratings were made on five-point Likert scales, which is likely the approach used (consciously or

unconsciously) in practice by hiringmanagers. In addition, this approach is similar to ratings of KSAOs in Van Iddekinge

et al. (2016) and has been successfully used to assess personality (e.g., Gosling, Rentfrow, & Swann, 2003). Raters also

assessed cognitive ability using the one-item approach from Kluemper and Rosen (2009) (i.e., “Estimate the user's IQ.

Remember that the average IQ is 100, and one-sixth of the population has IQs less than 85, with one-sixth scoring over

115″). Finally, they made hiring recommendations with a 5-item measure (e.g., “I would recommend this applicant for

the position,” 𝛼T1 = 0.95 and 𝛼T2 = 0.96) adapted fromKluemper et al. (2012).

Profile content coding

In parallel to profile assessment by our MBA raters, a trained research assistant and the first author coded objective

features of LinkedIn profiles. First, in order to capture the length/comprehensiveness of the profile, we saved each

profile as aPDF (using theLinkedIn “save toPDF”option).We thencounted thenumberofwords in theprofile.Next,we

coded the presence (i.e., yes/no) of the following features: a main profile picture, the picture being a professional shot

(i.e., high quality headshot with professional dress), a summary section, written recommendations (from colleagues or
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employers), school major, GPA, awards received, involvement in extracurricular activities. We then coded the number

of connections the user had, the total number of skills listed, the number of skill endorsements, and the number of

interest groups of which the user was a member. Finally, we coded the level of details provided for work experiences,

with 0 = no work experience listed in the profile, 1 = the user only provides the job title/role and the organization for

each experience listed, and 2 = the description contains information about the job profile, key responsibilities, and/or

accomplishments.

Career success

About 2 years after the Time-1 ratings and 1 year after the Time-2 ratings, another trained research assistant and the

first author coded the profiles to obtain criterion data. Because our participants were senior business students with

majors across the discipline, we decided to code for four broad indicators of career success. First, we coded if they

obtained a job in line with degree and major (e.g., business analyst, financial advisor–coded 1) versus no job or a job

that did not require a college education (e.g., restaurant waiter, sales’ associate in retail–coded 0). Second, we coded

if participants had a management role (yes = 1 vs. no = 0). Third, we coded if they had received a promotion in either

the same organization or by moving to another organization (e.g., from assistant manager to manager–coded 1 vs. 0).

Finally, we counted the number of jobs in line with participants’ degrees since graduation. Importantly, we checked if

the LinkedIn profiles had been regularly or recently updated by the user. Profiles that had not been updated (and thus

did not provide accurate criterion data) were not coded andwere excluded from the analyses.

3.1.4 Results

Interrater reliability

Weexamined the interrater reliability of LinkedIn-based assessments (Hypothesis 1) by calculating the ICC for the two

raters assessing the profile (Table 1). We used the ICC (1, k) model (i.e., one-way random with mean ratings) because

the two raters for each profile were drawn from a total of nine or eight raters (Shrout & Fleiss, 1979).1 We found that

raters tend to rate skills consistently, with average ICCs across all skills= 0.45 for T1 and 0.40 for T2, althoughwe note

that the ICC for T2 was particularly low for two skills, namely conflictmanagement (0.03) and leadership (0.04). Raters’

assessments of personality (average ICC= 0.37 for T1 and 0.54 for T2), cognitive ability (ICC= 0.63 for T1 and 0.57 for

T2), and hiring recommendations (ICC=0.58 for T1 and 0.75 for T2) also demonstrated interrater reliability, consistent

with Hypotheses 11a, b, c, and d.

Temporal stability

We examined the temporal stability of LinkedIn-based assessments over time (Hypothesis 2) with correlations

between the average ratings of the same skill/trait at the two time points (Table 1).We note that because ratings were

made by different groups of raters at T1 and T2, our results should be interpreted as relative (and not absolute) coeffi-

cients of stability. Ratings demonstrated stability for skills (ranging from r = 0.39, p < 0.01 for conflict management to

r= 0.57, p< 0.01 for planning, with an average r= 0.51 across all skills), personality (ranging from r= 0.43, p< 0.01 for

Conscientiousness to r= 0.65, p< 0.01 for Extraversion, with an average r= 0.52 across all skills), and cognitive ability

(r = 0.58, p < 0.01). Temporal stability was also demonstrated for hiring recommendations (r = 0.52, p < 0.01). Alto-

gether, these findings provide support to Hypotheses 2a, b, c, and d. Yet, they also suggest that ratings of some specific

skills (e.g., planning, communication) and personality traits (e.g., Extraversion) aremore stable over time than others.

