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Job roles serve as a boundary between an employee and an organization, and are often considered building
blocks in understanding the behavior and functioning of organizational systems. However, a lack of clarity
about one’s role, that is, one’s work responsibilities and degree of authority, can lead to absenteeism, turnover,
dissatisfaction, stress, and lower workplace performance. This paper proposes a methodology to quantitatively
estimate role ambiguity via unobtrusively gathered data from LinkedIn, shared voluntarily by a cohort of
information workers spanning multiple organizations. After successfully validating this LinkedIn based
measure of Role Ambiguity, or LibRA against a state-of-the-art gold standard, drawing upon theories in
organizational psychology, we examine the efficacy and convergent validity of LibRA in explaining established
relationships of role ambiguity with wellbeing and performance measures of individuals. We find that greater
LibRA is associated with depleted wellbeing, such as increased heart rate, increased arousal, decreased sleep,
and higher stress. In addition, greater LibRA is associated with lower job performance such as decreased
organizational citizenship behavior and decreased individual task performance. We discuss how LibRA can
help fill gaps in state-of-the-art assessments of role ambiguity, and the potential of this measure in building
novel technology-mediated strategies to combat role ambiguity in organizations.
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1 INTRODUCTION

Employee job satisfaction is of prime interest to both individuals as well as organizations. The
complexities related to an individual’s job role, or the expectations applied to an individual within
and beyond an organization’s boundaries can impact their job satisfaction [153]. In fact, any sort of
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discrepancy between what an employer expects and what an employee does at the workplace can
impact wellbeing and performance, as employees can find themselves pulled in various directions
as they try to respond to the many statuses they hold. According to the “Role Theory”, role conflict,
role ambiguity, and role overload are three aspects of job role that contribute to workplace stress,
or the stress that arises if the demands of an individual’s roles and responsibilities exceed their
capacity and capability to cope [79, 112]. Among the role constructs, role ambiguity has been
considered to be the most significant one, and it is also the focus of the current paper [79].

Role ambiguity is broadly considered to include uncertainties about role definition, expectations,
responsibilities, tasks, and behaviors involved in one or more facets of the task environment [72,
79, 127]. Role ambiguity has both objective and subjective components — Objective role ambiguity
refers to external conditions in the individual’s workplace environment, whereas subjective role
ambiguity relates to the amount of ambiguity that the individual perceives in their workplace owing
to the information gap that they face [79]. Further, role ambiguity leads to consequences related to
dissatisfaction, distrust, lack of loyalty, turnover, absenteeism, low performance, anxiety-stress,
and increased heart rate [153]. There is sufficient evidence demonstrating how role ambiguity
negatively affects one’s organizational life in terms of their physiological, behavioral, psychological,
and performance related measures [78, 127].

Traditionally, role ambiguity is measured using survey instruments that record employee re-
sponses to their perceived clarity of assigned tasks, expectations on the job, expectations of peers,
and if these peers explicitly mention their expectations from the focal employee [117]. In particular,
these methods not only suffer from subjective biases [136], but also are only able to capture the
“perceived” component of role ambiguity. Individuals may or may not be aware that they are
working on things beyond their job requirements, such as when there is an information gap, or
if they are investing their effort to gain knowledge and experience [47, 81]. Thus, it is unclear
how useful these measures are [116], and researchers have argued that the lack of an instrument
capable of measuring objective and perceived facets of ambiguity may have impeded both theory
development and application of research results [16].

Further, with the development and adoption of technology in several sectors of the workplace,
the landscape of work is evolving at an unprecedented speed. This also demands continuous skill
development [24, 75]; a recent study by McKinsey Global Institute predicts enormous workforce
transitions in the years ahead, estimating by 2030, as many as 375M workers globally will likely
need to transition to new occupational categories and learn new skills [93]. However, there is
no defined approach for organizations to proactively gauge individuals’ fit with their assigned
roles, no guidance for interventions to help them overcome role ambiguity. An organization that
can proactively deal with role ambiguity will benefit from employees with increased satisfaction,
wellbeing, and productivity in general.

Our study contributes to the above research gap and advances the theory by introducing a novel
way of measuring role ambiguity. To the best of our knowledge, our study is the first to empirically
and objectively measure role ambiguity via LinkedIn, a professional social networking platform
where career profiles are publicly shared by employees with self-descriptions of their job titles
and role descriptions. Juxtaposing traditional surveys with modern sensor derived measures of
wellbeing, we combine methods adopted from natural language analysis and statistical modeling
to examine the relationship of LinkedIn based role ambiguity (LibRA) with the wellbeing and job
performance of individuals — the two important facets corresponding to one’s job satisfaction [127].

Aim 1. To measure role ambiguity using unobtrusively obtained LinkedIn data.
Aim 2. To examine the relationship of Linkedin based Role Ambiguity (LibRA) with
individual wellbeing and job performance.

Aim 3. To investigate what factors may contribute to one’s LibRA, relating to their
intrinsic traits, LinkedIn’s platform-specific characteristics, and preferences and goals
of use of professional social networking service.
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For our rst research aim, we model LinkedIn based Role AmbiguitibRA as a lexico-semantic
di erence between the job description of an individual's role as self-portrayed on their Linkedin
pro le and what is posted by the company for that particular role. To compute this di erence,
we rst employ natural language analysis techniques of word-embeddings to obtain the vector
representations of job descriptions along eight facets of job role, narablljties, interests, knowledge,
skills, work activities, work context, work styles, and work v§l4€s.

In our second research aim, in a theoretically grounded fashion, we test for hypotheses that
examine the relationship ofibRAwith an individual's 1) wellbeing related measures, namely their
heart rate, arousal, sleep, and work-hours, and 2) job performance related measures, namely their
individual task performance, in-role behavior, and organizational citizenship behavior. Our ndings
align with the propositions put forth by role theory, that greatdribRAmeasure is associated
with factors that are related to depleted wellbeing such as, increased heart rate, increased arousal,
decreased sleep, and decreased work hours, and is associated with lower job performance such as
decreased task performance and decreased organizational citizenship behavior.

Finally, in our third research aim, we re ect back to investigate what factors contributé ioRA
as a measure. We contextualize one's self-presentation behavior on LinkedIn, by situating our
observations in the literature on social sciences, social computing, and organizational studies. Our
observations make valuable insights into the unobservable and unaccounted factors, such as an
individual's mindset, job-related motivation, and platform-related nuances.

