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Assessing performance in the workplace typically relies on subjective evaluations, such as, peer ratings, supervisor ratings and
self assessments, which are manual, burdensome and potentially biased. We use objective mobile sensing data from phones,
wearables and beacons to study workplace performance and offer new insights into behavioral patterns that distinguish higher
and lower performers when considering roles in companies (i.e., supervisors and non-supervisors) and different types of
companies (i.e., high tech and consultancy). We present initial results from an ongoing year-long study of N=554 information
workers collected over a period ranging from 2-8.5 months. We train a gradient boosting classifier that can classify workers
as higher or lower performers with AUROC of 0.83. Our work opens the way to new forms of passive objective assessment
and feedback to workers to potentially provide week by week or quarter by quarter guidance in the workplace.
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1 INTRODUCTION
The increasing use of mobile sensing, machine learning and data analytics is offering new insights into health
[3, 74], lifestyle [79], personality [16, 68, 75], cognition [78], and other human behaviors and traits [19, 27].
This passively collected sensor data from phones and wearables, while still in its early stages of research and
development, holds the promise to significantly advance a broad spectrum of areas from precision medicine,
advances in public health, to how we exercise, work and interact with each other on a daily basis. In this
paper, we propose the application of mobile sensing to study workplace performance [40, 43]. Today, assessing
workplace performance typically relies on subjective input such as peer ratings, supervisor ratings and self-
reported assessments, which are manual, burdensome, potentially biased and unreliable. We propose a radically
new approach to evaluating workplace performance using mobile sensing from phones, wearables and beacons.
The use of unobtrusive assessments embedded in the work environment can produce a more objective measure
of performance offering a better understanding of the workplace environment and the workforce both inside and
outside of work. Specifically, we present new insights and initial results from an on-going year long study into
behavioral patterns that distinguish higher and lower performers across different industries.
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In [56, 60], the authors de�ne workplace performance broadly asa multidimensional construct indicating how
well workers and employees perform their tasks, the initiative they take and the resourcefulness they show in solving
problems. A good workplace performer is one who is well aware of his or her role in the organization, and
executes the underlying tasks and role well. The former behavior is termed in-role behavior [8, 70, 77] and
the latter, individual task pro�ciency [8, 25, 70]. We can also think of a good performer as a good team player
who helps colleagues in activities that contribute to the achievement of the overall objectives and goals of the
organization, and one who is mindful of protecting the values and interests of the organization. Researchers
[17, 18, 49, 50] describe this behavior as organizational citizenship behavior, and its opposite as counterproductive
work behavior [11, 18, 58].

While many companies assess workers using di�erent methods including self-reports, peer reviews or su-
pervisor reports � and these may di�er across di�erent industries (e.g., tech, government, �nancial services), it
is accepted that workplace performance [8, 70] can be assessed across four di�erent dimensions: (1)individual
task pro�ciency (ITP)[8, 25], which is pro�ciency at performing activities that contribute to transforming an
organization's technical core, where the term technical core refers to the transformation of raw materials (objects,
thoughts, or actions) into organizational products; (2)in-role behavior (IRB)[8, 77], which is the behavior required
by an employee to accomplish their duties in an organization; (3)organizational citizenship behavior (OCB)[17, 18],
which is the positive voluntary activity or behavior demonstrated by an employee, not necessarily recognized
by the employer but it promotes the e�ective functioning of the organization; and �nally, (4)counterproductive
work behavior (CWB)[18, 58], which is the behavior demonstrated by an employee, that negatively a�ects the
well-being of a company.

Many factors impact performance, making its assessment complex. In addition to personality, there are several
cognitive states, behaviors and habits which impact performance at work. One factor, for example, is sleep. A
study [41] of information workers found that the combination of less sleep and strong deadline pressure felt by
workers leads to a longer focus duration while using their workplace computers. In another study of college
students, researchers [42] found that cumulative hours of sleep loss with respect to the subject-speci�c daily
need for sleep [69] is associated with more productivity. However, it was also found to be associated with shorter
focus duration on their personal computers and smartphones and a proclivity to spend more time on social media.
Other factors include stress, a�ect and anxiety. Research [30] found that a moderate amount of stress for example
can help prolong focus and block distractions. However, in the workplace, high levels of stress are shown [41] to
be associated with the reduced ability to focus. Other habits such as engaging in physical exercise or the use
of alcohol, are reported as factors that a�ect performance in positive and negative ways, respectively. Figure 1
captures many of these factors as part of a multidimensional construct for workplace performance.