Additionally, we computed partial correlations between the average ratings of the same skill/trait/recommendation

at T1 and T2, controlling for updates made in the profile (measured as the change in profile length—that is, number of

words in the profile) between the two ratings. On average, participants increased their profile length by 98.07 words

(SD = 174.36). As expected, stability coefficients increased (slightly) for skills (average partial r = 0.53), cognitive abil-

ity (partial r = 0.62), and hiring recommendations (partial r = 0.58). Stability did not improve for personality (average

partial r= 0.52).
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TABLE 1 Psychometric properties of LinkedIn assessments (Study 1)

Interrater reliability
Temporal
stability (T1-T2)

Observed convergent
validity (r)

Corrected convergent
validity (𝝆)

T1 T2 Average r Partial r T1 T2 Average T1 T2 Average

Skills

Leadership 0.40 0.04 0.22 0.48** 0.51** 0.22** 0.23* 0.26** 0.41 1.00 0.70

Planning 0.52 0.40 0.46 0.57** 0.60** 0.16 0.27** 0.23* 0.27 0.43 0.35

Communication 0.59 0.63 0.61 0.58** 0.60** 0.19* 0.23* 0.22* 0.28 0.32 0.30

Teamwork 0.40 0.57 0.49 0.50** 0.51** 0.11 0.13 0.11 0.20 0.20 0.20

Information seeking 0.41 0.61 0.51 0.47** 0.51** 0.01 0.17 0.10 0.02 0.26 0.14

Problem solving 0.47 0.40 0.44 0.56** 0.59** 0.12 0.19 0.14 0.21 0.37 0.29

Conflict management 0.34 0.03 0.19 0.39** 0.41** 0.09 0.04 0.08 0.18 0.27 0.23

Adaptability 0.46 0.53 0.49 0.49** 0.53** 0.00 0.11 0.04 0.00 0.19 0.09

Personality

Extraversion 0.41 0.63 0.52 0.65** 0.66** 0.22** 0.15 0.20* 0.39 0.21 0.30

Agreeableness 0.50 0.61 0.55 0.49** 0.47** 0.08 0.10 0.10 0.13 0.15 0.14

Conscientiousness 0.14 0.38 0.26 0.43** 0.43** 0.01 0.13 0.08 0.03 0.26 0.14

Emotional stability 0.31 0.57 0.44 0.44** 0.43** 0.01 −0.05 −0.02 0.02 −0.09 −0.03

Openness 0.47 0.51 0.49 0.60** 0.61** 0.10 0.04 0.06 0.17 0.07 0.12

Cognitive ability 0.63 0.57 0.60 0.58** 0.62** 0.18 0.38** 0.30** 0.23 0.50 0.37

Hiring recommendation 0.58 0.75 0.67 0.52** 0.58** – – – – – –

Note: N=128 for T1 and 103 for T2 for reliability, with intraclass correlations coefficientswith ICC (1, k).N=119 for T1 and the
average, and 96 for T2 (but 92 and 72 for cognitive ability) for validity, with values being correlations between self-reports/test
scores andLinkedInassessments. Partial correlation controlling for change inprofile content.Correctedvalidities (𝜌) computed
with rxy/sqrt(rxx*ryy).

** p< 0.01, * p< 0.05.

Convergent validity

We examined the convergent validity of LinkedIn-based assessments (Hypothesis 3) using the correlations between

self-reported measures or test scores and LinkedIn ratings of skills, personality, and cognitive ability at the two time

points, as well as the average across both times (Table 1). We report both observed correlations (r) and correlations

corrected for unreliability (𝜌).2 As anticipated, we observed positive and significant correlations between self-reports

and ratings of visible skills (i.e., average r = 0.26, p < 0.01 for leadership, 0.23, p < 0.05 for planning, and 0.22, p < 0.05

for communication, and 𝜌 above 0.30 for all three). Yet, the convergent validity of teamwork was lower than expected

(average r= 0.11, ns and 𝜌= 0.20). In line with our expectations, we did not find convergent validity for the less-visible

skills (e.g., information seeking, problemsolving,with average rs ranging from0.04 to0.14, allns).Overall, these findings

provide partial support forH3a. For personality, and in linewithH3b, Extraversionwas the only traitwith clear positive

and significant correlations between self-reports and ratings (average r = 0.20, p < 0.05 and 𝜌 = 0.30), whereas the

correlations for the other traits were nonsignificant (average rs ranging from −0.02 to 0.10, all ns). In support for H3c,
cognitive ability ratings were positively associated with the test scores and significant (average r = 0.30, p < 0.01, and

𝜌 = 0.37), although this effect was mostly driven by a strong correlation for T2 (r = 0.38). Notably, we found generally

stronger correlations for skills and cognitive ability at T2 (i.e., when ratingswere done 18 to 24months after the profile

creation or connection) than at T1.

