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Most people desire promotions in the workplace. Typically, rising through the ranks comes with increased demands, better
salary and higher status among peers. However, promoted workers have to deal with new challenges, such as, adjusting to
new roles and responsibilities, which can in turn impact their physical and mental wellbeing. In this year long study, we use
mobile sensing to track physiological and behavioral patterns of N=141 information workers who are promoted. We show
that the workers experience a change in their physiological and behavioral patterns after promotion captured by passive
sensing from phones, wearables and Bluetooth beacons. Furthermore, we use a random convolutions based approach to
extract patterns from multivariate time series signals and evaluate the performance of different models to classify a worker’s
mobile sensing data as belonging to a promoted or non-promoted period with an AUC of 0.72. As a result, we report for
the first time that mobile sensing can detect job promotion events by modeling physiological and behavioral changes of
information workers in an objective manner.
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1 INTRODUCTION

Promotions play an important role for organizations and individuals. For organizations, it is a way to keep
employees committed and motivated towards the company goals by rewarding promoted workers with financial
and status gains. For individuals, rising through the ranks leads to a boost in morale, wellbeing, and life satisfaction
[37, 38]. However, promotions can be a mixed blessing for many — while they provide an increase in occupational
status, financial reward, job autonomy, privilege and flexibility, they can often also be accompanied by added
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responsibility, longer working hours, stress and reduced work-life balance. Promotions are therefore, a win-some,
lose-some game. While workers may win through the status gain, financial and personal growth, they may impact
their psychological wellbeing and work-life balance. In addition, job change or role transitions have the ability to
change people [1, 12, 41, 55]. The characteristics of a person may change as a result of change in occupational
status [24]. As people transition in their new role after promotion, it might involve psychological, cognitive
and behavioral adjustments. Workers might need to embrace their new role in the social network, learn new
tasks, get familiar with new routines as well as cope with potentially new physical settings and surroundings
[15, 40]. As such, these transitions can have positive as well as negative consequences on a promoted worker’s
life. Therefore, we believe studying the after effects of promotion is an important topic. Prior studies have linked
workplace promotions with health, mental wellbeing, job satisfactions among other adjustment issues for workers
[10, 21, 23, 36].

Despite their importance, we do not have any objective assessment of how promotion affects an individual’s
life. In the absence of literature using objective measures to capture the effects of promotion, we propose a
passive sensing based approach as a means to assess workers’ reactions to being promoted. We do not concern
ourselves with how the promotions happen or why they do, because the subject has been studied thoroughly
before [5, 22, 71, 88]. Rather, we focus on physiological and behavioral changes brought about as a result of
promotion. More specifically, we look at the period before promotion (i.e., the non-promoted period) and after
promotion (i.e., the promoted period) in order to examine differences. We study N=141 information workers
across different industries who were promoted during the year long study using data from workers’ mobile
phones, wearables and Bluetooth beacons. We compare these physiological and behavioral changes before and
after promotion taking into account gender and job performance. Unlike prior studies that use self-reported
measures to assess the impact of workplace promotion [37, 38], we believe that passively collected data from
mobile devices can provide an objective measure of promotion events. The contributions of this paper are as
follows:

(1) To the best of our knowledge, we present the first workplace based mobile sensing study to investigate the
objective behavioral and physiological changes that occur as a result of promotion. We consider N=141
information workers who are promoted in a year long study. We do this by performing a comparison
of workers’ physiological and behavioral patterns up to 60 days prior to promotion and 60 days after
promotion.

(2) We study the changes in physiological and behavioral patterns associated with promotion considering
gender and higher/lower job performers. Our findings show that there are gender differences associated
with promotion events; for example, after promotion, female workers experience an increase in stress
duration during working hours, but males do not.

(3) We explore the feasibility of using mobile sensing streams to detect job promotion events. Using a binary
segmentation based changepoint detection method, we find that mobile sensing streams (e.g., sleep duration,
step count) change abruptly during the promotion period, illustrating that the signals have the potential to
capture promotion.

(4) We use ROCKET [16], a random convolutions based approach to extract patterns from multivariate time
series signals. Using 1D convolutions, we extract features from the multivariate time series and evaluate the
performance of different models to classify whether the given mobile sensing data belongs to a promoted
period or a non-promoted period. For this analysis, we include non-promoted as well as promoted workers’
data. We report an AUC of 0.72. Our findings show that passively collected mobile sensing data from
phones, wearables and beacons is able to detect job promotion events.

The structure of the paper is as follows. We first describe the related work in Section 2 and then detail our
study and data collection in Section 3. We discuss our analysis and results in Section 4 and Section 5, respectively.
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Following this, we discuss the implication, insights and possible applications of our work in Section 6. In Section 7,
we discuss the important issue of safeguarding workers’ rights as new sensing technologies are developed in the
future of work era [4]. Finally, we discuss the limitations of our work in Section 8 and present some concluding
remarks in Section 9.

2 RELATED WORK

The majority of prior research related to workplace promotion is focused on an individual’s likelihood for being
promoted. This topic is studied in relation to both job performance and other related factors. For example,
researchers find related factors, such as, personal characteristics, psychological attributes and education level are
more related to being promoted than simply performance on the job [5, 22, 71, 88]. Researchers use personality
characteristics, job attributes and psychological information to train machine learning models to predict whether
an employee is likely to be promoted. Long et al. [44] use demographic (e.g., gender, date of birth, etc.) and
job features (position, department, position type etc.) to predict if an employee (N=71132) is promoted or not
using a Random Forest model reporting an AUC of 0.96. Other research [91] reports a correlation between
work related interactions (i.e., workplace blogs, assigning tasks, downloading work related files, etc.) and online
social connections with employee promotion and retention. Work related interaction is strongly predictive
and correlates with promotion and retention. The authors [91] collect data from an internal social network
platform used by the company and train a logistic regression model to predict promotion and resignation of
N=104 employees.

There is little in the way of work examining transitions around promotion specifically pre-post promotion
behavioral and physiological changes reported in this paper. Prior work investigating changes around job
promotion purely use self-reports associated with general health, psychology, happiness and other metrics. Boyce
et al. [10] use the British Household Panel Survey (BHPS) data collected annually over 16 years and report
that promoted individuals suffer from deterioration of psychological wellbeing. Johnston et al. [36] use the
Household, Income and Labour Dynamics in Australia (HILDA) survey across 9 years to analyze promotion
effects. The authors [36] find that while promotion improves job security, pay perception and job satisfaction,
there is negligible effect on general health and happiness. Similar to Boyce et al., the authors report that promotion
negatively affects the mental health of workers. However, several studies show that working in low-ranked jobs
also leads to poor mental wellbeing [21, 29, 73] and social functioning [72]. Because promotion is often followed
by a rise in job rank, the findings from these studies suggest that promotion may in fact lead to an improvement
in overall health. Along the same lines, researchers also find that promotion may reduce the probability of heart
disease by up to 13 percent over a period of 15 years [3]. In a study of N=871 employees, de Lange et al. [15]
find that after promotion, employees report an increase in job autonomy and work engagement. With respect
to “adjustment” after promotion, Kramer et al. [40] show that employees need to create new communication
relationships and skill sets to become comfortable in new roles. Other prior literature examines gender differences
in behavior after promotion. Nyberg et al. [58] report that self-rated health decreases for both males and females
after promotion. However, promoted females in the study report greater health decreases in comparison to males.
Johnston et al. [36], on the other hand, report that promotion impacts the mental health of young males more
severely than that of females [36].