Factors a�ecting workplace performance have been previously studied [4, 6, 35, 60] using analyses of self-
reported data where workers in organizations are asked to assess themselves against certain well established
performance metrics. However, as reported in [5, 22, 60], data collected using this approach alone is prone to
individual bias. Although these methods combined with bias correcting techniques [16,24] and domain knowledge
are useful in studies of workplace performance, there is a need for new research into more objective, unobtrusive
and reliable methods. In this paper, we argue that passive sensor data from mobile devices and predictive analytics
o�ers a novel approach to exploring workplace performance in a more objective manner. To the best of our
knowledge our study represents the �rst time that mobile sensing data from phones, wearables and beacons is
used to classify higher and lower performers across di�erent industries. It provides a proof of concept of the
use of mobile sensing in the workplace, identi�es new insights into patterns that distinguish higher and lower
performers, and ultimately opens the way to new forms of passive objective assessment and feedback to workers
to provide day to day and week by week guidance. Speci�cally, the contributions of this paper are as follows:
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� We collect a passive sensing data set from N=554 recruited participants' smartphones (i.e., Android and iOS),
wearables (i.e., Garmin vivosmart) and bluetooth beacons inside and outside of the workplace. The cohort
comprises three major sub cohorts: workers (N=138) at a midsize technology company, workers (N=217)
from a consultancy company and �nally a group we call �others� (N=199) that represent a collection of
workers associated with universities (e.g., researchers) and small labs. Data is collected from workers over
a period ranging from 2-8.5 months.

� We design a set of features which capture the mobility, activity, phone usage, physiological signals and
movement within the workplace. Participants answer a wide range of self-reported surveys administered
at the start of the study and a set periodically (i.e., 3 times per week) administered (e.g., ITP [8, 25], IRB
[8, 77], OCB [17, 18], CWB [18, 58]) over the �rst two months of the study. Note, we only consider the job
performance metrics (i.e., ITP, IRB, OCB, CWB) and health factors (e.g., heart rate, sleep) in our analysis
and not the broader psychological factors (e.g., personality, a�ect, cognitive ability) shown in Figure 1.
Considering these additional factors is part of our future work.

� We demonstrate that we can group information workers into higher and lower performers based on the
four metrics of workplace performance (i.e., ITP, IRB, OCB and CWB).

� We identify sensing features which are signi�cantly di�erent between higher and lower performers with the
goal of uncovering behavioral patterns associated with high performance in the workplace. In addition, we
identify di�erent patterns for higher/lower performance across di�erent subgroups: for example, between
supervisors and non-supervisors, and between employees of a consulting company and a tech company.

� We train a classi�er to classify employees as higher or lower performers using their past week's mobile
sensing features. The AUROC [23] of the trained model is 0.83. The model's precision for predicting higher
and lower performers is 0.71 and 0.8, respectively, when the prediction model's threshold of the probability
of occurrence is 0.65. The recall for predicting higher and lower performers is 0.84 and 0.64, respectively,
for the same threshold.

2 RELATED WORK
There is a growing interest in studying workplace performance. New programs in the USA include the IARPA
MOSAIC program [31, 44] that is studying new approaches to unobtrusive, passive and persistent measurement to
predict an individual's job performance, and the NSF future of work program [48] that aims to advance cognitive
and physical capabilities at work.

Most of the existing literature related to workplace performance relies on various types of self-reports and
supervisory evaluations [6, 10, 65, 66]. Some of the earliest work [10] uses archival records, rating scales and job
knowledge tests for job performance assessment. Sonnentag et al [65] report that performance ratings are the most
widely used measure of assessment. Performance ratings often include a combination of peer ratings, supervisor
ratings and self assessments. Some of the more objective methods being used are sales �gures, production records,
and lines of code written, but these metrics have drawbacks [10].

There is growing work [6, 21, 59, 66] on personality and its relationship to workplace performance. However,
this work as a whole sometimes presents con�icting �ndings and views. Some researchers [6, 66] �nd that the
only important personality trait associated with workplace performance is conscientiousness. While others
show that extraversion and emotional stability [21] are important. Furthermore, other researchers [59] argue
a combination of traits is important. In [29] the authors claim that there is bias toward a particular behavior
due to the inclination of employees to associate themselves with a certain personality trait seen as ideal to their
employers.