Predictive validity

We examined the criterion-related validity of LinkedIn-based judgments (Hypothesis 4) using the observed correla-

tions between raters’ hiring recommendations at Times 1–2, as well as correlations corrected for unreliability, and the



ROULIN AND LEVASHINA 199

TABLE 2 Predictive validity of LinkedIn assessments (Study 1)

Observed predictive validity (r) Corrected predictive validity (𝝆)

M SD T1 T2 Average T1 T2 Average

Obtained job in line
with degree

0.55 0.50 0.16 0.24* 0.20* 0.21 0.28 0.24

Has amanagement
role

0.13 0.34 0.07 0.06 0.09 0.09 0.07 0.08

Has been promoted 0.12 0.32 0.24* 0.09 0.20* 0.32 0.10 0.21

Number of jobs in
line with degree

0.82 0.98 0.22* 0.22* 0.25** 0.29 0.25 0.27

Note:N=112 for T1 and the average across both times,N=88 for T2; validity based on hiring recommendations (with alphas=
0.58 and 0.75); Corrected validities computedwith rxy/sqrt(rxx*ryy).

** p< 0.01, * p< 0.05.

four indicators of career success (Table 2). We note that the sample sizes were somewhat smaller (N = 112 for T1,

N = 88 for T2) given that (a) some participants’ profiles were not available anymore or (b) were never updated by the

user (making criterion coding impossible). Hiring recommendations were positively and significantly associated with

obtaining a job in line with one's degree (average r= 0.20, p< 0.05, and 𝜌= 0.24), with the number of jobs aligned with

the degree (average r = 0.25, p < 0.01, and 𝜌 = 0.27), and with being promoted (average r = 0.20, p < 0.05, and 𝜌 =
0.21). However, recommendations were not associated with having a management role (average r = 0.09, ns and 𝜌 =
0.08). Altogether, our results provide partial support for H4. We also observed similar patterns when examining the

correlations between ratings of individual skills/traits and the career success outcomes.3

Adverse impact

The potential adverse impact of LinkedIn ratings (RQ1)was tested first with ANOVAs, and thenwith regressions, using

the T2 ratings. We examined potential differences associated with gender and ethnicity. We also explored potential

country of residence differences because our sample includes a mix of Canadian and U.S. profiles. However, because

our LinkedIn userswere all studentswith limited variance in age (SD=2.67), wedid not examine adverse impact associ-

ated with age. Comparisons between the profiles of male and female users showed no difference in hiring recommen-

dations: d = 0.07, p = 0.68. Comparisons between the profiles of White and non-White users showed slightly higher

scores for White (M = 3.69, SD = 0.79) than non-White (M = 3.38, SD = 1.02) users, F(1, 124) = 3.68, d = 0.34, p =
0.06. Canadian profiles also received slightly higher hiring recommendations (M = 3.68, SD = 0.81) than U.S. profiles

(M = 3.36, SD = 1.03) users, F(1, 128) = 3.85, d = 0.34, p = 0.05. A significant effect for country (but not ethnicity)

was also observed in Model 1 of the regression analyses (Table 4). However, this effect disappeared once other pro-

file features were included in the regressions (i.e., in Models 2 and 3 – see below). Overall, our findings suggest that

LinkedIn assessments are not prone to adverse impact when examining gender and only small-to-moderate adverse

impact when examining ethnicity or country of residence.

Profile features and ratings

Descriptive statistics and correlations for LinkedIn profiles features are presented in Table 3.We examined the profile

features associated with higher ratings (Hypothesis 5) with regressions using the rating at T2 (Table 4). In addition to

users’ gender, ethnicity, and country, profile length (i.e., the number of words in the profile) was included in Step 2.

This step allowed us to test if more comprehensive profiles are rated more positively but also to control for profile

length when examining the impact of other features. Results highlighted a strong effect of profile length in Model 2,

B= 0.62, p< 0.01, explaining 37% of variance over and above users’ demographic characteristics, and supporting H5a.

In Model 3, we added the other profile features (including profile picture, number of connections, and endorsement).

Adding all the other profile features mentioned in past research explained an additional 21% of variance in total. As

anticipated, hiring recommendationswere positively related to the presence of a picture (B=0.26, p<0.01, supporting

H5b) and the number of connections (B= 0.26, p< 0.01, supportingH5c). Yet, contrary toH5d, accumulatingmore skill
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TABLE 4 Regression predicting hiring recommendations based on LinkedIn (Study 1)

Model 1 Model 2 Model 3

b (SE) Beta b (SE) Beta b (SE) Beta

(Constant) 3.17 (0.20) 2.69 (0.16) 1.91 (0.20)