We discuss the theoretical, practical, and design implications that surround this new measure of
role ambiguity assessed from people's professional social networking data, from the perspective of
employees, organizations, and social computing platforms. Our research contributes to the growing
interest on the topic of Future of Work at the Human-Technology Frontigrwherein we present
new technology-facilitated means to improve workplace health, performance, and functioning.

Privacy, Ethics, and Disclosure. This work is committed to secure the privacy of the employees
and their employers, whose data on individual di erence attributes are used. These individuals
signed informed consent to provide the survey responses as a part of the Tesserae study, which was
approved by the relevant Institutional Review Boards at researcher institutions. In addition, despite
working with publicly posted job descriptions on websites such as LinkedIn, Glassdoor, Indeed,
and company websites, this paper anonymizes each of these job titles and job descriptions. Finally,
this paper reports paraphrased excerpts of LinkedIn self-described portfolios of the individuals.
Together, these measures balance the sensitivity of privacy, traceability, and identi ability, as well
as provide a context in readership. Even accounting for the bene ts, we recognize and acknowledge
the limitations of our methodological approach, and the potential misuses, risks, and ethical
consequences involved with this kind of research, which we elaborate in Section 7.

2 BACKGROUND, THEORETICAL UNDERPINNINGS, AND RESEARCH AIMS
2.1 Role Ambiguity in Organizational Psychology

The theory of organizational role dynamics outlines role con ict, role ambiguity, and role overload as
aspects of the job role that contribute to workplace stre4,[112 114. Organizational psychology
literature emphasized these characteristics of job role for at least ve decades now and ample
empirical evidence exists as to how role ambiguity impacts psychological wellbeing and productivity
of individuals [79. Kahn et al de ned role ambiguity as the discrepancy between the information
available to the person and that which is required for adequate performance of .his role

Over the years, surveys have been used to measure role constructs, and there has been no
consensus on the quality of the measutEllg 134. In surveys,role con ictis measured by asking
individuals if they had to cater to addressing multiple co-worker needs simultaneously, and if they
have to break rules to get things donole ambiguitys measured using responses to whether there

Lhttps://www.nsf.gov/eng/futureofwork.jsp
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are de ned objectives for the role and if they can be well predicted by employBede overloats
measured by the perception of employees, if they can get work done in available time and if a lot
more is expected from theml[L]. Among these, role ambiguity is prone to more signi cant changes
and is more dynamic owing to the technological evolution in the industry. According to the role
theory, role ambiguity is associated with the increase in the likelihood that the individual would be
dissatis ed with their role, would experience anxiety, and would thus perform less e ectively .
Since role ambiguity revolves around the expectations surrounding one's job role, this paper
leverages an unobtrusive data source (self-described / self-presented) professional portfolio on
social media (LinkedIn) to infer their role ambiguity. We validate our measure of role ambiguity on
the basis of theoretically driven hypotheses, grounded in the literature on the relationship of role
ambiguity with wellbeing and performance, which we discuss in the following two subsections.

2.1.1 Role Ambiguity and Wellbeimgsearch has demonstrated that role ambiguity has negative
consequences on employee wellbeid@f. Role ambiguity is one of the antecedents of job satisfac-
tion, and an increase in job satisfaction leads to lower strels3d and higher intrinsic motivation

of employees 159. When employees are intrinsically motivated, they tend to have lesser somatic
symptoms and lower anxietydq. In tune with the traditional principal-agent problem, lower
intrinsic motivation leads to a lesser e ort expended by employees at work [46].

While there is no single conceptualization of wellbeing, the broad categories that wellbeing
encompasses are physiological, psychological and behavioral aspe&:i2[]. Physiological in-
dicators include factors such as blood pressure, heart conditions, and general physical health.
Psychological indicators include a ect, frustration, anxiety, stress, and arousal. Behavioral aspects
include those that an employee has a choice to make, like the time spent at work, the time taken
for breaks during work, mobility to another employment (turnover), hours of sleep, etc.

Within the scope of our dataset, we study the relationshiplahRAwith one's physiological
measures (heart rate and sleepl] 25), psychological measures (stressful arousk$g), and
behavior at the workplace (time spent at desk and time spent at workpld&s]]. Speci cally, we
test for the following hypotheses in the relationship aibRAwith wellbeing attributes.

H1. Greater role ambiguity is associated with increased heart rate.
H2. Greater role ambiguity is associated with increased arousal.
H3. Greater role ambiguity is associated with decreased sleep.
H4. Greater role ambiguity is associated with reduced work-hours.

2.1.2 Role Ambiguity and Job Performa¥deile job satisfaction is an important antecedent of

job performance, the others include employee motivation and engagement. A more comprehensive
explanation of job performance alludes to taking into account intrinsic motivation and employee
engagement]7, 115 129, which are shown to be determinants of e ort exerted by employees.
Such discretionary e ort by employees improves their engagement with the organizatia [
Employee engagement has been de ned in many wa¥d,[with satisfaction and motivation being

core components. In fact, motivation has been perceived as employee engagement in a number of
prior work [13Q 154. Yun et al provide evidence that role ambiguity moderates the relationship
between self-enhancement motive and job performance of an individual [160].

Role ambiguity consists of the uncertainty regarding tasks that an employee needs to perform
as part of their job role in the company. An employee with greater clarity will be able to better
perform the required tasks. One plausible mechanism that can explain this higher performance is
the intrinsic motivation of an employeed0, 117. Lower role ambiguity or higher role clarity makes
it easier to meet the expectations, the employee more motivated and such intrinsically motivated
employees perform better and more e cientfg 4g. Employees with higher job satisfaction are
intrinsically motivated and strive harder at work which contributes to their performance. Thereby,
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the exposure to role stressors (such as role ambiguity) a ects an individual's capacity to control
their work environment, which in turn adversely a ects their ability to function e ectively§g 99.