Mobile sensing is demonstrating promise across a number of areas including understanding lifestyles [38, 79],
diagnosing disease [63], determining cognitive states of workers [61], studying human mobility patterns [9], and
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Fig. 1. Multidimensional construct for workplace performance. Note, we only consider the job performance metrics (i.e., ITP
[8, 25], IRB [8, 77], OCB [17, 18], CWB [18, 58] � as ground-truth) and health factors (e.g., heart rate, physical activity, sleep,
etc. � as independent variables) and not the broader psychological factors (e.g., personality, a�ect, cognitive ability).

even predicting student academic performance [73]. Schaule et al. [61] present how o�ce workers' cognitive
load can be detected using physiological data from wearables. They demonstrate that physiological data relates
to mental state and can determine when a person is busy and intellectually invested in their work [61]. In [73],
the authors use the StudentLife app [72] to study academic performance showing that variation in conversation
duration of students and the time spent studying are strong predictors of academic performance across the
semester. The StudentLife study [72] also found that conscientiousness is the primary trait positively related to
academic performance in college students. This is consistent with the �ndings of Higgins et al. [29] who conclude
that both academic and job performance are in�uenced by conscientiousness.

Prior work in applied psychology, management studies and organizational behavior investigate how the four
performance dimensions (i.e., ITP, IRB, OCB and CWB) we adopt in our study relate to a wide variety of di�erent
individual and group-level outcomes in organizations [20, 26, 33, 36, 53, 57, 76]. In addition, researchers show
how these performance dimensions di�er across a range of di�erent demographic and individual traits (e.g., age,
gender, personality, emotional intelligence) [15, 47, 51]. Prior research investigates the relationship between
supervisors' overall ratings of employee performance [33, 36, 53, 57], allocation of reward [1] and employee
turnover [14]. This body of research also investigates the relationship between OCB and CWB on the performance
of business units (i.e., di�erent sub-groups) within an organization [20, 54]. However, little is known about the
daily real-world behaviors that separate higher and lower performers in companies. In our work, we aim to
shed light on behavioral patterns that characterize higher and lower performers across various performance
dimensions (viz. ITP, IRB, OCB and CWB) using mobile sensing methods, machine learning and predictive
analytics. Mobile sensing methods o�er the promise of unprecedented continuous assessment to study workplace
behavior unobtrusively and objectively across daily, weekly, monthly, quarterly and yearly timescales.

3 METHODOLOGY
In what follows, brie�y discuss our study set up, ground-truth, our mobile sensing and data collection system
and feature extraction.
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Table 1. Demographics of the participants across each cohort

Cohort Male Female Total

A 109 108 217
B 112 26 138
C 15 6 21
D 72 75 147
E 12 19 31

Total 320 234 554

3.1 Study Design
Between early spring and late summer of 2018, we recruited 554 working professionals who live and work in the
United States as part of a large scale longitudinal research study. Each worker agreed to participate in our study
for a period of one year. As shown in Table 1, 217 participants work for a multinational consultancy company
A, 138 work for a multinational technology company B, 21 work for a local software company C, 147 work for
various smaller companies (which we collectively call group D), and �nally, 31 work for a local university E. It
is important to note that some of the workforce in company A work at di�erent branches within the country,
whereas the other groups work at their company headquarters. Among the participants in our study, 254 report
holding a supervisory position in their company, 297 report holding non-supervisory position and 3 participants
declined to mention their position in their companies.

For cohorts A, B and C, we established partnerships with the organizations who advertised the study to
their employees. Workers have the option to either participate or not in the study. Those who join the study
receive $750 for participating. The �nal amount of compensation varies depending on compliance levels, which is
measured in terms of the average percentage of daily data streams collected from the participant. The minimum
compliance percentage to earn the full amount is 80%. Furthermore, this amount is paid out in installments across
the study period following a speci�c schedule with the goal of keeping people in the year-long study. Participants
in cohorts D and E join the study through direct recruitment.

This study is conducted in accordance with the Institutional Review Board (IRB), an institution which protects
the rights and welfare of human research subjects.