Gender −0.04 (0.17) −0.02 0.04 (0.13) 0.02 −0.04 (0.12) −0.02

Ethnicity 0.31 (0.17) 0.18 0.25 (0.13) 0.15 0.09 (0.12) 0.05

Country 0.40 (0.19) 0.21* 0.22 (0.15) 0.11 0.21 (0.14) 0.11

Profile length (word count) 0.15 (0.02) 0.62** 0.10 (0.02) 0.38**

Profile picture 0.78 (0.22) 0.26**

Professional picture 0.15 (0.14) 0.07

Presence of a summary 0.03 (0.13) 0.02

Number of connections 0.16 (0.06) 0.26**

Number of groups 0.00 (0.01) 0.03

Description of experiences 0.06 (0.08) 0.06

Number of skills −0.00 (0.01) −0.03

Number of endorsements 0.00 (0.00) 0.13

Recommendations −0.35 (0.27) −0.09

F-value 2.74 19.58 13.24

R2 0.08 0.45 0.66

∆R2 0.37** 0.21**

Note: N = 100. Gender: 1 = female, 0 = male; Ethnicity: 1 =White, 0 = Non-White; Country: 1 = Canada, 0 = United States;
Picture: 1= yes; 0= no.Word count and number of connections in 100s. ** p< 0.01, * p< 0.05.

endorsements was not associated with higher ratings. Moreover, having a professional picture, listing more skills, or

beingmember of more groups were not associated with ratings.

Profile features and self-reports

Finally, in order to better understand the potential value of profile lengths, profile photo, number of connections, and

skill endorsements as valid cues of applicants’ qualities (RQ2), we examined how those features correlated with users’

self-reports of skills, personality, and cognitive ability (Table 5). Of note, results highlighted that more conscientious

users possessed longer profiles (r = 0.22, p < 0.05). Users higher in cognitive ability (r = 0.40, p < 0.01), Extraversion

(r = 0.18, p < 0.05), and self-reported communication (r = 0.21, p < 0.05) were more likely to include a profile picture.

Those higher in Extraversion (r = 0.24, p < 0.01), as well as self-reported leadership (r = 0.26, p < 0.01), planning (r =
0.25, p < 0.01), communication (r = 0.22, p < 0.05), and information seeking (r = 0.20, p < 0.05) had more connections.

Those higher in Extraversion (r= 0.25, p< 0.01), as well as self-reported leadership (r= 0.20, p< 0.05) and information

seeking (r= 0.19, p< 0.05) receivedmore skill endorsements.

4 STUDY 2–GLOBAL VERSUS ITEMIZED ASSESSMENTS

In order to examine the impact of itemizing on the psychometric properties of LinkedIn assessments (Hypothesis 6),

we conducted a second study. The study asked another group of MBA raters to assess a series of business students’

profiles (from Study 1) using a global and (later on) itemized approach.
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4.1 Method

4.1.1 Sample

A group of 24MBA students from aU.S. university participated as raters in the study as part of a class assignment. The

sample was gender balanced (46% female), with amajority ofWhite students (79%).

4.1.2 Procedure &measures

Each MBA rater was asked to assess two groups of 10 LinkedIn profiles (i.e., a total of 20 different profiles): the first

10 using a global or holistic approach and the next 10 using an itemized approach. Raters received a package with

instructions to access profiles andhow toassess them (seebelow), the list of profiles to code, andwere given the ratings

to do as “homework” (and thus could take asmuch time as needed to rate ten profiles). Both ratings were performed in

2017, with about a week between the two types of assessments. Raters received a different list of 10 profiles for each

assessment, and a total of 118 profiles (out of the original 133 still connectedwith our research profile) were scored by

at least two raters.

Global assessments

Raterwere asked to imagine that theywere hiringmanagers for a largeNorth American company andwere involved in

the initial screening of job applicants for an entry-level general management position. They were asked to spend a few

minutes reviewing the content of each of the 10 applicants’ LinkedIn profile andmake hiring recommendations for the

position on a 1–5 scale (1= very low to 5= very high).

Itemized assessments

Raters were provided with similar instructions as above. However, this time, they were asked to assess the applicants

on eight skills (the same as in Study 1–e.g., leadership, communication), the Big-Five personality traits, and cognitive

ability, and thenmake hiring recommendations. Each qualification was assessed with one item (similar to the skills and

personality ratings from Study 1). All ratings weremade on a 1–5 scale (1= very low to 5= very high).

4.2 Results

To examine if itemizing LinkedIn assessments improves interrater reliability, we computed ICCs for global versus item-

ized ratings following the same approach used in Study 1 (Table 6). For the global assessments, raters only provided a

general hiring recommendation based on applicants’ LinkedIn profiles. The interrater reliability for this overall assess-

mentwas relatively low (ICC= 0.38). For itemized assessments, we found higher levels of interrater reliability for skills

(ICCs ranging from 0.43 to 0.60), personality traits (0.49 to 0.62, except for Emotional Stability = 0.24), and cogni-

tive ability (0.47). Importantly, the ICC for itemized hiring recommendations was 0.60: substantially higher than the

unstructured ratings. Overall, our results thus provide support for H6a.