There is a growing interest in future of work research. The IMWUT community is well placed to advance this
new field of research given its history of developing passive sensing devices and behavioral studies. For instance,
prior studies using passive sensing find associations between passive mobile sensing and behavioral markers of
mental health [13, 32, 33, 66, 81, 83, 85] and personality [53, 84], among other things. A study by Obuchi et al. [59]
goes on to show the promise of passive sensing data by linking it with brain functional connectivity. The authors
obtain an F1 Score of 0.79 when classifying N=105 students’ functional connectivity between two regions of the
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brain by just using mobile sensing data. Specific to future of work research, a work on job performance using
mobile sensing [52] shows that mobile sensing can coarsely predict workplace performance. The authors collect
mobile sensing and self-report data from N=554 workers in different industries across 60 days. The researchers
train a machine learning model to identify if a worker is a higher or a lower performer using the self-reported
labels and mobile sensing data, obtaining an AUC score of 0.83. In another work, Muralidhar et al. [54] study job
performance of 100 students at a hospitality school by collecting their interview video. Participants are asked to
perform a reception desk based role with “real” clients (i.e., the researchers) as a means to gauge how they would
perform in the job. The researchers [54] annotate the recorded video of these interactions using five independent
coders/raters. Using verbal and non-verbal features extracted, the researchers show that they are able to obtain
an R? of 0.25 for inferring perceived performance and soft skills in the reception desk scenario. Also, Swain et al.
[75] use passive sensing to characterize daily activities and personalities of N=603 information workers. They
report that fewer location visits, batched phone-use, shorter desk-sessions and longer sleep duration are related
with better organizational citizenship behavior and increased task proficiency among the workers.

While there is a growing interest in assessing the workplace and job performance particularly using traditional
self-reports, there has been no work to the best of our knowledge that studies changes in behavior and physiology
in the workplace after promotion using mobile sensing.

3 METHODOLOGY

In what follows, we discuss our study design, mobile sensing approach, ground-truth, demographic information
of the workers in this year long study and the features used in the analysis.

3.1 Study Design

The Tesserae study [51] recruited N=750 information workers across different companies in the USA. All the
participants are in the study for a year and respond to several surveys, as detailed in [51]. Individuals participating
in the study are provided with a Garmin Vivosmart 3 [45] wearable, a continuous mobile sensing app based on
StudentLife [82] and a set of Bluetooth beacons to be placed at their home, on their work desk, in their office and
on their keychain. The study protocol is fully approved by the Institutional Review Board (IRB). While we discuss
important and relevant information from the Tesserae project as it relates to promotion, please refer to Tesserae
study [51] for full details of the study design, participants, data collection, etc. Participants in the Tesserae study
are instructed to maintain data compliance percentage of 80% to be eligible for monetary remuneration. In this
paper, we study N=141 workers from the complete cohort of N=750 who are promoted during the period of
the study as well as the remaining 609 workers who are not promoted. Out of 141 promoted workers, 48 work
at a multinational consultancy company, 44 work at a multinational technology company. The remaining 49
participants work in a software company, a university and at various other small companies.

3.2 Demographic Descriptors

With respect to demographic information of the promoted participants, 32% are female, 50% are male and the
gender of remaining 18% of workers is unknown because they are associated with the blinded set of participants
used in evaluation of the Tesserae study. 48 participants are under the age of 30, 66 are between 30 to 50 and 2
participants are above the age of 50. In terms of highest education attainment, 43% of the participants have a
college degree and 33% have a postgraduate degree (Master’s or Doctorate). The remaining participants have
attended some form of college or graduate school (perhaps, programs that do not award degrees). Tenure wise,
the majority of the participants have been with their current employer for two years or more. Figure 1 shows the
distribution of this demographic information.
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Fig. 1. Demographic information of the promoted participants.

3.3 Promotion Ground Truth

The ground truth for the analysis is collected through participant surveys and self-reports. At the end of the year
long study, participants complete exit surveys. Two of these surveys specifically ask: Were you recently promoted?
and When were you promoted ? (month and year). Participants also go back through their calendar in order to
submit significant life events (e.g., illness, marriage, vacation, promotion) that happened during the year long
study period. Participants who choose to share the significant life events are compensated extra for doing so.
The ground truth used for this paper uses responses to both the exit survey and life events survey associated
with promotion. The exit survey asks for the month and year of the most recent promotion, while the life events
survey asks for the exact day (from their calendar) of any significant event (in our case, promotion). As a result,
we know the day of promotion for N=48 participants, while for the majority of the participants (i.e., N=93), we
only know the month and the year of their promotion.

3.4 Mobile Sensing System

The mobile sensing app is installed on the participants iOS/Android phone and tracks participant’s phone usage,
location, physical activity and Bluetooth interactions with Bluetooth beacons (at work, home, office, keychain)
and runs passively without any user interaction in the background of their phone. The mobile app also syncs with
the Garmin wearable streaming data from the wearable to the phone. Through the wearable we collect various
physiological and behavioral data, such as, sedentary duration, motion intensity, sleep, stress, steps and heart rate
data. The Garmin wearable also connects to its own companion phone application which streams information to
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its web backend in order to compute daily summary information. Workplace activity and interactions related
information are collected with the help of Bluetooth beacons (Gimbal). The passive sensing app implements the
Gimbal’s API to capture proximity or co-location of Bluetooth beacons. This acts as a proxy in our analysis for
number and duration of interactions, breaks and time spent at desk/home/work. For full details on the collection
system, see [51].

3.5 Features

The features that we use in this paper are mostly based on prior literature discussed in the Related Work section.
We list the generated features in Table 1. We generate daily summary features of activity (e.g., sedentary duration,
distance, steps), heart rate (e.g., average heart rate, heart rate variability), stress (e.g., average stress duration),
workplace behavior (e.g., number of interactions, time spent at desk) and sleep (e.g., sleep duration, Rapid Eye
Movement (REM) sleep duration, duration of wake-ups). Each participant is given Bluetooth beacons to place
at their home, at their work desk and on their key-chain. A Bluetooth beacon is also placed at the entrance of
their respective workplace. Based on whether the signals of the respective Bluetooth beacons are detected by the
participant’s phone (and for how long), we infer the time spent at work, time spent at home, time spent at their
work desk, and number and duration of breaks away from their work desk. Workplace interactions are inferred
based on the strength of the detected Bluetooth signals: if participant A’s phone detects a Bluetooth signal of
participant B with greater signal strength (and likewise participant B’s phone detects participant A’s Bluetooth
signal with greater signal strength), we count that as an interaction (if it lasts for more than a threshold of a few
minutes). With respect to stress measure, it is provided by the participant’s Garmin wearable. It ranges from ‘rest
stress’ with values from 0-25, ‘low stress’ with values from 25-50, ‘medium stress’ with values from 50-75, and
finally ‘high stress’ with values from 75-100. According to the Garmin specification [76], inference of the stress
measure is computed by taking into account participant’s activity level, respiration rate, HR and HRV during
baselines [76]. Typically, when there is an increase in HR, drop in HRV lower than the resting state baseline,
and respiratory rate is low relative to the HR, the Sympathetic Nervous System (SNS) which is responsible for
physiological responses related to heart rate dominates, leading to a stress state [76]. Sleep related data are
collected via the wearable and the phone [49]. In addition to the total sleep duration, the wearable provides
us duration relevant to several sleep stages such as awake period, deep, light and REM sleep period. We also
calculate daily sleep debt based on the difference in the ideal amount of sleep a participant gets in the prior week.