3.2 Ground Truth
Workplace performance is multifaceted and each dimension is composed of unique factors that in�uence it, as
illustrated in Figure 1. For this reason, we use a number of gold standard questionnaires to collect data about
each of these factors. The questionnaires are grouped into three categories: 1) job performance surveys, 2) a
personality survey and 3) health surveys. We only consider the job performance surveys as ground truth in
this paper, as shown in Table 2. We administer a battery of surveys at the beginning of the study period and
periodically over the �rst 60 days of this year-long study. The job performance questionnaires are ITP [8, 25],
IRB [8, 77], OCB [17, 18], CWB [18, 58]. The ITP survey is scored from 3 to 15, the IRB is scored from 7 to 49
and both the OCB and CWB surveys are scored from 0 to 8. A high value of ITP, IRB or OCB indicates higher
performance, whereas a higher value of CWB indicates lower performance. Every participant in the study is
required to respond to a set of periodic shorter self-reports (3 times per week � we call these the survey days)
during the �rst 60 days of the study, as shown in Table 2.
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Table 2. Performance surveys: (1) individual task proficiency (ITP), which is proficiency at performing activities that contribute
to transforming an organization's technical core, where the term technical core refers to the transformation of raw materials
(objects, thoughts, or actions) into organizational products; (2) in-role behavior (IRB), which is the behavior required by an
employee to accomplish their duties in an organization; (3) organizational citizenship behavior (OCB), which is the positive
voluntary activity or behavior demonstrated by an employee, not necessarily recognized by the employer but it promotes
the e�ective functioning of the organization; and finally (4) counterproductive work behavior (CWB), which is the behavior
demonstrated by an employee, that negatively a�ects the well-being of a company.

Survey Items Answer Choices

ITP

Please indicate how often you carried out these three behaviors today
1. Carried out the core parts of your job well
2. Completed your core tasks well using the standard procedures
3. Ensured your tasks were completed properly

Response scale:
1 (Very little)
2 (Somewhat)
3 (Moderately)
4 (Considerably)
5 (A great deal)

IRB

Please indicate your level of agreement with whether you...
1. Adequately completed your assigned duties
2. Ful�lled responsibilities speci�ed in your job description
3. Performed tasks that are expected of you
4. Met formal performance requirements of your job
5. Engaged in activities that will directly a�ect your performance
evaluation
6. Neglected aspects of the job you are obligated to perform
7. Failed to perform essential duties

Response scale:
1 (Strongly disagree)
2 (Moderately disagree)
3 (Slightly disagree)
4 (Neutral)
5 (Slightly agree)
6 (Moderately agree)
7 (Strongly agree)

OCB

Today, I...
1. Went out of my way to be a good employee
2. Was respectful of other people's needs
3. Displayed loyalty to my organization
4. Praised or encouraged someone
5. Volunteered to do something that was not required
6. Showed genuine concern for others
7. Tried to uphold the values of my organization
8. Tried to be considerate to others

Response scale:
Yes/No

CWB

Today, I...
1. Spent time on tasks unrelated to work
2. Gossiped about people at my organization
3. Did not work to the best of my ability
4. Said or did something that was unpleasant
5. Did not fully comply with a supervisor's instructions
6. Behaved in an unfriendly manner
7. Spoke poorly about my organization to others
8. Talked badly about people behind their backs

Response scale:
Yes/No
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3.3 Data Collection: The Mobile Sensing System
Figure 2 illustrates the data collection and feature extraction process, which includes continuous sensing tools
running on phones, wearables, beacons and backend servers for data collection and predictive analysis of
workplace performance. The mobile sensing system is based on the StudentLife [72] data collection system. We
continuously and passively collect mobile sensing data from participants' Apple and Android phones, Garmin
wearables and beacons. The data is regularly uploaded and stored in our backend server databases. The mobile
sensing system collects physiological, behavioral and mobility data from each participant in the study � all the
sensing data is collected passively with no user interaction or burden. During enrollment each participant: 1)
installs a data collection app on their phone called the PhoneAgent; 2) wears a Garmin vivosmart 3 wristband
[37] which is paired with the PhoneAgent app on the phone in order to stream wearable data to the phone. Note,
the Garmin typically lasts 4-5 days between charges in comparison to smartwatches that typically need to be
charged each day � this signi�cantly reduces the user burden to collect 24/7 wearable data; and 3) places one
Gimbal bluetooth beacon [32] on their o�ce desk and another near the entrance to their home. Participants are
also asked to carry two mobile beacons on their person at all times � one in their wallet/bag and another on
their keychain. The data collected from the PhoneAgent, wearable and beacons is summarized in Table 3. In what
follows, we discuss each component of our continuous sensing collection system.