We also report the uncorrected convergent validities (with respect to self-report ratings obtained in Study 1) for

the itemized assessments, as well as the convergent validities corrected for unreliability (𝜌). Of note, we observed the

same pattern of correlations as in Study 1, with higher validities for visible skills like communication (r= 0.22, 𝜌= 0.34),

leadership (r=0.21, 𝜌=0.33), andplanning (r=0.18, 𝜌=0.29), but also forExtraversion (r=0.31, 𝜌=0.47) and cognitive

ability (r= 0.27, 𝜌= 0.39).

To test if itemizing LinkedIn assessments helps reduce the risk of adverse impact, we compared hiring recommenda-

tions for sub-groups (i.e., for gender, ethnicity, and country of residence) for different levels of structurewith ANOVAs.

For gender, we found no difference between female and male profiles for global assessments (M = 2.96, SD = 0.95 vs.

M = 3.00, SD = 1.05, F(1,113) = 0.04, d = 0.04, p = 0.84) but observed higher ratings for women with itemized assess-

ments (M = 3.54, SD = 0.87 vs.M = 3.01, SD = 1.01, F(1,113) = 9.13, d = 0.57, p < 0.01). For ethnicity, we found higher

ratings for the profiles ofWhite than non-White participants for global assessments (M= 3.16, SD= 0.90 vs.M= 2.65,

SD = 1.10, F(1,113) = 7.08, d = 0.50, p < 0.01), and no significant difference was found for the itemized assessment
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TABLE 6 Interrater reliability & convergent validity for global versus itemized linkedin assessments (Study 2)

Interrater reliability (ICCs) Convergent validity itemized

Global Itemized Observed (r) Corrected (𝝆)

Skills

Leadership – 0.56 0.21* 0.33

Planning – 0.58 0.18 0.29

Communication – 0.53 0.22* 0.34

Teamwork – 0.60 0.14 0.21

Information seeking – 0.50 0.04 0.07

Problem solving – 0.50 0.12 0.21

Conflict management – 0.43 0.14 0.25

Adaptability – 0.46 0.17 0.31

Personality

Extraversion – 0.54 0.31** 0.47

Agreeableness – 0.58 0.09 0.14

Conscientiousness – 0.49 0.14 0.24

Emotional stability – 0.24 0.07 0.19

Openness – 0.62 0.04 0.06

Cognitive ability – 0.47 0.27* 0.39

Hiring recommendation 0.38 0.60 – –

Note: N = 118. Intraclass correlation coefficients with ICC (1, k). Corrected validities computed with rxy/sqrt(rxx*ryy).
** p< 0.01, * p< 0.05.

(M = 3.37, SD = 0.90 vs.M = 3.07, SD = 1.09, F(1,113) = 2.63, d = 0.31, p = 0.11). For country of residence, we found

no significant difference for any of the two assessment approaches (i.e., d= 0.03 and 0.16). Overall, itemizing LinkedIn

assessments tends to reduce potential adverse impact associatedwith ethnicity, but it also leads to slightlymore favor-

able ratings for women thanmen, thus providing only partial support for H6b.

5 DISCUSSION

5.1 Theoretical and practical implications

A key contribution of personnel selection research has been the examination and improvement of the psychometric

properties of selection methods. The structured employment interview, and the dissemination of best practices to

interviewers, is a prime example (Levashina et al., 2014). In sharp contrast, the use of social media as a selection tool

is an example of research lagging far behind practice and thus represents a critical challenge for selection researchers

(Roth et al., 2016). Indeed, many hiring managers use social media to screen, assess, and select job applicants (Kluem-

per et al., 2016). They use social media information to infer applicants’ characteristics and rely on these inferences

to make hiring recommendations (Chiang & Suen, 2015). Whether inferred correctly or incorrectly, such inferences

matter because they influence organizations’ hiring decisions. Yet, existing empirical evidence about the reliability and

validity of such inferences is scarce and largely limited to ratings based on personal social media like Facebook (e.g.,

Kluemper et al., 2012; Van Iddekinge et al., 2016). Despite offering potentiallymore job-relevant information (Davison

et al., 2016) and being extensively used for recruitment and selection (Kluemper et al., 2016; Nikolaou, 2014), profes-

sional platforms like LinkedIn have essentially been ignored by researchers. The present research contributes to filling

these theoretically and practically important gaps in several ways, as we describe below. More generally, it confirms
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that the core principles of RAM, such as how judgment accuracy depends on the relevance and availability of informa-

tion about a trait of interest (Funder, 1995, 1999), are also applicable to assessments of professional social media.