We divide the day into several “epoch” periods to better understand a worker’s physiological and behavioral
sensing data over different periods of the day for modelling purposes: epoch 0 (representative of entire 24 hour
day), epoch 1 (12 am - 9am; night time, typically when people sleep), epoch 2 (9am - 6pm; day time, typically
when people work) and epoch 3 (6pm - 12am; evening time, typically when people leave work and go home or
elsewhere). We also consider other time periods based on Bluetooth beacons, such as, time spent at their desk
(while at work), time spent not at their desk (while at work), and time spent while not at work (i.e., before they
arrive and after they leave). Features related to activity, stress, sleep, steps and heart rate allow us to analyze the
effect of promotion on wellbeing, while workplace behavior, distance travelled and phone usage based features are
important from the perspective of capturing changes in employee engagement, communication and socialization.
Prior work has shown that promotion can impact all these aspects of wellbeing [10, 15, 36, 40], therefore, we use
all of these features in our modelling and analysis. With regards to the units of the features, unless otherwise
stated, all duration based features are measured in seconds and distance based features in meters. Exceptions to
this are time spent at work and desk, which are measured in minutes and total sleep duration as well as sleep
debt features, which are measured in hours. Heart rate uses the standard beats per minute unit and HRV is
based on Root Mean Square of the Successive Differences (RMSSD) and Standard Deviation of N-N intervals
(SDNN/SDANN) [46].
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Table 1. Features generated from the mobile sensing system: from the phone, wearable and beacons.

Feature Category Features

Activity Sedentary duration, physical activity, motion intensity

Time spent at desk, time spent at work,
Workplace activity number of times participants leave their desk (for durations of 5, 15 and 30 minutes),
arrival time to work, departure time from work, duration spent on breaks

Number of unique participants, duration spent on interactions,

percent of time spent alone, percent of time spent in different interactions
(interacting with only one person, with one or more person,

with two or more person, or three or more person)

Workplace interactions

Total distance travelled, average distance from home,

Distance number of locations visited
Stress Duration of high/medium/low stress, average stress levels
Sleep Sleep.duration, da.ily sleep debt, .
duration of deep/light/REM sleep, duration of wake-ups
Steps Number of steps, walking/running durations
Heart rate Average heart rate, heart rate variability
Phone usage Number of unlocks, usage duration
4 ANALYSIS

We discuss our modeling and analysis of physiological and behavioral patterns associated with promotion periods
in what follows. We present our results in the next section.

4.1 Analyzing Changes in Behavior and Physiology

We start our analysis by exploring the changes in behavior and physiology of the participants after promotion.
We do this by performing a paired Wilcoxon signed rank test [86] on the sensing data of the participant up to 60
days before and 60 days after the month of promotion. We use Wilcoxon signed rank test because the data points
are non-normally distributed. Wilcoxon signed rank test compares two related samples to detect whether there’s
a difference between them after an intervention (in our case, the intervention is promotion.) As mentioned in the
Introduction section we select a 60 day epoch period for analysis in order to maximize the number of participants
we can include in the analysis across the year based on the amount of data we have from all the promoted workers.
We know the day of promotion for N=48 participants, while for the majority of the participants (i.e., N=93), we
only know the month and the year of their promotion. Our analysis is based on N=141 of these participants who
reported being promoted during the period of the study. Because of this, we exclude the month of the promotion
from the analysis. Let us explain that last sentence. If a participant reported being promoted in February, for
example, we exclude all their data for February from our analysis irrespective of which specific day they are
promoted on. We do this because we do not know the exact day of promotion for a majority of the participants
(i.e., N=93) and so the only way we can avoid data before promotion (i.e., non-promoted period) “leaking” into
data after promotion (i.e., promoted period) is by removing data associated with the promotion month which we
know for all N=141 of these participants. This means that non-promoted period includes data just before the
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month of promotion (i.e., until the end of January in our example of promoted in February) and promoted period
includes the data after the month of promotion (i.e. from the start of March ). We report result of the analysis
using four criteria: 1) the overall behavioral and physiological change among all the promoted workers; 2) the
difference in behavior and physiology between promoted workers after promotion and non-promoted workers;
3) the behavioral and physiological changes associated with gender; and finally 4) the changes associated with
high and low performers [52].

4.2 Predictive Classification Model

For the final part of the analysis, we build a predictive classification model that utilizes the sensing data from
workers’ phone, wearable and beacons (associated features discussed in Table 1) to determine whether the data
belongs to promoted or non-promoted periods. Our aim is to be able to detect promotion events by leveraging
machine learning technique. We include both the promoted workers and non-promoted workers in this analysis.

For promoted workers, we label the data after the month of their promotion as belonging to promoted class, and
data before the month of their promotion as belonging to non-promoted class. Similarly, in case of non-promoted
workers, we label all their data as belonging to non-promoted class. Then, we design a model that can detect
which period the sensing data belongs to. For the purposes of modeling, we treat the problem as a multivariate
time series classification task. It could be the case that multiple sensing streams (e.g., arrival time to work, number
of steps, sleep duration) interplay with each other and if we can capture these variations, we would be equipped
with better cues to detect promotion based on the sensing data. For each stream, we create a daily summary time
series spread over 7 days (i.e., a week) for each of the promoted and non-promoted periods. We make predictions
on each weekly grouping of data and once we have the entire month’s prediction (i.e., 4 weeks prediction), we
use majority voting technique to identify whether that month belongs to a promoted or a non-promoted period.
Our machine learning model makes use of a recent technique in time series classification which the authors
report to have outperformed other state of the art time series classification algorithms [16].

The approach used by ROCKET (Random Convolutional Kernel Transform) [16] is influenced by the success of
Convolutional Neural Network (CNN) [42]. Although CNNs are mostly known for their performance in image
based tasks [26, 70], they also perform well when used in time series classification [18, 19]. Researchers believe
that they could be effective in time series classification because the convolutional kernels capture patterns in
the input time series [18]. A kernel refers to a matrix that is convoluted with the input time series through a
sliding dot product [18]. The result is called feature map, another matrix, which is used for classification. Kernels
can capture complex patterns and shapes reflected in the feature map. Feature maps are the result of applying
the kernels to an input. In essence feature maps are a rendition of the input showing how much of the pattern
represented by the kernel are present in the input time series. However, unlike CNNs where the convolution
kernels are typically learned, ROCKET uses random convolutions. What this means is that, the kernel weights
are not learned, they are randomly generated.

Random convolutions are not novel innovations; they have been used in prior works [34, 35, 62, 68]. In fact,
researchers have suggested that random convolutions may be advantageous for small datasets where learning
better kernel representation is difficult [34, 90]. ROCKET performs random convolutions over the time series data
to extract patterns which are then used by a linear model to make predictions. This approach provides significant
gains over the state of the art performance with huge reductions in time and computation power required [16].
ROCKET kernels have random length, dilation, padding, weights and bias [28]. The only hyperparameter for
ROCKET is the number of random kernels to generate. For more detail on ROCKET, please refer [16]. In our
implementation of ROCKET we extend the model to take into account the multivariate nature of our dataset. We
do this by performing a multi-channel 1 dimensional convolution over the time series data. Multi-channel here
refers to the number of sensing streams. We perform a one dimensional random convolution over all the sensing
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Fig. 2. Changepoint detection for several sensing streams (viz. sleep, breaks, stress). The figure shows changepoint detected
for three different promoted workers for ‘light sleep duration’, ‘number of 15 minute breaks’ and ‘stress duration at work’
streams during one of the weeks in the month of their promotion. The vertical dashed line denotes the changepoint identified
— the blue and red shaded regions represent the period before and after the changepoint, respectively. The sensing time
series figures clearly show that there is a significant variation in the light sleep duration (i.e., decrease), number of 15 minute
breaks (i.e., increase) and stress duration at work (i.e., increase) following the changepoint. Note, the changepoint time series
selected are represented on many other examples and are just shown here to illustrate the visible change in physiological
and behavioral patterns.

streams grouped by 7 days. Thereafter, we select features using Sequential Forward Selection (SFS) [20] approach
for classification.