3.3.1 The Phone App: PhoneAgent.We develop the PhoneAgent, an app for the phone that tracks the participant's
physical activity, location, phone usage (e.g., lock/unlock) and ambient light levels. This app runs in the background
of Android and iOS smartphones to passively collect sensor data. The data is written to a �le as a JSON object
and uploaded to a server whenever the phone is connected to WiFi. The PhoneAgent app connects to the Garmin
wearable and Gimbal beacons via bluetooth. The Garmin vivosmart 3 wearable streams real-time heartrate (HR),
heartrate variability (HRV), �oors climbed, steps, and calories burned data to the PhoneAgent over bluetooth. We
stream this real-time data o� the wearable to the PhoneAgent because in this way we get much �ner grained
data than the Garmin backend server provides to users.

3.3.2 The Wearable: Garmin Vivosmart 3.The Garmin vivosmart 3 wristband [37] is a commercial wearable
and is mostly used for �tness monitoring, wellness monitoring and activity tracking. It periodically collects
physiological data such as heartrate, heartrate variability and stress (which is a proprietary black box inference
provided by Garmin). The Garmin (note, when we use the term wearable we mean Garmin) also captures sleep
quality including the duration of light sleep, deep sleep, REM sleep and entire sleep time. The Garmin also allows
users to input their weight, and automatically computes step count, calories burned, number of �oors climbed
and physical activity (e.g., walking, running, etc.) [37]. Participants are required to pair the Garmin with the
PhoneAgent app on the phone via bluetooth. In addition, participants pair the Garmin with the o�-the-shelf
Garmin Connect app whose APIs provide access to the sleep data and daily summaries of other sensing streams
described above. We periodically pull this data and store it in our database. These daily summaries (e.g., heartrate,
physical activity and stress, etc.) are augmented with the �ner grained sensor data that is streamed to the
PhoneAgent, as discussed above.

3.3.3 The Beacons: Gimbals.We use static Gimbal beacons [32] to study time spent at the o�ce and home as well
as breaks taken away from a participant's desk. Beacons are low energy radio modules that transmit and receive
radio signals to and from other bluetooth enabled devices [32]. The PhoneAgent app on the phone implements
a Gimbal API library that enables the phone to detect encounters with beacons. To understand the protocol,
consider smartphone A and beacon B. When A approaches B, A will receive the signal transmitted by B and
report its signal strength. Generally, this signal strength increases as A and B are closer to each other. In this way,
we can capture the mobility of participants at work. All encounter instances are logged by the PhoneAgent and
uploaded to the server. A copy of these interactions is also saved on Gimbal servers and accessible through the
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Fig. 2. We continuously collect passive sensing data from Android and Apple iOS smartphones, physiological data from
Garmin Vivosmart 3, as well as sightings of Gimbal beacons. The sensor data is uploaded to the server using WiFi. We then
compute features and study associations between the features and the self-reported performance.

Gimbal Server APIs [32]. In this paper, we only consider the time spent at their desk and the total time spent at
work. We also consider �breaks� from the desk, which could be a meeting, or a work break for co�ee, lunch, etc.

3.3.4 Dashboard.We compute the compliance rate for each participant based on whether we have collected
their data for each 30 minute time interval; that is, each day we have 48 time slots of 30 minutes duration to
check compliance. If we have data for a particular slot, we label it as 1, otherwise 0. We calculate a compliance
percentage of each participant for each day based on these 48 time slots. A study portal allows participants and
researchers to view compliance data. Participants can view compliance for di�erent devices (e.g., PhoneAgent,
Garmin and Gimbal) and report any issues they encounter to researchers. Using the study portal, we monitor the
state of our sensing and data collection system. We �nd it helpful to stay in touch with participants to inform
them if we observe any problems with their compliance rates. Participants are paid a �nal amount at the end of
the study depending on their averaged compliance rate. The study has an overall compliance rate of 70% which
means we have data from all streams (i.e., PhoneAgent, Garmin and Gimbal) for at least 17 hours per day.

3.4 Features
The features used in this study are inspired by insights drawn from prior work on mobile sensing discussed
in the related work section. Given our understanding of the di�erent factors a�ecting workplace performance
[41, 42, 73], we calculate a total of 296 features based on the sensor data from the PhoneAgent, Garmin wearable
and Gimbal beacons.
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Table 3. Sensing streams collected from participants and computed features

Sensing Device Feature Category Features *

PhoneAgent
Mobility Number of locations, total distance travelled **
Activity Physical activity and sedentary duration **

Phone Usage Unlock duration, number of unlocks **

Garmin Vivosmart 3

Heartrate Averaged heart rate/heart rate variability

Sleep
Start/end and duration of sleep, duration of

deep/REM/light sleep, duration of wake-ups during sleep
hours

Stress Duration of experienced stress levels (high/medium/low)
Steps Walking/running distance and duration, number of steps