We first examined the psychometric properties (i.e., reliability, validity, and legality) of LinkedIn-based assessments

of applicant skills, personality, cognitive ability, and hiring recommendations. All attributes demonstrate similar levels

of interrater reliability (ICCskills = 0.19–0.61; ICCpersonality = 0.26–0.57, ICCcognitive ability = 0.60, ICCrecommendation = 0.67).

Overall, interrater reliability levels are similar to (or slightly smaller than) those obtainedwith Facebook for personality

(ICCs 0.43 to 0.72, Kluemper et al., 2012), but they are higher than those obtained for skills and hiring recommenda-

tions (ICC = 0.14 for KSAOs and 0.23 for suitability ratings; Van Iddekinge et al., 2016). This is in line with the RAM

principles of relevance and availability (Funder, 1995, 1999) because Facebook profiles provide more visible and rele-

vant information about personality; whereas, LinkedIn provides more information about skills and abilities. Moreover,

LinkedIn-based reliability levels generallymeet the established criterion for ICC of 0.50 as suggested byKluemper and

Rosen (2009). Correlations between ratings done with a 1-year interval also suggested that LinkedIn ratings demon-

strate temporal stability (rskills = 0.39−0.58; rpersonality = 0.43−0.65, rcognitive ability = 0.58, rrecommendation = 0.52). Ratings

were alsomore stable for skills, cognitive ability, and recommendations when controlling for profile updates. Although

lower stability results for skills might appear to be a limitation of using LinkedIn as a selection tool, they might also

reflect true changes in skills over time (e.g., through education and work experience). However, future research could

specifically examine how applicants update their profile to reflect newly acquired skills and how this translates into

more accurate assessments by raters.

We then examined convergent validity and found significant correlations between LinkedIn ratings and self-reports

only for more visible skills, such as leadership (ravg = 0.26), planning (ravg = 0.23) and communication (ravg = 0.22), but

not for less visible skills, such as conflictmanagement or information seeking.Only the correlations for teamworkwere

smaller than expected. These findings suggest that the validity of ratings depends on the visibility of the attribute being

inferred and the relevance of the information provided, which is also consistent with RAM (Funder, 1995). LinkedIn

may allow applicants to display representative information about specific skills. For instance, applicants may describe

their leadership roles in multiple settings (e.g., work, school, and volunteering). They may also be able to demonstrate

planning skills through the structure and completeness of the LinkedIn profile andbyhighlighting their ability to handle

multiple activities (e.g., school or work and volunteering). Finally, they may demonstrate their communication skills

through clear and elaborate descriptions of professional and social experiences.

Convergent validitywas also demonstrated only for Extraversion ratings (ravg =0.20 in Study 1 and r=0.31 in Study

2) but not for the other (less visible) personality traits, again consistent with RAM (Funder, 1995, 1999). Although the

validity coefficients for LinkedIn-based ratings of Extraversion are somewhat smaller than those of Facebook-based

ratings (r = 0.28, r = 0.44; Kluemper et al., 2012), or meta-analytical estimations of observer ratings’ validity (r = 0.45;

Connolly, Kavanagh, & Viswesvaran, 2007), they are sensibly higher than the validity of résumé ratings of Extraversion

(r=0.13, Cole et al., 2009). Theweaker validity coefficients for the other Big-Five personality traitswere also similar to

those obtained with résumés (Cole et al., 2009) but smaller than those found with Facebook (Kluemper et al., 2012) or

observer ratings (Connolly et al., 2007). This is not surprising given that Facebook offers more opportunities to users

to highlight their personality through information regarding interests, posts, or pictures, as compared to LinkedIn. For

instance, on Facebook, users may indicate their passion for arts in their main profile or post pictures of their visit to a

museum, thus emphasizing being high on Openness. The same user would not have many opportunities to emphasize

this on their LinkedIn profile, unless job-related. As such, LinkedInmay not represent the best socialmedia platform for

hiringmanagers to assess applicants’ personality, except for Extraversion.

We also found evidence of convergent validity for LinkedIn-based assessments of cognitive ability (ravg = 0.30 in

Study 1, r= 0.27 in Study 2). This is comparable to (or slightly higher than) the r= 0.23 obtained by Van Iddekinge et al.

(2016) with Facebook. Interestingly, in Study 1, convergent validity was stronger at T2 than T1, which could be due to

LinkedIn profiles being updated and incorporating more relevant information (i.e., about 98 more words on average

from T1 to T2), thus allowing raters to provide a better judgment of the applicants’ cognitive ability. Altogether, our

convergent validity correlations can be considered “moderate” in magnitude, when compared to recent benchmarks

for applied psychology research proposed by Bosco, Aguinis, Singh, Field, and Pierce (2015). Indeed, they reported
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r= 0.09 and 0.26 as the boundaries for a “moderate” effect (i.e., 33rd and 67th percentile) based on a meta-analysis of

147,328 correlational effects sizes. Most of our significant findings fall within those boundaries.