Within the scope of our dataset, we study the relationshiplabRAwith two dimensions of
job performance [118, 154, 157] 1) task performance and 2) organizational citizenship behavior.
Here,task performancis a combination of individual task pro ciency (three-item scalé&q and
in-role behavior (seven-item scale)$7. Both of them measure the ability of an individual to
adequately execute their assigned duties, and their pro ciency at performing activities that drive
an organization'sechnical coreor production processes that drive the conversion of input into
output [143. On the other handprganizational citizenship behaviorish set of pro-organizational
actions that are not formally rewarded but demonstrate how an individual contributes to welfare and
e ectiveness within the organization106 111, 128. Examples include helping other co-workers,
kind gestures like volunteering in activities that are not part of work, or strictly adhering to rules
at the expense of personal convenience. These are subjective and self-reported/assessed measures
of job performance and we do not use any objective measures or supervisor/peer- assessments
like ratings, evaluations, sales or pro ts, which are more likely to su er from leniency, halo
error, criterion contamination and de ciency g5 70. Prior literature in organizational behavior
dominantly uses these subjective measures and we rely on the extant literature for the validity of
these measureslp4. We test the following hypotheses fdribRAwith respect to job performance.

H5. Greater role ambiguity is associated with decreased task performance.
H6. Greater role ambiguity is associated with decreased organizational citizenship.

2.2 Social Media Technologies and Workplace Behavior

In the last decade, researchers have used social media technologies to understand employee behavior
at workplaces B3. In their seminal work, Ehrlich and Shami compared employees' use of social
media platforms inside and outside the workplace, particularly their motivations in their use of
social media, particularly Twitter4(. They report that social media use (both at home and work)
made workers, especially mobile workers, feel more connected to other employees, and provided
an avenue to boost personal reputation at the workplace. Studies also found that social media use
is positively correlated workplace wellbeing [131]. Increased social media interactions within the
workplace, through platforms such as IBM's Beehive, were found to improve both personal and
professional networking, career advancements, and innovatié® 7, 42 570. Other works nd
positive relationships between workplace and employee behavior, such as wellbeing, experiences,
and engagement through social media technologie3 f1, 44, 61]. In an early work, Skeels and
Grudin conducted a longitudinal study of the motivations and use of social media platforms by
workplace employeesi[33. Taken together, social media use, both in and outside of the workplace
contribute to the wellbeing and professional bene ts through increased connectivity, reputation
building, and networking opportunities.

In the same body of research, social media and online engagement platforms have facilitated an
e ective means to study employee behavior and satisfaction a body of research that is extensive
in CSCW and HCI areaq 33 105 13Q 132 139. A variety of analytical and computational
approaches on language and network dynamics have been applied to glean correlates of employee
job satisfaction and wellbeing, such as engageméitt 105 130, employee a ect B3 121, social
pulse [L31]], reputation [74], organizational relationships]7, 52 104, and workplace behaviord4].

Lee and Kang used Glassdoor data to study the in uence job satisfaction factors, and their in uence
on employee retention and turnoveB. These studies indicate the value of such unobtrusive data
sources in understanding workplace experiences.

In the professional networking space, LinkedIn has emerged as the primary social media plat-
form [14Q 148. This platform, which was initially viewed as a repository of webpages , gradually
evolved to be informally known as Facebook in a suib,[15]. LinkedIn allows the individuals to
self-describe and self-promote their professional portfolio to either seek for new jobs, or to use it
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as their professional networking and webpage. Guillory and Hancock found that the public-facing
nature of LinkedIn in uences an individual's accountability and reduces deception in their self-
description of their professional portfolio, which also aligns with Donath etskarly research on
identity and deception in online space8§. Researchers have studied the di erences and similari-
ties in the self-presentation behavior and use of LinkedIn in comparison to personal social media
platforms such as Facebook and Twittés;, L35 157, 163. In fact, organizations' use of LinkedIn
has grown tremendously over the years, which also implicitly puts peer- and societal- pressure
on individuals to own and maintain LinkedIn account84]. Utz and Breuer recently studied the
individual-speci c factors that in uence their behavior on LinkedIn in terms of networking and
informational bene ts that the platform facilitates]49, van de Ven et alinferred personality traits

on LinkedIn self-presentations of individuals, and Zide etstudied how LinkedIn pro les di er
across occupations. Zhang et al. studied employees' privacy perceptions on social media [163].

While all these sources are combined under a broad umbrella of “social media’, the motivations to
use any of these platforms might di er based on individual and platform-speci ¢ characteristis [
33 40,120 163. On LinkedIn, the primary motivation to use is to gain professional visibility, R0
85. This professional visibility might be used by individuals to nd jobs or switch jobs, or escalate
to a better position within the same job, or to reach out to a broader community in general (like
students in case the focal individual is in academia, or venture capitalists and funding agencies
if the individual is in top management teams of start-up$) L 39. Since preparing this pro le is
an exercise that makes the individual re ect upon their work, it also motivates to work towards
building a better pro le or developing new skills that would enhance their pro le. While such
motivation [49 leads individuals to work towards their personal goals, these goals might not align
with organizational goals and this friction might contribute to stress leading to lower employee
wellbeing, or can improve productivity because the employee works harder [161].

Our third research aim draws upon the literature in organizational studies, along with the
literature to contextualize and discuss the unaccounted factors that may a ect one's activity
and self-presentation behavior on social media, and in turn, in uence our measureldRA
Further, building on this body of work, our study leverages LinkedIn data to infer role ambiguity,
a role-construct drawn on organizational psychology research, and then validates theoretically
grounded hypotheses of individual wellbeing and performance. In doing so, we extend the CSCW
community's long-drawn interest in understanding the role of technology in the workplace and on
work (e.g., L110) by investigating (social computing) platform, individual, and organization-speci c
complexities that should be considered to reliably and practically implement a measuréilifeA

3 STUDY AND DATA
3.1 Study: The Tesserae Project

Our dataset comes from a large-scale multi-sensor study of workplace behaviors, called the Tesserae
Project P8 103. This study, that was approved by the Institutional Review Board (IRB) at the
researchers' institutions, recruited 757 participahtsho are information workers in cognitively
demanding elds (e.g. engineers, consultants, managers) across the United States. These participants
who were recruited from January 2018 through July 2018, completed an initial set of questionnaires
related to demographics, job performance, personal attributes, and wellbeing, administrated via
psychometrically validated survey instruments, as well as received daily surveys on a set of
these attributes. Participants also received three sensors: location-tracking Bluetooth beacons;
2) a wearable; 3) a phone agent a smartphone applicatid®}. In addition, some participants
authorized collection of their historical social media data. As compensation, participants either
received a series of staggered stipends totaling up to $750 or they participated in a set of weekly

2Note that this is still an ongoing study and this paper uses the passively sensed data collected until Noverib@o18. A

random sample of 154 participants in our study was blinded at source to the researchers, and their data is put aside only
for external validation at the end of the study period.
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lottery drawings (multiples of $250 drawings) depending on their employer restrictions. Because
the participants were enrolled over a 6 month period of time (January to July 2018) in a staggered
fashion, data collection varied with a range of time between 59 days and 97 days (68 days on an
average) (see Fig. 1(a) for the distribution).

