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Abstract—The advent of state-of-the-art telecommunication
devices like smartphones has led to a considerable increase
in the amount of electronic communication exchanged. While
the improved availability increases personal flexibility—reducing
rigidity in time and place of communication—it comes at a
price. The ‘anytime, anyplace’-accessibility, which has become
the norm in today’s (working) society, can cause adverse effects
to an individual’s mood and emotions, and especially raise the
stress level. Consequently, in this paper, we discuss methods for
measuring stress via mobile devices, analyzing their pros and
cons. Subsequently, we analyze which situational information—
comprising the prevailing context of the users and their usage
of communication devices—is useful for the quantification of the
psychological stress perceived by users. Based on a field study
with 27 participants, we observe that, while longer working hours
and higher number of appointments have a positive correlation
with an increased stress level, there is no one-fits-all method for
stress measurement. In turn, we take the first steps towards nonintrusive methods to identify stressful situations and thus, lay the
foundation for future research on stress mitigation.
Index Terms—Stress Recognition, Mobile Sensing, ICT Usage

I. I NTRODUCTION
The recent advancements in the field of information and
communication technology (ICT) have brought about profound changes to the lifestyles in modern-day society. Especially in the work domain, these radical changes have
led to improved flexibility, allowing knowledge workers to
plan everyday life more efficiently [1], [2]. However, with
the help of devices such as laptops, smartphones, and tablet
computers, the boundaries between different life domains have
become more and more permeable [3], [4]. This blurring of
boundaries, especially between work and private lives, can
bear significant disadvantages. Existing work in organizational
behaviour associates the usage of ICT with increased work-life
conflicts [1], resulting in increased stress levels [5], moodiness,
irritability, or even burnout [6].
Stress has been cited to be one of the primary negative
effects of ICT on an individual [4], [5], [7]. In our work, we
tackle this issue with respect to ICT usage and in particular,
we focus on understanding how situational information—
comprising the user context and specific characteristics of
ICT usage—can be used to detect the stress level of the
users. Specifically, we attempt to understand the correlation
of situational information with psychological stress of an
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individual. In effect, we analyze the correlation of different
communication events and behavioral patterns throughout the
course of a day with perceived psychological stress.
One major hurdle towards the measurement of stress is the
difficulty in estimating/obtaining stress indicators continuously
over a day in a real-life scenario. Smartphones may be a
solution to this problem; modern smartphones are equipped
with a broad set of sensors, such as GPS, microphones, accelerometers, etc. Together with measurements from wearable
sensors (e.g., smart watches), these sensing facilities can be
used to determine the users’ context (e.g., locative information,
user activity, etc.), monitor their ICT usage (e.g., call events,
number of messages exchanged, etc.), and measure the correlation with psychological stress. In doing so, we can identify
situations that are stressful to the users and possibly, provide
them with appropriate feedback to overcome the same.
In this paper, we describe the results of an interdisciplinary
research project on stress measurement involving computer
scientists and researchers in organizational behavior. The overarching goal of our work is to identify appropriate methods and
indicators to determine the situations that ICT users perceive
as stressful. To this end, we:
1) investigate which devices and methods are acceptable by
individuals for measuring physiological and behavioral
stress indicators,
2) describe an approach to identify indicators of stress
by matching the perceived stress level with situational
information of the day, and
3) identify relevant indicators to infer perceived psychological stress of an individual with the help of a modern
smartphone.
This paper is structured as follows: Section II introduces the
concept of psychological stress and gives a brief description
of methods for measuring physiological, psychological, and
behavioral indicators of psychological stress. We also present
the results of our investigation on acceptance towards intrusive methods for day-to-day stress indicator measurements,
which lays the foundation for our non-intrusive approach.
In Section III, we introduce our data acquisition app, called
StressMon, to monitor the stress level and the situational
information of users. This application was deployed in a field
study to gather data for finding relevant stress indicators. The
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analysis of the gathered data and our findings are presented
in Section IV. Finally, Section V concludes the paper by
identifying remaining challenges and exposing our plans for
future work.
II. S TRESS M EASUREMENT
According to Cohen et al. [8], psychological stress can be
attributed to an individual’s perception of, or response to,
environmental events (stressors), when they surpass his or her
adaptive mental capacity. Stressful events can have a significant influence on an individual’s affective states (mood fluctuations, depression, etc.), their behavioral patterns (decreased
sleep, increased smoking, etc.), as well as physical health
conditions (dementia, anxiety, etc.). In contrast to psychological stressors, physiological stressors, such as cold/warm
temperatures, injury, chronic illness, etc., put strain on an
individual’s body, primarily leading to physical consequences
(diseases, headaches, low energy states, etc.). We primarily
deal with psychological stressors in our work, focusing on its
different stress indicators.
People’s reactions to psychological stressors can be broadly
classified into psychological, behavioral, and physiological
reactions [9]. While psychological responses are often studied using self-assessment methods with respect to health
complaints and decreased well-being, studies on behavioral
reactions to stressors have focused on behavioral changes that
accompany a stress reaction, such as sleep disturbances. Finally, studies on physiological stress reactions have commonly
focused on the autonomic nervous system. Especially physiological stress indicators are attractive in research since they
can be measured with high precision using sensors. Recently,
there has also been progress in measuring behavioral stress
indicators (e.g., human speech [10], [11]). However, such
continuous measurement methods require wearing sensing
devices throughout the measurement period, which is not reasonable in real-life settings. Modern smartphones can partially
mitigate comfort issues but they instigate privacy concerns. To
investigate the acceptance of continuously monitoring different
physiological and behavioral stress indicators, we conducted
a study with 48 participants. In this section, we provide a
brief overview on the three types of stress indicators for
psychological stress, and finally present the results of the
acceptance study.
A. Psychological Responses (Self-Assessment)
The most naive approach to obtain information about
perceived stress is to ask an individual directly. The main
limitation of this approach is that it demands the individual’s
attention, which may annoy or disturb him or her in real-life
situations, and requires strong incentives to obtain accurate
feedback. Modern smartphones with touch screens and permanent Internet connectivity can be well suited to obtain selfreported stress responses because individuals can react quickly
and from almost any location. By using context information
and by triggering questionnaires in adequate situations, the