5 RESULT

In what follows, we present our results with regards to behavioral and physiological change in workers after
promotion (i.e., promoted period). We report results associated with specific subgroups of interest including
gender and high/low job performers. We also discuss our results on detecting job promotion using mobile sensing.
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5.1 Behavioral and Physiological Change after Promotion

5.1.1  Within Promoted Workers. We provide initial insights into behavioral and physiological differences captured
through mobile sensing by comparing features from up to 60 days period after the month of promotion and up
to 60 days before promotion. We use paired Wilcoxon signed rank test for this purpose because it allows us to
compare paired data for each promoted worker before and after promotion. We show the significant behavioral
and physiological changes in Table 2. Note, all the reported changes are significant with p-value of less than 0.10
after correcting for multiple comparisons using false discovery rate using the Benjamini Hochberg (FDR-BH)
procedure [6].

Table 2. Changes in behavior and physiology of workers after promotion. The following table lists significant changes in
behavior and physiology we find for all the participants after promotion. Epochs refer to grouping of different periods of
the day; epoch 0: 24 hours (whole day); epoch 1: 12 am - 9 am (night/early morning); epoch 2: 9 am - 6 pm (working hours);
epoch 3: 6 pm - 12 am (evening). Note, all the reported changes are significant with p-value of less than 0.10 after correcting
for multiple comparisons using false discovery rate using the Benjamini Hochberg (FDR-BH) procedure [6].

Category  Period Change in pattern
Total physically active duration reduces after promotion
. Epoch 0 . . .
Activity Time spent in vehicle decreases
Epoch 2 Time spent in vehicle decreases
Workplace Evoch 0 Increase in number of 15 minutes break
activity p Decrease in number of 30 minutes break
Number of interactions decreases
Workplace : . .
. . Epoch 0/2/3 Duration of interactions decreases
Interactions . L. . .
Number of unique participants in conversation decreases
Distance ~ Epoch 2 Fewer number of unique locations visited
Decrease in high and low stress duration
Epoch 0-3 . .
Stress Increase in rest stress duration

Epoch 0/2/3 Increase in stress variability

Increase in sleep duration

Sleep At night Increase in REM sleep duration

Steps Epoch 0/3 Decrease in step count
Epoch 1 Increase in heart rate
Heart rate Epoch2/3 Decrease in heart rate
At desk Decrease in HRV while at desk

More time spent on phone

Epoch 1 Increase in the number of unlocks

Phone usage

Epoch 3 Increase in the number of unlocks
Wilcoxon paired test; p-value < 0.10 (FDR-BH)
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As shown in Table 2, we find that the workers are less physically active after being promoted. Given the fact
that most of our cohort comprises information workers requiring knowledge work (i.e., problem solving, cognitive
skills) rather than physical work, they likely spend longer periods of time sitting and working which results in
less physical activity. This is corroborated in the table by a reduction in step count as promoted workers move
through the ranks. On the other hand, we find that wellbeing related factors such as stress and sleep improve after
promotion. Findings from prior research on promotion and wellbeing are inconclusive; some researchers show
that promotion can lead to better health outcomes, while others find promotion leads to deteriorating health
outcomes. In a panel data of N=2,681 workers, Johnston et al. [36] report finding small yet positive association
with job stress and promotion (i.e., as people get promoted, their job stress also increases). The authors [36] do not
find any significant effect of promotion on general health and happiness. Boyce et al. [10] find that people suffer
significant deterioration in their psychological wellbeing after promotion. However, Karasek et al. [38] argue that
higher occupational levels that are achieved as a result of promotion lead to reduced stress because employees
have more autonomy and control of their work which helps them mitigate the high demands of their job. In
another line of research, job satisfaction is shown to be strongly associated with employee wellbeing [69], and
because promotion typically leads to an increase in job satisfaction [23, 67], it could be inferred that promotion
leads to better wellbeing through the mediating role that it plays in increasing job satisfaction.

Mobile sensing (HRV from the wearable) and location information (from the beacons) allow us to measure
deeper contextual information associated with workers not readily available to prior researchers; that is, we can
analyse a worker’s behavioral and physiological signals while they sit at their desk, for example. We find that
although the stress reduces for promoted workers across different periods of the day, their heart rate variability
(HRV) decreases while they are at their desk. Heart rate variability is a commonly accepted biomarker of stress
and generally a lower HRV is associated with higher stress [39]. We believe that the decrease in HRV while at
the work desk is potentially pointing to the fact that their stress is increased while they are working at their
desk maybe because of the added responsibility of their new role after promotion. However, when considering
different periods of the day (i.e., epochs) as well as the entire day, we find that promotion actually leads to positive
health outcomes in terms of stress and sleep. Perhaps this is because the job rewards (job flexibility, control,
autonomy, salary etc.) actually help people cope with the increased demands and responsibility and maximize
their overall health when considered in relation with the entirety of the day or other periods other than while
working at their desk.

In terms of workplace activity, we find that there is an increase in the number of breaks of shorter duration
and a decrease in breaks of longer duration. It is not clear why this would be the case. One possible explanation
is that the promoted workers are highly engaged at work as a result of changing demands in their new roles.
Prior research shows that workplace promotion typically leads to an increase in employee performance and
productivity [63, 67]. This might relate to another one of our findings — people visit fewer places during the
working hours once promoted in comparison to the period before promotion. We posit that workers might be
more engaged with new work activities as a result of promotion, which is discussed in the literature [15].

Workplace interaction with colleagues appears to go down after promotion, in both the numbers of interactions
as well as the duration of interactions. This is an interesting finding. In addition, after promotion people tend to
interact with fewer people. There are multiple interpretations of this result. For one, we observe that promoted
employees reduce the number of longer breaks, which might imply that they are engaging more in work items
and as a result reducing time spent interacting with other workers. Another interpretation of this result is
that promoted workers simply experience changes in communication and engagement with former peers (e.g.,
individuals, group members, supervisors, managers). The literature indicates that non-promoted workers (for
instance, after getting passed over for promotion) may be less attached to their co-workers, hence decreasing the
overall interaction for promoted employees [27]. In a survey of N=20 promoted employees, Kramer et al. [40]
find that employees experience a sense of social isolation from peers and supervisors after getting promoted.
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Fig. 3. Comparison of changes after promotion. The figure shows a number of the sensing streams along with the percentage
change in them after promotion. Comparisons are shown between median values of the streams. The green dot represents
the sensor reading before promotion and red dot, after promotion. We can see that some streams such as average stress level
decrease, while others such as HRV increase. All the duration are represented in minutes.

After promotion, employees report feeling isolated because "they were no longer one of them". It makes sense
that communication channels, conversational engagement and other workplace interaction are disrupted once an
individual is promoted.

Finally, we find that after promotion, workers spend more time on their phone during the night/early morning
period. We also capture more number of unlocks during night/early morning and evening periods, both of
which are periods after work. Figure 3 shows a number of the significant features that change along with the
percentage change after promotion. Comparisons are shown between median values of the streams in the figure.
The green dot represents the sensor reading before promotion and red dot after promotion. We can observe
that some streams such as average stress level decrease, while other streams such as HRV increase. Our results
find significant common patterns across the cohorts we study. While the literature supports a number of our
observations we do not claim that these observed behavioral and physiological changes are generalizable.

5.1.2  Between Promoted and Non-Promoted Workers. From the previous analysis, we learn that promoted workers’
physiology and behavior changes after promotion. However, we only took within-person changes into account.
In what follows, we study the significant differences in behavior that show up when we compare promoted
participants with non-promoted participants (i.e., studying between-person differences).