Participant Privacy and Consent. Given the sensitive nature of the data being collected, partici-
pant privacy was a key concern in the study. The participants were provided with an informed-
consent describing each sensing stream, and technical speci cations listed what each device was
capturing and how it would be secured and stored. The participants needed to consent to each
sensing stream individually, and they had the provision to clarify their queries / concerns about the
sensing streams, and they could opt out of any of thedd[ Their data was de-identi ed and stored

in secured databases and servers which were physically located in one of the researcher institutions,
and had limited access privileges. Participants were made aware that they could voluntarily drop
out via an email at any point during the year-long study period. Participants could also speci cally
request their data deletion from the database.

3.2 Social Media (LinkedIn) Data

Participants authorized access to their social media data through an Open Authentication (OAuth)
based data collection infrastructure that was developed in-houskd[121. In particular, we asked
permission from participants to provide their Facebook and LinkedIn datdess they opted out,

or did not have either of these accouNtste that we asked consent from only those participants
who had existing Facebook or LinkedlIn accounts from before the study. The participants could also
optionally authorize their Twitter, Instagram, GMail, and Calendar data.

Out of the 757 participants in the study, 529 provided their LinkedIn data. Our work accounts
for those with self-described portfolios and their passively sensed and self-reported wellbeing
and job performance data. Therefore, we Iter out blinded participants and those without any
self-description in their LinkedIn pro le, particularly in their pro le and job summary, leading
us to a LinkedIn dataset of 257 individuals all the ensuing analyses in this paper is limited to
these 257 individuals' data. Corresponding to every participant, we obtained their self-presented
pro le and job summary which includes current and previous jobs. Fig. 1(c) shows the top job
titles in our dataset, and Fig. 1(d&e) shows two word-trees of pro le summaries on two top
representative keywords ( professional and skill ) in our dataset. These word-trees give a sense
of how individuals self-present their job summaries on their LinkedIn pro les; for example, within
skills, we nd occurrences of both tangible/technical skills (esgp, technology, sales, microsoft ¢ ce
and intangible/people skills (ed¢eadership, communication, analytical, interpergonal

3.3 Self-Reported Data

As mentioned above, the enrollment process consisted of responding to a set of initial survey
guestionnaires related to demographics (age, sex, education, type of occupation, role in the company,
and income). Participants were additionally required to answer an initial ground-truth battery, a
set of survey questionnaires that measured their self-reported assessments of personality traits
and executive function. Throughout their study period, they received daily or periodic validated
surveys that recorded their self-reported assessments of job performance.

Fig. 1b plots the demographic distribution in this dataset. The 257 participants edthplete
LinkedIn data consist of 150 males and 107 females. The average age of the participants is 35.2
years (stdev. = 9.5). These participants belong to 60 unique companies, and among these, the top
three companies, 103 belong @ (a large-scale multinational rm), 54 belong 16, (a mid-size
product-centric rm), and 17 belong t&; (a research organization). In terms of job role, the data
contains 128 supervisors and 139 non-supervisors. In job sector, 202 participants belong to Non-IT
sector, and 55 participants belong to the IT sector. In terms of tenure, while a majority of the
individuals (53) have been at their current organization for over eight years, 113 individuals have
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@) (b) ©

(d) (€)

Fig. 1. Distribution in the dataset on (a) study period per participant, (b) demographic and job-role based
characteristics, (c) word-cloud on the job roles on LinkedIn data, (d&e) Word tree visualizations on two
top-occurring keywords (professional and skills) in the LinkedIn profile descriptions: These visualizations
represent the content in the form of co-occurrences of keywords in the dataset. The font size of keywords are
proportional to their occurrence along with surrounding co-occurring keywords. For example, management
profesional, technology professional, professional keywords, analytical skills, technological skills, etc.

been at their current organization between three to eight years, and 101 individuals have been at
their current organization for less than three years. For education, most participants have a college
(52%) or master's degree (35%). In income, the participants are more evenly distributed, with the
majority (64%) of the participants similarly distributed in the 50K-75K, 75K-100K, and more than
150K USD income brackets.

Next, we discuss their self-assessed individual di erence attributes. We obtained the participants'
big- ve personality traits , as assessed by the Big Five Inventory (BFI-2) sc&§ 147, and
executive function , especially their uid and crystallized intelligence, as assessed by the Shipley
scale 3 129 133. For personality traits, our dataset shows a mean openness of 3.86 (std. =
0.54), mean conscientiousness of 3.87 (std. = 0.66), mean extraversion of 3.41 (std. = 0.67), mean
agreeableness of 3.85 (std. = 0.55), and mean neuroticism of 2.51 (std. = 0.77). For executive function,
our dataset shows a mean uid intelligence of 33.38 (std. = 4.18), and mean crystallized intelligence
of 16.91 (std. = 2.79).

For job performance, we obtain two kinds of measures:

Task Performance. To assess task performance, we use two scales, IRB (In-Role-Beha%igr) [
and ITP (Individual Task Pro ciency)q4d. The IRB scale contains seven items including questions
such asadequately performed assigned duties, failed to perform essential duties, performed expectec
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tasksetc., each of which can be rated on a scale of 1 (strongly disagree) to 7 (strongly agree). On
the other hand, the ITP scale contains three iteroaried out core parts of the job well, completed
core tasks well using standard procedures, and ensured that the tasks were complete@gcbperly
of which can be rated on a scale of 1 (very little) to 5 (a great deal). Together, these instruments
measure an individual's ability to adequately execute their assigned duties, and their pro ciency at
performing activities that drive an organization's technical core [14, 154].