LinkedIn-based hiring recommendations were positively associated with several career success indicators (i.e.,

obtaining a job alignedwith one's education, number of jobs, and promotions), although it was not associatedwith hav-

ing management responsibilities. Our results highlight the potential of LinkedIn to predict relevant career outcomes

and are thusmore encouraging than the reported lack of predictive validity for Facebook-based suitability ratings (Van

Iddekinge et al., 2016). Moreover, our results, coupled with the findings for turnover from Robinson et al. (2014), sug-

gest that LinkedIn has the potential to predict a variety of relevant job-related outcomes.

The findings that LinkedIn-based hiring recommendations were not associated with adverse impact for gender and

only small-to-moderate effects for ethnicity (with the non-White group composedmostly of Asian students, with some

Black, Middle-Eastern, and Hispanic students) and country of residence are encouraging. These effect sizes are lower

for gender and equivalent for ethnicity to ones obtained by Van Iddekinge et al. (2016) for Facebook suitability rat-

ings. TheCanadian versus American differences in ratings observed could be because the raters in Study 1were from a

Canadian university andmay thus have favored local profiles. Importantly, the (small) effect of ethnicity and country of

residence disappeared when other profile features were included in the analyses. It could thus be that the profile con-

tent ofWhite versus non-White andCanadian versusAmerican students objectively differed in our study. For instance,

White students were more likely to have a profile picture than non-White students (96% vs. 80%), and Canadians had

on average more connections than Americans (169 vs. 128). As we discuss below, including a picture and having more

connections were key features of profiles receiving higher ratings.

We found three key characteristics of successful profiles: profile length, profile picture, and number of connections.

However, listing more skills, collecting endorsements, joining groups, or describing volunteering involvements all had

a negligible impact on recommendations. These findings are consistent with past research. Indeed, amore comprehen-

sive profilemay signal that applicants havemoreexperience todisplay, investedmoreeffort building a complete profile,

or are simply more conscientious (Roth et al., 2016). Studies similarly showed that Facebook users are judged largely

based on pictures they post, howmany “friends” they have, and who those friends are (Utz, 2010; Van Der Heide et al.,

2012).

Moreover, our findings suggest that at least some of those features could be valid cues of applicants’ qualifications.

Profile length was positively related to Conscientiousness. Including a picture was positively related to self-reported

communication, Extraversion, and cognitive ability. The number of connections was positively related to self-reported

leadership, planning, communication, information seeking, and Extraversion.

Finally, our second study highlighted that itemizing LinkedIn assessments were more reliable than global assess-

ments. With the itemized approach, we asked raters to assess a wide range of constructs (i.e., skills, personality traits,

and cognitive ability) with one-item measures. With the global assessment, we asked raters to assess only one con-

struct (i.e., hiring recommendations) with one-item measure. Our findings confirm the positive impact of standardiza-

tion observed with other selection methods, like interviews (Levashina et al., 2014) or assessment centers (Melchers

et al., 2011), also applies to social media assessments. The results also suggest that an itemized approach can mitigate

risks associated with adverse impact for non-White applicants but might favor female over male applicants. Although

our study was not oriented towards a specific job, organizations could use a similar approach but instruct hiring man-

agers to focus only on job-relevant qualifications.

5.2 Practical implications

From a practical perspective, and although our findings and the existing literature highlight several limitations associ-

ated with cybervetting, our results suggest that organizations that do (or want to do) cybervetting might be encour-

aged to screen applicants based on LinkedIn instead of Facebook. Our research further illustrates which (and to what

extent) applicant characteristics can be reliably and validly assessed based on LinkedIn profiles. For instance, hir-

ing managers can reliably assess and make valid inferences about Extraversion, planning or communication skills,

and cognitive abilities using LinkedIn. However, they should refrain from attempting to assess conflict management,
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adaptability, or personality traits other than Extraversion. Our findings also illustrate the practical importance of pro-

viding managers with a frame of reference (with a structured process and decomposed ratings) when assessing online

profiles of applicants.

Our results regarding profile features associatedwith higher hiring recommendations have direct practical implica-

tions for job applicants, whereas those about valid cues of applicants’ qualifications have implications for organizations

and hiring managers. Applicants could be encouraged to include a profile picture and complete all sections of their

profile to make it as comprehensive as possible and thus increase chances of receiving more positive ratings. Organi-

zations should encourage managers to focus on those particular profile features that are valid cues about applicants’

qualifications or personality traits required to perform the job (e.g., profile comprehensiveness as a valid signal of Con-

scientiousness) and ignore other cues unrelated to applicants’ true qualifications.