Similar to our prior analysis, we observe up to 60 days of data after promotion period for promoted workers,
and similarly 60 days of data for non-promoted workers. We then perform a between-groups comparison using
Wilcoxon rank-sum test (also known as Mann-Whitney U test) [47]. The Wilcoxon rank-sum test is a non-
parametric version of independent T-test, allowing us to compare two independent groups. We find several
significant differences between the promoted and non-promoted workers, as listed in Table 3.
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We find that promoted workers are less physically active than non-promoted workers. They have a compara-
tively lower physically active duration and take fewer steps throughout the day. Non-promoted workers seem to
travel more and also venture out further away from their home in comparison to promoted workers. Furthermore,
promoted workers spend more time by themselves and at their work desk. This supports our finding from the
within-person analysis that we discussed before. As mentioned in Section 5.1.1, one reason behind being less
physically active could be straightforward: the vast majority of our study participants are information workers,
therefore, a rise through the rank might coincide with spending more time stationary at their desk or in meetings
which result in less physical activity. We also find that promoted workers sleep longer and have lower average
stress throughout the day. Not surprisingly (since they have lower average stress), they have a higher HRV as well.
Most of the results we obtain from this between-groups comparison corroborates our findings from the earlier
section. We learn that there are significant differences not just within the behavior of the promoted workers but
also between the promoted and non-promoted participants. In section 5.4, we leverage our findings from these
two analyses to train a machine learning model that can learn patterns from these differences.

Table 3. Differences in patterns of non-promoted/promoted workers. The table below lists the differences in behavior
and physiology of non-promoted/promoted workers (after they get promoted). There are 141 promoted workers and 609
non-promoted workers in our analysis.

Group Differences in patterns

Time spent in vehicle is lower during overall day.

Physically active duration is lower throughout the entire day.

More time spent alone and at work desk while in the workplace.

Higher rest stress duration and lower average stress.

Higher sleep duration.

Average heart rate variability while at desk and also while not at work is higher.
Total number of phone unlocks in the overall day is higher.

Promoted

More distance travelled throughout the day.

Travel further away from home than promoted participants in the entire day.
Lower REM sleep duration.

More number of steps throughout the day.

Average heart rate at work is lower.

Wilcoxon rank-sum test; p-value < 0.10 (FDR-BH)

Non-promoted

5.2 Subgroup Analysis: Gender and Job Performance

Analysis of promotion on the entire cohort might mask important effects that occur for certain subgroup of
participants. In order to investigate the differences within subgroups, we perform further analysis of behavior
and physiology change considering gender and job performance.

5.2.1 Gender. Out of 141 participants, there are 45 females and 71 males who are promoted. The remaining 25
participants are blinded (that is, we do not know their gender). Table 4 lists the changes we find in participants
based on gender.

Our gender based analysis shown in Table 4 clearly indicates that there are significant differences between
females and males in terms of behavior and physiology changes after promotion. This is an interesting result.
We find that male workers show an increase in phone usage during night/early morning whereas we do not see
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Table 4. Changes in patterns after promotion when considering gender. We observe the change in behavior and physiology
of promoted workers based on gender. There are 71 males and 45 females who are included in our analysis. Note, all the
reported changes are significant with p-value of less than 0.10 after correcting for multiple comparisons using false discovery
rate using the Benjamini Hochberg (FDR-BH) procedure [6].

Gender Changes in patterns after promotion

Stress is more variable during the entire day, in the working hours (9am - 6pm) and
during the evening (6pm - 12am).
Duration with low stress decreases during all periods (entire day, morning, working
hours and evening).

Female Medium stress duration increases during working hours (9am - 6pm).
Average workplace interaction duration decreases across the entire day as well as during
the evening (6pm - 12am).
Total distance travelled increases for the entire day.
Heart rate increases during evening (6pm - 12am).
Heart rate variability decreases while not at work.

Phone usage during night/early morning (12 am - 9 am) increases.

Number of unique locations visited during working hours (9am - 6pm) decreases.
Number of unlocks in the entire day, during night/early morning (12 am - 9 am) and
during evening (6pm - 12am) increases.

Average stress level in the entire day, during night/early morning (12 am - 9 am) and
during evening (6pm - 12am) decreases.

Total step count in the evening (6pm - 12am) decreases.

REM sleep duration increases.

Number of workplace interactions and unique participant decreases throughout the day
(overall day, working hours and evening).

Variation of heart rate while at the work desk increases.

Wilcoxon paired test; p-value < 0.10 (FDR-BH)

Male

similar changes for promoted female workers. Male workers show a decrease in the number of unique locations
visited during working hours. For female workers, we find that the total distance travelled increases when we
consider the entire day. The most significant changes for female workers are related to stress and heart rate
variability. While we find that the average stress level decreases for male workers, females experience an increase
in medium stress duration during working hours. Nyberg et al. [58] report that female workers’ self-reported
health deteriorates at a higher rate in comparison to male workers after getting promoted. Prior studies report
that female workers with same position in a company as male workers have higher demands [80], less financially
rewarding jobs [8, 57], larger sacrifices in private life [56] and lack of social rewards [31] which ultimately leads
them to suffer more stress in jobs with higher occupational status in comparison to males. We also find that
the female workers’ HRV while not at work decreases. We do not find this for males. Previous work shows
that female workers are more exposed to work-family conflicts and ‘double burden’ [17, 57, 80], which might
be the reason why they experience a decrease in HRV while they are not at work. Interestingly, the number
of workplace interaction seems to decrease for both genders, possibly reflecting that both males and females
experience increased engagement in the workplace, or, workers experience a change in communication, regardless
of gender.
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5.2.2  Job Performance. In this subgroup analysis, we first make an attempt to uncover the association (if any) in
our dataset with respect to job performance and promotion. We then analyze the behavioral and physiological
changes.

As discussed in Section 3, the Tesserae study [51] collects self-reports along with mobile sensing data from N =
750 participants. One of the many self-reports collected from the participants includes job performance metrics
every 3 days for the first 60 days of the year long study. We want to see if the self-reported performance metric
is an indicator of future promotion. The participants self-report their performance using four metrics/surveys:
counterproductive work behavior (CWB) [64, 65], organizational citizenship behavior (OCB) [14, 64], in-role behavior
(IRB) [9, 87] and individual task performance (ITP) [9, 30]. For our analysis, we take an average of the participant’s
self-reported performance scores for these four metrics.

Table 5. Changes in patterns of higher/lower job performers. The table below lists the changes in behavior and physiology of
higher/lower job performers after they get promoted. There are 72 higher performers and 44 low performers in our analysis.

Performance

Class Changes in patterns after promotion

Number of unique locations visited during working hours (9am - 6pm) and overall day
decreases.
Stress has more variability during overall day, working hours (9am - 6pm) and during
evening (6pm - 12am).

High Performers Average interaction duration in evening (6pm - 12am) decreases.
Average heart rate in overall day, during working hours (9am - 6pm) and during evening
(6pm - 12 am) decreases.
Average HRV increases in overall day.
Number of unique participants in interactions with during the overall day increases,
while it decreases during working hours (9am - 6pm) and evening (6pm - 12am).

Stress has more variability during working hours (9am - 6pm) and during evening (6pm -
12am).

Low Performers  Stress duration decreases in overall.
Number of unique participants goes down in the entire day, working hours (9am - 6pm)
and evening (6pm - 12am).
Heart rate increases during night/early morning (12am - 9am).