Organizational Citizenship Behavior . We administer the OCB scale to measure organizational
citizenship behavior45. Organizational citizenship behaviors characterize an individuals activities
that are not typically or formally rewarded by the management, or voluntary activities outside one's
core responsibilities, but which promote the welfare and e ectiveness of the organization and its
members PG 111. The survey instrument contains eight items, each of which asks the participant

to self-re ect (yes/no), if theywent out of their way to be a good employee, were respectful of other
people's needs, displayed loyalty to my organization, praised or encouraged,simeone

3.4 Passively Sensed Behavior and Wellbeing Data

To passively sense participants' behavior and wellbeing measures of participants, the study deployed
three modalities of sensing technologies] 99 1) bluetooth beacons were provided to the
participants (two static and two portable Gimbal beaco#}) o essentially sense their presence at
work and home locations, and consequently to help assess their commute and desk time as well, 2) A
wearable (Garmin Vivosmart B]) was provided to each participant to continually track their health
measures, such as heart rate, arousal, and physical activity in the form of sleep, foot steps, and
calories lost, and 3) Amartphone application was installed on the participants' smartphones to
leverage their smartphone based mobile sensors to track their mobility and physical actiVity.[

4 MEASURING ROLE AMBIGUITY FROM LINKEDIN ( LibRA)

Why LinkedIn? LinkedIn is a professional social networking platform (launched in 2003) that
allows individuals to create and publish their professional pro les and describe and their portfolios.
Although LinkedIn is biased towards individuals' positive self-presentation and self-promotion, the
non-anonymity and public-facing nature of the platform also in uences individuals to be less decep-
tive and more accountable in their pro lesdd. In line with Go man's theory of self-presentation,
LinkedIn provides an ideal platform for individuals to present their professional selves to the
online audience$4, 15]. Because LinkedIn is a non-anonymous platform, where individual iden-
tity (at least the name) is disclosed, it somewhat helps promote trust and accountability on the
platform [3§. Therefore, it suits the choice of our dataset where we seek to obtain self-presented
portfolios of employees on their roles and responsibilities at organizations.

4.1 LibRA: LinkedIn based Role Ambiguity

Defining LibRA. Drawing upon the theoretical de nition of role ambiguity given in Section 2,

we operationalize LinkedIn based Role Ambiguitil{RA) as thequanti ed di erences in the self-
explained roles and responsibilities of the individual against that posted by the company for the same
role in the organizatiarior this, we rst obtain the self-explained job summary from an individual's
LinkedIn pro le. Then, for each role, we obtain the company described job description by manually
conducting search engine queries of the speci ¢ role and the company. These job descriptions are
typically posted on job posting websites, such@assdoor, LinkedIn, Indeatd theGoogle job
search portal where the Google job search portal collates both exact and nearest matching job
descriptions from multiple websites, including company's own website, LinkedIn, Glassdoor, Indeed,
etc, and sorts them in relevance to the search query. For instance, Fig. 2) shows an example LinkedIn
role description and company-published role description for the same role of Software Development
Engineer at the same location of the company. Two coauthors independently obtained the nearest
matching job description per role and per company there were very few20) instances when
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Fig. 2. For the same role (So ware Development Engineer): (le ) Role summary of an individual as described
on LinkedIn, (right) Job description as posted on the company webpage

the two coauthors obtained di erent job descriptions, and when they did, the descriptions were
very similar in the two websites, and the more relevant one was chosen.

AssessingLibRA. Next, towards computind.ibRA we rst represent the above descriptions of
self-reported LinkedIn job descriptions and the company described job descriptions in a multi-
dimensional space of job aspects, for which we leverage O*NET. O*\&h online database and
job ontology that contains a comprehensive list of jobs and their descriptions, elaborating on eight
notable aspects of job role abilities, interests, knowledge, skills, work activities, work context, work
styles, work valuesee Table 1 for brief descriptions). These aspects are grounded in literature
and have been used in prior work to study employee behavit]. For every individual's role,
we obtain their closest matching O*NET roles. For this, we adopt a semi-automatic approach of
edit-distance based match, followed by manual evaluation and curation by two co-authors; the
coauthors are familiar with, and are users of LinkedIn. For example, the closest matshftfare
Development EngineisrSoftware Developers

Then, drawing on natural language analysis methods, we use word-embeddings, particularly
pre-trained GloVe vectorsl[13 123 to project the role descriptions of individuals and companies
in a 50-dimensional word-vector space, so as to obtain rich lexico-semantic context surrounding
the hand-curated job descriptors abov&Z]. We use cosine similarities to obtain two vector
projections in the eight-dimensional job aspect space per individua) one that is obtained from
their LinkedIn summary\(}) and 2) one that is obtained from the same role's company description
(v}). Then, the overalLibRAis measured as the euclidean distance betwelgandv). To obtain the
aspect-wisé.ibRAof an individual as the absolute di erence per dimensiongfandv). For instance,
Fig. 3 show heatmaps of multi-dimensional role ambiguity of randomly selected 50 individuals

30*Net pnetonline.orgis developed under the sponsorship of the U.S. Department of Labor/Employment and Training
Administration (USDOL/ETA).
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Table 1. Job aspect types with their descriptions as obtained from O*Net.
Job Aspect Description

Abilities Enduring a ributes of the individual that influence performance.

Interests Preferences for work environments and outcomes.

Knowledge Organized sets of principles and facts applying in general domains.

Skills Developed capacities that facilitate learning or the more rapid acquisition of knowledge.

Work Activities General types of job behaviors occurring on multiples jobs.

Work Context Physical and social factors that influence the nature of work.

Work Styles Personal characteristics that can a ect how well someone performs a job.
Work Values  Global aspects of work that are independent to a person's satisfaction.

Fig. 3. Aspect-wiskibRAfor a random set of 50 participants in two compani€y (above) andCy (below).
These visualizations are an example comparisoibRAwithin- and across- company employees

from two companiesC; andC; in our dataset. We nd that some individuals show high or low
role ambiguity across the aspects, but most individuals show high role ambiguity in one or more
dimensions. While exploring the di erences across multi-dimensional role ambiguity constructs
remain a future research goal, we envision that such multi-dimensional role ambigudig[can
bene t various stakeholders (employers or employees) through guided intervention to minimize
their role ambiguity. This kind of interface is additionally inspired from prior HCI work aimed at
facilitating employee satisfaction [33, 131].