5.3 Limitations and future research directions

This study represents an initial attempt to assess the value of LinkedIn as a selection tool. However, it has a number

of limitations that could be dealt with by additional research. Our sample of profiles was limited in size, as such our

findings should be replicated with a larger group of LinkedIn users. Our sample was only composed of business stu-

dents (i.e., with limited professional experiences, and thus limited profile content). On the one hand, because profiles

of this population are shorter and more similar to one another, it may be easier for raters to reach similar conclusions

about applicants’ qualifications. On the other hand, the limited information availablemay force raters tomake assump-

tions about the likelihood that an applicant possesses a particular skill or personality trait, thus potentially reducing

reliability or validity.More experiencedworkersmay havemore comprehensive LinkedIn profiles (e.g., withmorework

experience, more skills listed, more recommendations, etc.), which may lead to more reliable and valid assessments

according to the RAM principles (Funder, 1995). Overall, whether applicants’ level of experience (and indirectly the

quantity of information available to raters) facilitates or impedes interrater reliability of LinkedIn profiles remains to

be examined. To bolster the external validity of our findings, all ratings were obtained from seniorMBA students (with

work experience and enrolled in HR courses). In Study 1 and the itemized part of Study 2, they were asked to assess

traits using one-itemmeasures (likely more similar to hiring managers’ cybervetting practices but suboptimal in terms

of measurement). Yet, to further increase external validity, field studies with HR managers assessing the profiles of

applicants for specific jobs could be conducted. Furthermore, skills were assessed via self-reports, which could lead

to inflated scores. Some of our skills and personality measures demonstrated relatively low internal consistency (e.g.,

problem solving, adaptability, conscientiousness, and emotional stability). Although this is typical for short measures

like themini IPIP (Donnellan et al., 2006), further studies could attempt to replicate our findingswith longermeasures.

Our criterion data for Study 1 was based on coding career success from LinkedIn profiles. Although imperfect, this

approach was warranted, given the wide range of majors of our participants and the difficulty of obtaining job perfor-

mance data fromamultitude of supervisors and organizations. However, future research could obtain job performance

data and more directly evaluate if LinkedIn-based assessments can achieve higher predictive validity than Facebook-

based assessments (Van Iddekinge et al., 2016). We also did not examine criterion-related validity in Study 2 given

the temporal proximity between profile assessments and career success ratings. Yet, future studies could examine if

itemizing assessments helps increase predictive validity. Moreover, our evaluation of itemized versus global LinkedIn

assessments was based on a generic (i.e., non-job-specific) approach. Future studies could explore if standardizing

assessments is more effective when focused on job-relevant qualifications only, for instance by designing rating scales

to assess skills or personality traits identified through a job analysis. The design of Study 2 was also not counterbal-

anced (i.e., all raters startedwith the global and then used the itemized approach). However, having raters start with an

itemized approach would likely have impacted their subsequent global assessments. Finally, our research was focused

on LinkedIn, and we compared our results to those obtained in previous studies using Facebook. Yet, future research

could also directly compare the psychometric properties of various social media, for instance by having raters assess

the qualifications of the same applicants using their LinkedIn versus their Facebook profiles.
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6 CONCLUSION

Cybervetting, or hiring managers’ attempts to assess applicants’ qualifications based on social media profiles, has

become an inevitable reality of personnel selection. However, research suggests that assessments based on personal

social media, such as Facebook, raises legal and ethical issues and offers limited predictive power. Our research exam-

ined the key psychometric properties of assessing applicants using LinkedIn, the most prevalent professional social

media platform. Although our study identifies the risk and limitations associatedwith LinkedIn-based assessments, we

believe that it represents a superior alternative to Facebook.
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NOTES
1We note that our ICCs (1, k—i.e., one-way random) are different from, and thus not directly comparable to, those reported

by Kluemper, Rosen, and Mossholder (2012), who used ICC (2, 3—i.e., two-way random) because the same three evaluators

rated all the profiles, or byVan Iddekinge, Lanivich, Roth, and Junco (2016), who used ICC (2) because they relied on 86 raters

examining five profiles and then obtained ratings from a second evaluator for only a subsample of the profiles.

2We also include a more comprehensive table, which contains correlations between all self-reports, LinkedIn-based ratings

(averaged across times 1–2), and criterion data, in the online supplement.

3 See the correlations between the average ratings (across T1 and T2) of skills, personality, and cognitive ability, and the four

career success indicators in Table S2 (in the online supplement). In addition, following the suggestionmadebyone anonymous

reviewer, we also conducted relative weight analyses (Tonidandel & LeBreton, 2015) to explore whether ratings of specific

skills and traits weremore strongly associatedwith career success criteria. Results are present in Table S3.
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