Wilcoxon paired test; p-value < 0.10 (FDR-BH)

We cluster the participants into higher and lower performers based on the four self-reported performance
metrics proposed in [52]. In this approach [52], multiple iterations of K-means clustering is run with initial
centroid set to the maximum values of OCB, IRB and ITP survey scores whereas the minimum value of CWB
survey score is used. The idea here being, OCB, IRB and ITP are positive performance metrics, whereas CWB is
an indicator of negative workplace behavior (i.e., the higher the aggregated value of CWB response, the lower
the job performance). Hence, K-means clustering with K=2 and initial centroid set to maximum value of positive
indicators of job performance and minimum value of negative indicators of job performance should ideally lead
to a division of participants into two classes: “high performers” (those that have high OCB, IRB and ITP but low
CWB) and “low performers” (high CWB, but low OCB, IRB and ITP). After we cluster the workers into these two
classes (viz. high performer and low performer), we investigate whether there is any correlation between the
two performance groups and promotion. The question that drives this exploration is ‘Is prior job performance an

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 3, Article 113. Publication date: September 2020.



113:16 + Nepal et al.

indicator of future promotion?”. We find that the Mathew’s Correlation Coefficient (MCC) [50] on performance
class (higher/lower performers) and being promoted is -0.06. This indicates that there is no relationship between
performance class and being promoted. For what it’s worth, 72 of our 141 participants fall in high performer’s
class while 44 are in the low performer’s class. The remaining 25 participants are blinded; we do not know
their performance metrics. In order to investigate the influence of individual performance metrics on promotion
(as opposed to the broad higher/lower performance class based on clustering), we fit a logit model with the
performance metrics and performance class as independent variables and being promoted (or not) as dependent
variable. However, again we do not find any statistically significant relationship. All this leads us to conclude
that self-reported performance is not reflective of future promotion in our dataset.

Finally, we investigate the within-person changes of high performers and low performers after getting promoted.
Table 5 shows the significant changes we observe. Perhaps what is more surprising about our findings is that
higher performers have an increase in number of unique participants that they interact with in the overall day.
These higher performers show an improvement in their HRV and heart rate. Stress reduces for both the groups
after promotion but there is an increase in stress variability. For low performers, we find that heart rate increases
during night/early morning, after leaving work for the day.

5.3 Changes in Individual Streams

We extract numerous features from our sensing dataset sourced from workers’ phones, wearables and Bluetooth
beacons. Before we discuss our predictive classification model, we want to explore if individual sensing streams
change around the time of promotion. We use offline changepoint detection to study this. Changepoint detec-
tion [2] is an approach used to identify whether there is a change in a sequence of observations over time. Aptly
named, a changepoint is a point at which there is an abrupt variation in the time series data. In offline changepoint
detection [79], changes are identified by taking into account the entire dataset in a retrospective manner. Online
changepoint detection [2] is used to detect changes in real time settings. Because we are exploring the streams
after the collection of the dataset, we use offline changepoint detection to look back in time to recognize where
the change happened. Note, that this is a search based technique; it is not using machine learning.

We first aggregate all the available sensing streams by week to create a weekly time series for each stream
and then we pass each of the time series streams through binary segmentation search method [25]. Binary
segmentation based search method works by trying to identify a single changepoint in the entire dataset in
the first instance and then by breaking the time series up into further smaller splits to come up with the most
significant changepoints. We use weekly summarised time series of each sensing streams for up to 20 weeks
including the month of the promotion. We then investigate the composition of streams that change the most
during the month of the promotion (i.e, the streams that have changepoints during that period). In Figure 2, we
show three examples of changepoint detected on three separate streams (viz. light sleep duration, number of 15
minute breaks and stress duration at work). We observe that there is a significant change in each of the streams
following the week where changepoint is identified. The vertical dashed line in the time series figures denotes the
changepoint - the blue and red shaded regions represent the period before and after the changepoint, respectively.
These sensing time series figures clearly show that there is a significant variation in the light sleep duration (i.e.,
decrease), number of 15 minute breaks (i.e., increase) and stress duration at work (i.e., increase) following the
changepoint. Note, the changepoint time series selected are represented on many other examples and are just
shown here to illustrate the visible change in physiological and behavioral patterns. For the entire cohort, we
report the result by categorizing all the sensing streams (i.e., feature categories) into 5 groups: heart rate and
heart rate variability (HRV), stress, sleep, workplace behavior (includes workplace activity and interactions) and
activity (includes everything else: distance, activity, phone usage). In Figure 4, we show which of these groups
change the most during promotion. As can be observed in the figure, stress based streams change the most (i.e.,
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on average, 22% of the changepoints are identified through stress based streams). Activity (21%), sleep (20%)
and HR/HRV (20%) based streams also change during the period of promotion. Streams related to workplace
interactions and desk activity (17%) do not have as many changepoints in comparison to these more significant
streams. In Table 6, we list a number of the individual sensing streams within each groups that change the most
during promotion.

Table 6. Streams that change the most. In this table, we list some of the individual streams that changed the most during
the period of promotion.

Category Features

Total step count
Activity Calories burned
Highly active duration
Time spent at work
Workplace behavior Average break duration
Departure time from work
Duration of high stress
Stress Duration of medium stress
Duration of low stress
REM sleep duration

Sleep Daily sleep debt
Total sleep duration
Average HR at desk
Heart Rate Average HR not at work
Average HRV at desk

5.4 Predictive Classification Model

A key goal of our study is to train a machine learning model such that it can detect the promotion period (whether
promoted or non-promoted) that the sensing data is associated with. The exploratory analysis that we performed
in the earlier section hinted towards the fact that passive sensing streams change during or after the period of
promotion. With a predictive machine learning model, we investigate if using all these changes and variations
of multiple streams together can give us a good performance. As mentioned in Section 4, we treat the problem
as a time series classification task. Basically, for each promoted and non-promoted period, we first group the
data into a 7 days time series. We extract features from the 7 days time series and feed it into the model. Once
we have the predictions for 4 weeks, we perform a majority voting over all the 4 individual predictions to say
whether the corresponding month belongs to a promoted period or a non-promoted period. In case of a tie (i.e., 2
weeks being predicted as non-promoted period and 2 weeks as promoted period), we break it by predicting class
0 (i.e, non-promotion), which is to say that we always require a majority in order to detect promotion. As we
may not be able to detect promotions if we use a time series generated over a larger period of time because the
important patterns may then be masked by having data aggregated over a longer period, we decided on using
weekly time series instead of monthly and do majority voting over them for a month during testing. Weekly time
series provides us a better granularity than a monthly time series allowing us to extract patterns that provide a
more “cleaner” picture of promotion related events.
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Fig. 4. Composition of different streams. The figure shows the composition of different groupings of streams towards
changepoint detection. Each blue colored radial in the image represents a participant in our study. The closer the radials are
towards a particular group, the more changepoints were detected by that group of streams for that particular person. We
find that in average, 22% of changepoints are detected on Stress related streams, 21% on Activity related streams, followed
by 20% on Sleep, 20% on HR & HRV and 17% on Workplace behavior related streams.