4.2 Evaluating the Validity of LibRA Against Gold Standard

After de ning and proposing a method to measutgbRAusing LinkedIn data of individuals, we
examine the validity of the measure. That is, we examine if tiBRAmeasure gets at least close to
what the Role theory identi es as role ambiguity . For this, drawing on modern validity theo&4,
we compare the_ibRAof the individuals against a gold standard validated survey on measuring role
ambiguity. The Michigan Assessment of Organization survey instrument measures an individual's
role ambiguity, role con ict, and role overloadl[D7. Corresponding to role ambiguity, the scale
asks the participants to rate the four statements, Most of the times | know what | have to do on
my job, On my job | know exactly what is expected of me, | can usually predict what others will
expect of me on my job, and Most of the time, people make it clear what others expect of me, a
7-point Likert scale ranging from Strongly Agree to Strongly Disagree .

We randomly sample a subset of 77 participants from our entire participant pool to answer the
Michigan Assessment of Organization survel(]. Correlating the survey-based role ambiguity
with LibRA we nd Spearman'$ correlation coe cient to be 0.22(¢ < 0:05).

4Because the survey instrument on role ambiguity and our measureibRAmeasure role ambiguity in di erent scale and
order, it makes sense to correlate the ranked (or relative) values rather than the raw values
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Table 2. Summary of covariates used in the regression models.

Covariates Value Type Values / Distribution
Demographic Characteristics
Gender Categorical Male | Female
Age Continuous  Range (22:63), Mean = 35.24, Std. = 9.46
Education Level Ordinal 4 values [College, Grad., Master's, Doctoral]
Job-Related Characteristics
Income Ordinal 7 values [<$25K, $25-50K, ..., >150K]
Tenure Ordinal 10values [<1Y, 1Y, 2Y, ... 8Y, >8Y]
Supervisory Role Boolean Supervisor | Non-Supervisor
Job Type Boolean IT | Non-IT
Executive Function (Shipley scale)
Fluid (Abstraction) Continuous Range (5:23), Mean = 16.91, Std. =2.78

Crystallized (Vocabulary) Continuous Range (0.0:40.0), Mean = 33.38, Std. =4.18
Personality Trait (BFI scale)

Openness Continuous  Range (1.7:5.0), Mean = 3.86, Std. = 0.54
Conscientiousness Continuous Range (1.7:5.0), Mean = 3.87, Std. = 0.66
Extraversion Continuous Range (1.7:5.0), Mean = 3.41, Std. = 0.67
Agreeableness Continuous Range (2.1:5.0), Mean = 3.85, Std. = 0.56
Neuroticism Continuous Range (1.1:4.7), Mean = 2.51, Std. = 0.77

Consequently, a statistically signi cant correlation does imply criterion validity, and hints at
construct validity in our claim thatLibRAdoes contain information that is also captured by gold
standard, validated survey instruments on role ambiguity. However, we also acknowledge that the
magnitude of correlation is moderate, which could be attributed to the di erences in the measures
(one is perceived, and other is objectively measured) we revisit some of the other nuances and
factors that may cause these di erences again later (Section 6 and 7) in this paper.

5 EXAMINING RELATIONSHIP OF LibRAWITH WELLBEING AND PERFORMANCE

This section revisits the hypotheses as outlined in section 2 towards establishing convergent validity
of LibRA For this, we study the relationship (and association) d§RAwith the passively sensed
wellbeing measures, and the validated survey-based job pro ciency measures. Because we are
interested in studying the relationship, we consider linear regression models, which are known to
provide easily interpretable associations in cases of conditionally monotone relationships with the
outcome variable32. For every wellbeing or performance measuve, we build linear regression
models withM as the dependent variable, ahibRAas an independent variable, controlled for
demographic, personality, and executive function measures per individual (see Equation 1). Our
choice and inclusion of these covariates are motivated from prior literatutelp 159. Table 2
summarizes these covariates in their kind, and the values attained. For all the regression models,
we use variance in ation factor (VIF) to eliminate multicollinearity of covariates (if angpg. For

the ease of comparing the relative importance of the predictive variables in the regression models,
we standardize their such that the variables have a mean of zero and standard deviation of one.

M  gender+ age + educationlevel + income+ supevisory_role+ tenure+ job_type 1
+ executve_function+ personaliy_trait + LibRA @

5.1 LibRAand Wellbeing

5.1.1 H: Greater role ambiguity is associated with greater heartlfg heart rate is associated
with an increase in stressd 64]. Caplan and Jones found that greater role ambiguity is associated
with increased heart rate, which is identi ed as a major predictor of coronary heart r&e[l].

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. CSCW, Atrticle 137. Publication date: November 2019.



LibRA: On LinkedIn based Role Ambiguity 137:13

(a) Heart Rate (b) SNS Stressful Arousal (c) SNS Rest Arousal

(d) Sleep (e) Duration at Work (f) Duration at Desk

Fig. 4. Distribution of wellbeing measures as inferred via passive sensors.

We obtain the heart rate measures of the participants through the wearable sensor (see Section 3,
Fig. 4 (a)). We t a linear regression model with the average heart rate (HR) in the study period
per individual. Given that exercise and physical activity has an association with heart £t in
addition to the covariates listed in Table 2, we control for the physical activity per participant. The
regression model reveals a positive standardized coe cient (0.10) with statistical signi cance for
LibRA(Table 3, Fig. 5 (a)). This observation supports our Hypothesis H

5.1.2 H: Greater role ambiguity is associated with greater stressful aréueakal is a physio-
logical response that is related to one's heart rate variability, and is associated with stress, fatigue,
and anxiety B5 64. These wellbeing measures are known to exacerbate in the presence of role
ambiguity [1, 21]. In our project, the wearable sensor allows us to obtain participant arousal,
particularly their Sympathetic Nervous System (SNS) arousal measures in a continuous fashion.
In particular, for every individual, it scores the arousal level from restful to stressful on a scale
of 1-100 at every three-minute granularity (Fig. 4 (b&c)). Here, the restful duration is when an
individual relaxes or recovers from stres8][ We build two separate regression models, one with
median duration of high stressful arousal (75-100), and one with median duration of restful arousal
(1-25) per individual. We nd thatlibRAshows a positive standardized coe cient (0.42) in the
former model, and a negative standardized coe cient (-0.22) in the latter model (Table 3, Fig. 5
(b&c)). This suggests that individuals with higlibRAare more likely to show higher stressful
arousal, and lower restful arousal. Therefore, our observations supidert