willingness of individuals to submit feedback can be further increased, e.g., opportune moments depending on an individual’s
mood [12]. This type of smartphone-based self-assessment
approach is widely used in stress related studies [13]–[16].
B. Behavioral Reactions
Psychological stressors bring about different types of
behavioral reactions, most commonly observed in human
speech [10], [11]. From a purely technical point of view, smartphones and their microphones are optimal for non-intrusive estimation of stress indicators in the human voice [17]. Using the
smartphone’s camera, it is also possible to detect stress from
facial features [18]. Furthermore, mobility patterns [19], communication patterns [15], [19] and phone usage patterns [16]
have been used to detect an individual’s emotions and mood.
Stress can also be estimated by monitoring sleep [13], [20].
Overall, by observing behavior, it may be possible to identify
and recognize patterns caused by psychological stressors.
C. Physiological Reactions
Physiological reactions to stress are not specific to psychological stress, but can also be due to physical stressors that
cause strain on an individual’s body. Different physiological
responses should be considered collectively in order to interpret an individual’s psychological stress level [21]. Cardiovascular activity (heart rate, heart rate variability, etc.) has
been studied quite extensively with respect to physiological
stress reactions [22], [23]. Another important physiological
stress response is electrodermal activity (e.g., skin conductivity
level) [24]. State-of-the-art solutions to measure cardiovascular
and electrodermal activities employ smartphones along with
wearable sensors in wrist watches, chest straps, ear clips, and
tapes [14], [16], [25], [26].
D. User Acceptance Study
In general, deploying stress measurement methods in reallife settings calls for a high level of user acceptance. According to the technology acceptance model [27], the acceptance is influenced by the perceived ease of use as well
as the perceived usefulness of these methods. To investigate
acceptance towards the continuous monitoring of different
physiological and behavioral stress indicators, we conducted a
study in form of a questionnaire. The study also dealt with
the acceptance towards different sensor types and different
motivations (i.e., medical, prevention, and self-optimization).
The questionnaire was answered by 48 participants, who are
mainly employees at two different universities in Germany and
range from 24 to 57 years (mean = 31 years). As university
employees might be more open towards new technologies, we
expect the acceptance levels in this group to be slightly higher
than in general.
Figure 1a shows that the acceptance towards the continuous monitoring of physiological parameters varies starkly
across different motivations. Participants mainly comply with
the monitoring of their physiological parameters for medical
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Fig. 1. Results of the user acceptance study on continuous monitoring of physiological and behavioral stress indicators.