Gimbal Beacons Behavior at work
Duration at work places, duration at their desk, number
of times they leave their desk (for durations of 5, 15 and

30 minutes)

* For each feature we consider: (1) features on the survey day; (2) mean values across days of the
week, weekdays and weekends; (3) the standard deviation within a week across days; (4) the
di�erence between the survey day and past week; (5) the di�erence between weekdays and
weekends.
** We divide the day up into periods called epochs; epoch 0: 24 hours (whole day); epoch 1: 12am -
9am (night/early morning); epoch 2: 9am - 6pm (working hours); epoch 3: 6pm - 12am (evening)

Table 3 details the features we generate. Speci�cally, we extract aggregations of daily activity (e.g., sedentary
duration), mobility (e.g., distance travelled and number of locations visited) and phone usage (e.g., number of
lock/unlocks and unlocked duration) collected by the PhoneAgent. We consider various epochs for analysis
across a day: night/early morning (12am - 9am, when people usually sleep), day (9am - 6pm, when people likely
work) and evening (6pm - 12am, when people likely go home or visit other locations). We also consider a 24 hour
epoch for the complete day. We assume that behaviors associated with each epoch may a�ect job performance.

We also extract physiological data and other features from Garmin (e.g., heart rate, sleep, stress and steps, as
shown in Table 3). Research [62] has shown for example that heart rate and heart rate variability are associated
with self-regulatory strength, e�ort, fatigue and burnout, which relate to performance. Sleep quality is one of
the major factors that impact job performance. For example, the amount of sleep and daily variations of sleep
across periods of time (e.g., week) might be a good predictor of performance. Di�erent stress levels may in�uence
performance. We therefore consider the stress level (e.g., low, medium and high) and its associated duration
inferred by the wearable � note, the Garmin analyzes the heart rate variability while the user is inactive to
determine the overall stress. Steps represent a proxy for engaging in physical exercise and may serve to in�uence
performance.

We also extract features that capture indoor location at work using beacon data. We are interested in the
following features that might directly re�ect engagement at work:

� the time spent at work: captures the total duration a participant spends at work from the �rst sighting of
the beacon at the work place to the last sighting.

� the time spent at desk: captures the percentage of time a participant spends at their desk each day.
� the number of breaks taken away from the desk that exceed periods of 5, 15 and 30 minutes (identi�ed by

the gaps in desk beacon sightings).
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For each of the features mentioned above, we consider the features for the same day that the survey is
administered and during the entire past week. We also consider weekdays and weekends. We calculate the
standard deviation as a measurement of regularity during the week. Finally, we compute the changes between
weekdays and weekends, and between the day the survey is administered and the past week.

4 ANALYSIS
We analyze the participants' performance metrics collected from the ground-truth survey measures (i.e., IRB,
ITP, OCB and CWB) and then group each participant as a lower or higher performer according to their averaged
(mean) performance scores using an unsupervised clustering method. We use a clustering algorithm to label
the responses due to the absence of any prior work studying job performance measurements from surveys
that de�nes cut-o�s or thresholds indicating whether a worker is a higher or lower performer. We thus focus
on a relative performance measure that categorizes participants into two relative groups of higher and lower
performers. After identifying the performance group of each participant using a clustering method, we study
associations in behavioral sensing features associated with higher and lower performers taking into account their
work roles (i.e., supervisors versus non-supervisors). We categorize each participant as either higher or lower

Fig. 3. Correlations between the various workplace performance metrics. High ITP, IRB and OCB indicate higher performance
whereas high CWB indicates lower performance. As shown above, ITP and IRB are highly positively correlated, whereas
CWB is negatively correlated with ITP, IRB and OCB.

performer on survey days (that is, the day that a survey is administered). We identify common behaviors and
behavioral patterns that characterize performers across the �rst 60 days of the on-going year-long study where
we have ground truth assessments, namely, IRB, ITP, OCB and CWB self-reports. Questionnaires for each of
these performance measures are administered once every three days over the �rst 60 days. Because surveys can
be administered on any day of the week we ask users to respond to the question �Did you work today?� We only
consider responses for days where participants state they are working and not for days when they report they
are not working. Therefore, in most cases work days are during the common working week (Monday-Friday).
Some workers work weekends but the common case for the study cohorts is working Monday-Friday.

We apply the K-means clustering method [2] where we consider the performance metrics as features for
unsupervised clustering. We compute the mean of each metric (i.e., IRB, ITP, OCB and CWB) for every participant
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