5.1.3 H: Greater role ambiguity is associated with decreased Skp is an important attribute
in an individual's wellbeing, and it reduces the negative impact of stress as well as improving
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Table 3. Summary of standardized coe icients of regression models of wellbeing.
Covariates Std. Coe. Covariates Std. Coe. Covariates Std. Coe .
H1 (Heart Rate) H2 (Arousal)

M = Heart RateR2 = 0:16*
Exercise Durationmmm 0.53**
Shipley: Abs. e -0.81%
Agreeableness mmmmmm 0.91*
Conscientiousnesusm -0.78*
LibRA 10.10*

Hz (Sleep)

M = Sleep DurationR2 = 0:19*

Income: $50K-75hm 0.21*

Agreeableness m-0.14*
Tenure: 7 Yrs. m-1.74*
Job: Non-IT m0.15**
LibRA m-0.16***

Age mm 0.69**
Edu: Grad. Schoolm -0.24*
Tenure: 4 m-1.59*
LibRA mm 0.42%**

M = Stressful DurationR2 = 0:65¢ M = Restful DurationR2 = 0:47*

m 0.31*
m-0.22%*

Job: Non-IT
LibRA

H4 (Work-Hours)

M = Duration at Work

Edu.: College m 0.23*+*
Edu.: Grad. Schoom 0.21***
Income: $50K-75Km 0.14***
Income: $100K-12WK-0.18***
Shipley: Abs. m 0.01%+*
1 0.09***

M = Duration at Desk
Duration at Work m0.18*

Edu: College 1-0.09
Edu: Grad. 1-0.04
Edu: Master's 10.04

Income: $100K-125K0.09*
Income: $125K-150K.08*

Extraversion

Conscientiousnessi 0.05*** Tenure: <1 Yr. m-0.18***
Neuroticism 10.12** Tenure: 2 Yrs. W 0.18***
Tenure: 6 Yrs. m-0.16*** Tenure: 3 Yrs. m 0.26***
Tenure: 7 Yrs. H-0.15%** Tenure: 4 Yrs. 10.09***
Tenure: 8 Yrs. -0, 3% Tenure: 8 Yrs. m 0.15%**
Job: Non-IT m 0.20*** Job: Non-IT 1-0.03*
LibRA mm -0.41** LibRA m-0.12**

overall health [L3. Given that stress reduces sleep, and sleep reduces stress, a stressed person is
likely to sleep less153. If role ambiguity is stressful, we hypothesize that high role ambiguity

will correspond with reduced sleep duration. The wearable sensor allows us to obtain participant
sleep durations (see Fig. 4 (d)). We build a linear regression model with median duration of sleep
per individual. We nd thatLibRAshows a negative standardized coe cient (-0.16) with statistical
signi cance (Table 3, Fig. 5 (d)). Therefokty is supported in our dataset.

5.1.4 H: Greater role ambiguity is associated with decreased work Rnlesambiguity is known

to a ect an individual's workplace behavior]13. The bluetooth beacons sense if a participant is at
work, at home, or commute, and within work; it additionally captures the duration the participant

is at- and away from- desk. We build two regression models, one with the duration at work, and
one with the duration at desk, when at work (this model additionally controlled for duration at
work). Here, we nd that both of these dependent variables show heavy-tailed distributions (see
Fig. 4 (e&f). For both of these distributions, Chi-squared tests could not reject the null hypotheses
that they were signi cantly di erent from a Poisson distributiong > 0:05). Therefore, instead of
using purely linear regression models, we build negative binomial regression mo@igisgnes that
essentially regress the logarithm of the dependent variables with the independent variabiles [
We prefer negative binomial regression over poisson regression because we nd the presence of
over-dispersion in the distribution of both duration at work and duration at desk (Fig. 4 (e&0))[

We nd that LibRAshows a negative standardized coe cient in both the models (-0.41 for duration
at work, and -0.12 for duration at desk, Table 3, Fig. 5 (e&f)). This suggests that individuals with
high LibRAare not only less likely to spend time at work, but also less likely to spend time at desk
when at work. These observations supporH

5.2 LibRAand Job Performance

5.2.1 H: Greater role ambiguity is associated with lower task perform#feadministered two
survey scales of In-Role Behavior (IRB) and Individual Task Performance (ITP) three times a week,
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(a) Heart Rate (b) SNS Stressful Arousal (c) SNS Restful Arousal

(d) Sleep (e) Duration at Work (f) Duration at Desk

Fig. 5. Sca er plots of demonstrating the distribution of wellbeing a ributes againsbRA LibRAis positively
associated with heart rate, stressful arousal, and negatively associated with restful arousal, sleep, duration at
work, and duration at desk. In sum, increase lilbbRAis associated with depleted wellbeing.

(@) ITP (b) IRB (c) OCB

Fig. 6. Distribution of Performance measures via job performance surveys.

to periodically obtain the self-assessed task performance of the participants (see Section 3, Fig. 6
(a&b)). For both these measures, we build two linear regression models each one that uses an
aggregated (median) value of task performance, and one that uses a change in task performance over
the duration of the study. We nd thaLibRAshows a negative association with bottygregated ITP
(-0.33) ancthange in ITR-0.20) per individual. Similarly,ibRAalso shows a negative association

with both aggregated IRB0.29) andhange in IRB-0.20) per individual (Table 4, Fig.7 (a&b, d&e)).
Together, these observations suggest that individuals with highi@RAnot only have a greater
likelihood of performing badly at work, but also their performance worsens over time. Therefore,
our observations support K

5.2.2 H: Greater role ambiguity is associated with lower organizational citizenship bekiéior.
administered the Organizational Citizenship Behavior (OCB) scale three times a week, to periodically
obtain the self-assessed organizational citizenship behavior of the participants (Fig. 6 (c)). Like the
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Table 4. Summary of standardized coe icients of regression models of task performance.