The process begins by first extracting features using 250 random kernels. The length of the kernels we use
is randomly selected from {3, 5, 7} with equal probability. Other parameters are initialized as mentioned by
Dempster et al. [16]; weights are sampled from normal distribution, bias is sampled from a uniform distribution
b ~ U(-1,1), dilation is sampled on an exponential scale d = |2*],x ~ U(0,A) where A = log, llli:f:;ill
padding is applied randomly with equal probability. Stride is always set to one. We implement ROCKET with the
help of the PyTorch library [61] by performing a 1D convolution, where the number of channels is equal to the
number of features, and the sequence length for the time series is equal to 7 (since we are extracting features
for a week at a time). From the resultant feature maps, ROCKET [16] then computes two aggregated features
— the maximum value (which is equivalent to global max pooling [60]) and the proportion of positive values.
Overall, there are 500 features at the end. Let us provide an example of the process. For instance, we start with a
3D tensor, say, of size (432, 133, 7). Here, 7 refers to the number of columns representative of each day of week.
Since we are predicting for a week at a time, we create a time series of 7 days so that we can extract features
based on each week’s data. The row size in the tensor refers to the number of features which we suppose to be
133 in this case. Let us also assume that we have 432 number of weeks available in total of all the participants.
Thereafter, we generate 250 random kernels of size 3, 5 or 7 where each have equal probability of occurrence. The
weights, bias, padding and dilation are also randomly generated based on the settings mentioned earlier. Once
we generate 250 kernels, we then perform 1D convolution over all these 432 different arrays of size (133, 7), using
the randomly generated kernels. After performing convolution operations between each kernel and the weekly
arrays, we obtain feature maps. From each feature map, we generate two aggregated features — the maximum

and
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Fig. 5. Performance of models based on feature selection. The figure shows comparison of 5 different Machine Learning
models with sequential forward selection. The x-axis is the number of features and the y-axis is the average AUC obtained as
a result of leave subjects out cross validation. We can see that all the algorithms show an improvement in their performance
as the number of features increase. The figure above shows a particular snapshot of feature selection when number of
features is equal to 100. Eventually the models reach saturation point and there is a gradual drop in performance. The highest
performance is obtained by Logistic regression.

value and the proportion of positive values. So basically, after performing 1D convolution using every kernel, we
extract two features per kernel. At the end we have an array of size (432, 500), where 432 is the number of rows
representative of each week of the participants and 500 is the number of columns representative of the features
that we generated from the feature map (since we started with 250 kernels, we have 500 features each for every
week — twice the number of kernels.) From an input tensor of size (432, 133, 7), we end up with an array of size
(432, 500) after feature extraction. We then perform feature selection over these 500 features.

As suggested in [16], we normalize the data per sample before performing convolution operations. Participants
were instructed to have 80 percent compliancy in order to qualify for monetary remuneration. However we still
have numerous missing values in the dataset — some participants with more and some with less [48]. We perform
imputation in order to handle these missing values; we use backward filling and forward filling based on the day
of the week and iterative imputation based on Random Forest (also known as MissForest [74]). Then Sequential
Forward Selection (SFS) approach is used to select features. Figure 5 shows the performance of different models
as SFS proceeds with feature selection. Note that the figure shows a snapshot of one of the iterations limited
to only first 100 features. Among the five different models that we try (viz. logistic regression, support vector
machine, gaussian naive bayes, random forest and k nearest neighbor), we obtain the best performance with
logistic regression. Logistic regression leads to an average AUC of 0.72 with 100 features. In Figure 6, we show a
comparison of the performance of these different models when used with and without features generated by
ROCKET.

To avoid overfitting and data leakage issues, we perform Leave 10 Subjects Out Cross Validation, which means
that we do not use the same subject’s records split in train and test set at the same time. Each participant has
several months of data (as mentioned earlier, for promoted workers, we do not use the month of the promotion
in the analysis), some of them belong to class 0 (referring to non-promoted period) and the remaining belong to
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class 1 (referring to promoted period). In case of the non-promoted workers, all their data points will be labelled
as 0, while the promoted workers will have a mix of class 0 and class 1 labels, depending on when they were
promoted. As we have a larger number (609) of non-promoted workers than we have the promoted ones (141), we
divide the non-promoted workers into folds each consisting of 100 non-promoted participants. We then repeat
the predictive analysis for each fold. Note that we have 241 participants in each iteration of analysis — 100 varying
non-promoted participants and 141 fixed promoted ones. This division allows us to handle two things: firstly, it
allows us to deal with data imbalance issues because with this division we have similar number of promoted and
non-promoted workers as opposed to having large majority of non-promoted workers (i.e., 609) if we consider all
of them. Secondly, using different groupings of participants makes the analysis more robust as we are not just
relying on a certain group of participants. In addition, we perform another set of predictions to further validate
the generalizability of our model. We divide the dataset into stratified K folds where K = 75. Here each fold has 10
participants consisting of a combination of promoted and non-promoted workers. As a result of using stratified K
fold, the distribution of promoted and non-promoted workers in each fold is similar to that of the entire dataset.
At every iteration, we train on 74 folds and perform testing on the remaining fold. In this manner, we evaluate
our model in such situations where we may have a large number of non-promoted workers but a fewer number
of promoted workers. In essence, we make predictions on an imbalanced dataset because the held-out stratified
fold has similar class distribution as that of the entire dataset which is heavily imbalanced. The result is Leave 10
Subjects Out Stratified Cross Validation. With Logistic Regression, we obtain an average AUC of 0.68 with this
procedure, which is not too far off of the result we obtain from our earlier analysis (i.e., AUC of 0.72).

We use ROCKET generated features in our predictive models. As discussed previously, ROCKET has only one
hyperparameter: the number of random kernels. The number of random kernels essentially defines the number
of features extracted from the given signal. ROCKET extracts two features per feature map. Therefore, there will
be twice the number of features as there are the number of random kernels. We extract 500 features using 250
kernels. In figure 7, we show the distribution of learned weights when we do not use SFS for feature selection
and also the distribution when we select top 100 features based on SFS. We can clearly see that SFS leads to
coefficients that are non-zero. The coefficients, as shown in the figure, are obtained when we train a Logistic
Regression model based on features selected by SFS. This shows that feature selection is promising and it helps
isolate the key features that can improve the performance of the model.

6 DISCUSSION

In this section, we broadly discuss our approach and the implications and opportunities that it hints towards.
We examine the effect of promotion on employee behavior and physiology using mobile sensing consisting of
phones, wearables and Bluetooth beacons. We focus on short term effects that are brought about in physical
activity, workplace behavior, wellbeing (stress, sleep), physiology (heart rate) and miscellaneous other features as
a result of promotion. Subgroup analysis allowed us to consider gender differences and job performances (viz.
high and low performers). Results show that at least within our cohort, promotion leads to reduced stress, more
engagement at work and decrease in physical activity. We perform a between-groups analysis to investigate the
difference in behavior between promoted participants (after promotion) and non-promoted participants. We also
find that some of the effects of promotion are different for males and females. We report the findings with regards
to higher and lower job performers and changes in behavior and physiology after promotion.

We believe that our findings present implications and opportunities for future work and applications. First, we
show that it is possible to use passive sensing data from mobile devices to dive deeper into workplace promotion
and its effects in an objective manner. Although we only concern ourselves with promotion based changes,
passive sensing can help us better understand how people react to changes which might not just be limited
to promotion (e.g., job changes and role transitions). Understanding the effect of certain job changes or role
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Fig. 6. With and without the use of ROCKET. The figure shows the performance of machine learning models when they’re
used with and without the features generated by ROCKET. "Without ROCKET features" refers to the original features. We
see that features generated by ROCKET improve the performance compared to original features except in the case of K
Nearest Neighbor classifier. Logistic regression outperforms other models in terms of performance.

transitions can help in improving workplace wellbeing. This could be achieved through interventions from
management or by simply helping workers keep track of changes in their behavior and life as a result of role
change. In addition, learning how a particular person reacts to role changes may help the company in personnel
management because then they can take into account the person’s specific situation or behavior in consideration.
Management can understand the differences in individual worker’s behavior, physiology and how to help them
better deal with things such as changes in communication, getting used to new routines among other things.
These are all associated with reacting to change in the job. In contrast, workplace sensing can also offer the ability
to study how workers initiate the change themselves. An interesting avenue that this opens up is with regards to
job crafting [89]. Job crafting refers to the proactive steps or actions taken by employees utilizing opportunities
available to them in order to customize their jobs. For instance, workers can change their tasks (e.g., changing the
scope or how they perform it) and interaction with peers (e.g., nature or extent of interactions). Prior research
shows that job crafting has positive effects on employee’s psychological wellbeing [7], work engagement and
performance [78]. With the help of workplace sensing, employers can understand how people with promotion
focus craft their job. Equipped with such knowledge, organizations can create appropriate policies to help foster
a similar approach for other employees. Prior researchers [11, 43, 77] show that individuals who are focused on
being promoted are more likely to craft their job, compared to individuals who are not, as it can lead to status
gain, personal growth and success [11, 43, 77]. Ultimately, all this information allows management to retain and
motivate workers by offering them an environment to grow while at the same time recognizing that there are
individual differences in people.