Covariates Std. Coe . Covariates Std. Coe . Covariates Std. Coe .
Hs (Task Performance) Hg (Org. Citizenship Behavior)
M =ITP,RZ = 0:29* M =IRB,R? = 0:29** M = OCB,RZ = 0:24"*
Income: L mm-0.38* Opennessmmmmm 0.13**  Supervisor: Yem 0.24***
Income: Q mmm 0.40** Consc. o 1.13* Extraversion mm 0.34***
Openness o 1.07* Tenure: 8 m0.17* Tenure: 6 1-0.14*
Consc. s 1.30%**  LibRA m -0.29* Tenure: 7 m-0.20**
Tenure: 6 m-0.15* LibRA 1-0.10**
LibRA m -0.33***
M = ITP,R?=0:13 M = IRB,R? = 0:17** M = OCB,R?=0:22
Extraversionmmm 0.69* Openness mmmmmm 0.91** Supervisor: Yem -0.26*
Consc. I -1.37***  Consc. mmmmm -0.84* Agreeablenes s—— -1.80*
LibRA m -0.20* Tenure: 7 m-0.19* Tenure: 5 m0.21*
Tenure: 8 m-0.26** LibRA m -0.25%*

Tenure: 9 m-0.18**
LibRA m -0.20**

(@) ITP (b) IRB (c) OCB

d) ITP €) IRB (f) OCB

Fig. 7. Sca er plots of demonstrating the distribution of job performance measures agdiftsRA LibRAis
negatively associated with ITP, IRB, OCBJTP, IRB,and OCB. In sum, an increase inibRAis associated
with both decreased job performance as well as reduced job performance over time.

above, we build two linear regression models one that uses an aggregated (median) value of
OCB, and one that uses a change in OCB over the duration of the study. We ndltheRAshows

a negative association with both aggregated OCB and change in OCB per individual (Table 4, Fig.7
(c&f)). These observations suggest that individuals with highéyRAshow a greater likelihood of
poorer OCB, which also worsens over time a tendency associated with being disinclined to be
altruistic or help colleagues at workplace. Therefore, our observations suppgrt H

6 INVESTIGATING THE FACTORS AFFECTINGLIbRA

This nal section studies the factors that contribute to the LinkedIn based role ambiguithRA
assessment. Speci cally, we investigate the extent to which appropriating data shared online (on
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a professional social networking service, LinkedIn) may bring forth new dimensions to consider
while employingLibRAfor practical use, and what might contribute to observed di erences in
LibRA To do this, we draw from various literature to situate our observations.

First, we seek to quantitatively study the relationship bibbRAwith observable and intrinsic
attributes of an individual. Using the same covariates as in Table 2, we t oh&&Aas the
dependent variable in a series of statistical models. Our rationale to study this rests on prior work
that found demographic and intrinsic traits a ecting self-disclosure behavior on LinkedIn, which
may lead to di erences irLibRA[63 144 146 15(Q. We build multiple regression models (both
linear and non-linear), but nd no signi cance in the relationshigp(> 0:1) in either the regression
t or the variable coe cients. ANOVA F-test per covariate andlibRAreinforced our con dence in
this nding that there is no signi cant relationship in the variability of observable traits in uencing
LibRA This aligns with previous literature that claims role ambiguity is independent of individual
traits, rather than an outcome of a number of factors such as mentor-mentee relationship, working
alliance, organizational structure, and organizational communicati8i.[Nevertheless, because
LibRAis inferred from social media data, speci cally LinkedIn, we recognize that numerous media-
tors can confound the self-presentation behavior of an individual on LinkedIn (even after controlling
for their intrinsic demographic and personality traits). We delve deeper into this consideration
based on a qualitative examination of a sample of our dataset as described below.

We intend to compare and study the self-presentation behavior, accounting for the between-
individual di erences in self-reported and assessed traits of demographic, personality, executive
function, and work role-related characteristics. Therefore, with these characteristics as covariates
(see Table 2), we draw on matching techniques from causal inferent,é P4 to match individuals
using Mahalanobis Distance Matching§J. We separately match pairs of individuals who belong
to IT roles, and who belong to non-IT roles. Fig. 8 plots the pair-wise Mahalanobis distances and
the absolute di erences in their role ambiguities. We focus on those individuals (shaded region in
Fig. 8) who are similar in their individual attributes but show high di erences in th¢ilbbRA we
sample the top 10th percentile of pairs of individuals in IT and non-IT each.

Next, among the individuals in the above sample, we manually look at their (public) LinkedIn job
and pro le descriptions. While these individuals are very similar in their personality, demographic
traits, and their role in the company (because of matching), in terms of their self-presentation
behavior on LinkedIn, we nd di erences in their style of writing (also highlighted in the Fig. 8
examples). For example, one writes an extremely short description compared to their matched other,
who writes a longer description with much more detail. Another example includes only technical-
skills or the tasks that they are assigned at work (eJgya, business developmecdmpared to their
matched other, who additionally describes their non-technical and people skills and abilities (e.g.,
accomplished, dynamidGiven the a ordances and the uniqueness of LinkedIn as a professional
social networking platform, we deduce a few plausible reasons that can potentially in uence the
virtual self-presentation of the individuals, and in turn, lead to varied inferred role ambiguity. We
discuss these factors, which are not disjointed and could be inter-related:

Individuals' Organizational Behavior. Individuals who are looking for newer jobs or endeavors
possibly write a more detailed portfolio on their LinkedIn pro les, whereas individuals who are
generally settled are not as active in providing detailed descriptiod84§. This could also be a

di erent type of job than what they are currently involved at altogether as well. In other words,
the settled people may have di erent jobs currently compared to they were hired, e.g., through
promotion or lateral moves within the company. An alternative conjecture could also be that,
only a few individuals write and highlight theirwork experiengeather than describing their
responsibilities and tasks at the workplace, for exampléave 25 years of Health Care Provider
experience in revenue cycle selling and managing outsourced health care accounts, receivable
solutions [..] . We nd individuals who describe their role with people skills and pro ciencies
beyond their tasks, such akcan e ectively cope with change, shi gears comfortably, and bring
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