Next, we explore whether we can detect promotion using passive sensing data. We do this via a machine
learning based approach. Our pipeline consisting of ROCKET (for feature extraction), Sequential Forward Selection
(for feature selection) and Logistic regression (predictive classification model) is able to achieve an AUC of 0.72.
However, as a result of performing convolution operation on the time series signals, we loose interpretability of
the model. Needless to say, it is complicated trying to interpret how multivariate time signals interplay with each
other in order to result in the given performance based on the features obtained after performing the convolution
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Fig. 7. The figures above show the distribution of coefficients of the Logistic Regression model when trained on features
obtained from ROCKET. (a) is the distribution of the coefficients when SFS is not performed. We can see that there are quite
a number of values that are close to zero. (b) is the distribution of coefficients after performing SFS. The learned coefficients
are non-zero, as is expected for important features in the case of logistic regression model.

operations. Also, with our classification model we used 100 features as obtained from SFS. But as we can see in
figure 5, the performance somewhat plateaus for a while after about 20 features until it finally increases again
once we hit 80 features mark. It might be possible to use some early stoppage criteria during training so that we
can stop the training early to reduce the complexity of the model and still end up with similar performance.
Our findings show that passive sensing from mobile devices is capable of detecting promotion based changes in
the workplace. In terms of our predictive classification model, it shows that a model trained on passively sensed
data of a group of workers can, with some acceptable level of error, detect promotion events for other workers as
well. From a practical implementation perspective, we could have, for example, a model pre-trained on a group of
worker’s non-promoted and promoted period’s data and use it to detect promotion events for a new worker. Once
we have enough data available from a new worker (in our study we use 7 days long time series), we could run it
through the model, and it would let us know whether the employee was promoted during that period or not.
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This is just one of the use-cases of the predictive classification model. We could also envision an online machine
learning model that is learning and updating itself in real time settings based on the passive sensing data.

7 PRIVACY FOR FUTURE OF WORK

Privacy and security issues need to be considered with the utmost importance as more and more sensing
technology is developed for the workplace. New agency programs on future of work [4] are funding groups to
study privacy in the context of new technology in the workplace. Information workers use enterprise applications
(e.g., a firm’s social media, texting, communications and email systems), video conferences and swipe cards to
enter and leave buildings — these are all examples of enterprise technologies that are widely deployed in industries
today. As a result, there are a large number of “information breadcrumbs” captured as workers go about their day
to day tasks in the enterprise.

The introduction of new technology in the workplace is typically under the remit of private companies that
do not disclose how that data is collected, stored and analysed; or, specifically, how data is use in the case of
promotion. An important question is how advanced human sensing technology that observes human behavior
(and in our case physiology signals) is going to be safeguarded against abuse and bias of employees. This is a
critical question that moves beyond privacy in to workers’ rights. How are workers’ rights to be protected? As
ubiquitous computing researchers, we need to consider the implications of advanced sensing technology we help
to develop. It is our opinion that workers will only adopt new and potentially invasive sensing technology if they
feel they have complete control over their data (e.g., controlling who has access to it) and get something out of
the new technology (e.g., health and wellbeing data, performance data to help improve their productivity). These
types of sensor driven interventions might be valued by workers as long as they have control of what data is
shared and what is private.

How these emerging future of work technologies impact workers’ rights is an open and important area of
research with little guidance right now. Many times only employees of the company are aware of what technology
is used in the firm. For example, many companies offer health apps with insurance discounts to workers as an
option. We understand that our study of using mobile sensing for information workers adds to the burden and
pressure on privacy of workers. On the more narrower issue of conducting an ethical study, the participant’s data
in our study is kept at a secure, central server of the research institution. The study has an IRB and protocols.
There is no personally identifiable information available to the researchers. In addition, workers in our study are
notified that their mobile sensing data and surveys responses will not be shared with their employers. While
these protections are important for a study like ours, they are small in consideration to the broader issue of
protecting workers data in the era of future of work. In this section, we do not propose specific solutions. Rather,
we raise the issue as being critically important to advances in sensing technology in the workplace that must
start from the viewpoint of protecting workers’ rights first.

8 LIMITATIONS

While our research findings are interesting, there are a number of limitations associated with our work. The
analysis is based on a small sample of information workers spread throughout different companies in the USA.
Therefore, it is difficult to determine the degree to which our results generalize to other contexts, occupations
and industries. As such, application of specific findings should be made with caution. In addition, it is possible
that the participants in our study had the physiological and behavioral changes because of situations unrelated
to promotion. Next, in order to maximize the number of N, we take into account upto 60 days before and after
promotion, which is a short duration to examine the effect of life events such as promotion. The results might be
entirely different when consideration is put on longer term effects. However, prior studies based on self-reports
show that the effect can be long lasting [3, 10, 36]. Future studies will consider using objective measures such
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as passive sensing to investigate if that is still the case when analysis is done on objective data. The proxy
for interaction as well as workplace activity that we use in our study is based on the proximity of Bluetooth
beacons, which is prone to error. If person A’s phone is detecting person B’s Bluetooth with strong signal strength
(and vice versa) then we infer that as an interaction. But, we cannot know for certain whether it was a face
to face interaction or simply collocation. Future researchers on this topic could make use of RFID tags which
are more reliable in inferring face to face interactions. In addition, the job performance metrics as well as the
promotion ground truths are collected via self-reports which are known to be subject to bias such as recall and
social desirability. Furthermore, we do not know if workers report a major or minor promotion. Its entirely
up to the workers to decide what they consider to be a promotion and we do not know the specifics of what
the promotion entails. Different individuals may interpret promotion differently, although given that we have
workers from different companies, a unified way to measure promotion objectively may not be possible. We
achieved a good AUC for our predictive classification model utilizing random convolutions. Logistic regression
trained on ROCKET based features appears to outperform all the other models. Although using ROCKET based
features improve the performance of the model significantly, we end up losing interpretability.

9 CONCLUSION

The impact of promotion on an individual has been discussed in prior work. However, so far, self-reported
responses have been used to draw insights related to promotion. In this paper, we presented a passive sensing
based approach to collect objective data from phones, wearables and Bluetooth beacons in order to explore
behavioral and physiological changes of employees after promotion. We utilized up to 60 days of data prior to
promotion and 60 days of data after promotion and reported a number of insightful findings. We trained a machine
learning model that can identify whether the sensing data belongs to a promoted period or a non-promoted
period with an AUC of 0.72. Our work represents the first time mobile sensing has been used to understand
the behavioral impact of job promotion on information workers. We believe our findings pave the way for
further research in the future to understand the effects of promotion and other job changes on individuals in the
workplace. Understanding employees and how they react to job changes might be useful in order to improve the
general wellbeing of the workforce as well as to further future-of-work based research and applications. Finally,
we also raised the important issue of securing workers’ rights as new technologies for future of work accelerate.
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