reasons, i.e., for the purpose of diagnosis or special medical treatment. More than half of the participants accept the
monitoring of physiological parameters for health prevention,
i.e., early detection of unhealthy behavior. Most interestingly,
around 40% of the participants reject the monitoring of
physiological parameters for the purpose of self-optimization,
i.e., optimizing own performance. The acceptance towards
different wearable devices can be found in Figure 1b. The
values indicate that wrist watches have a high acceptance by
a wide margin. Tape gets the second rank but is only accepted
by 33% of the participants. Ear clips and chest straps are
highly rejected by a majority of the participants. Figure 1c
shows that, irrespective of the type of sensor, the acceptance
towards sensor-based stress measurement is rather low. Heart
rate sensors achieve the highest acceptance, albeit by slightly
more than 40% of the participants. Surprisingly, the acceptance
towards skin conductance and voice sensors is very similar. In
contrast, more than half of the participants highly reject the
usage of face monitoring through camera sensors.
The survey results clearly show that participants are critical
towards the continuous monitoring of stress-related physiological and behavioral parameters, and that the perceived
usefulness of the monitoring plays an important role. We
conclude that the use of cumbersome wearable sensors is
not suitable for continuous stress measurement in real-life
settings. Therefore, we propose a non-intrusive approach, in
that we identify situational information that correlates with
perceived stress, by exploiting the data obtainable on modern
smartphones without any wearables. We estimate stress indicators by understanding the correlation between situational
information and the corresponding perceived stress levels.
III. DATA ACQUISITION
Based on our findings in the acceptance study, we wanted to
investigate whether we can detect psychological stress through
situational information that can be easily obtained from modern smartphones. We implemented an Android smartphone
app, called StressMon, to collect information on user context
and ICT usage, together with the user’s self-assessed stress
level. The app requires no additional devices, and we set
great value on a user-friendly interface and user guidance

to maximize its comfortability and ease of use. Given the
poor acceptance ratios of audio and video sensors in our
study, we also refrained from using such potentially sensitive
information to minimize privacy concerns. Apart from the selfassessed stress level—queried every evening on a five-point
Likert scale ranging from one (not stressed) to five (stressed)—
the intrusiveness of our app is as low as possible. When a
user starts to use the app, we require him or her once to give
the necessary permissions to our app. The user can actively
teach the app special (i.e., private or occupational) contacts and
locations, but our app also asks for contacts and locations that
are likely to be special. For instance, if a user is present in a
specific cell of the mobile network often and for a longer time,
the app posts a notification in which the user immediately can
tag the cell. The app further uses WiFi connections to find cells
belonging to the same logical location in order to reduce the
number of queries to the user. We implemented an incentive
system in form of several badges so as to motivate the user
to configure the app correctly, provide stress levels regularly
and specify special contacts and locations.
In its current state, the app logs communication (calls with
duration, received mails, received SMS, and received instant
messages) together with the corresponding contact category
(occupational/private), logical location (occupational/private),
number and duration of appointments in the user’s primary
calendar, display events, usage of different app types, and the
physical activity. All collected information is sent over WiFi
to a secure server and stored in a database. The identity of
the users is pseudonymized with their Android ID, a random
number unique to each Android device, which is part of each
database row. For privacy reasons, we do not store the usage
of single apps but infer the type of the app directly on the
user’s phone. In order to categorize apps, we use a distributed
approach. We offer a badge in our app for assigning one
of eight predefined categories to some apps installed on the
phone. The app names, together with their categories, are sent
to the server, where all mappings are collected. In order to
get an extensive and objective list of app-category pairs onto
the single smartphones, the app regularly requests the current
mappings from the server, which determines the final category
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for an app with a majority vote over all mappings. The user
activity is obtained by using Google’s activity recognition
facilities [28]. However, we reduce the number of different actions, and thereby, the uncertainty for each action by matching
actions to either moving (encompassing in vehicle, on bicycle,
walking, and running) or still. Using screen (de-)activations,
we infer other context information like the total time the user
spends with the phone or the duration of sleep, which we
approximate by the longest time the user does not activate the
display from 8pm to 12 noon of the following day.
In order to make our app useful for users, we provide
informative statistics about most of the collected parameters.
In doing so, the users may monitor their ICT usage and other
aspects of their way of living. Such self-reflection methods
can be a first step to draw the users’ attention to aspects of
stress management and a responsible handling of ICT.
TABLE I
S TRESS LEVEL DISTRIBUTION
stress level
(numerical)

# stated

stress level
(logical)

# stated

1

167

relaxed

167

2

144

normal

144

3
4
5

55
33
19

stressed

107

We conducted a field study from July 25 to August 21, 2016,
where the app was used by 37 individuals, mainly employees
working in four different companies. For the evaluation, we
only used data from users who submitted at least seven stress
levels over the whole run of the study. We also filtered
out users who submitted less than two distinct stress levels.
The final dataset for analysis includes data from 27 users,
accounting for 418 stated stress levels in total. The users’ age
ranges from 26 to 57 years (mean = 44 years), with 75%
being male. The lowest number of stated stress levels per user
was 9 (stated by three users) and the highest was 24 (stated
by one user), with a median of 15 stress levels per user. The
distribution of stress levels can be found in Table I. Because
higher stress levels (i.e., three, four and five) were stated much
less frequent than lower stress levels (i.e., one and two), we
decided to create three stress categories with similar size—
relaxed, normal and stressed.
IV. DATA A NALYSIS
In this section, we analyze the correlations of the situational
information collected by our app and the perceived stress level
reported by the users during our study. Each stress level stated
by a user in the evening of a day is assumed to correlate
with the situational information collected over the course of
that day (e.g., the total number of calls received that day).
Because every user is assumed to have different habits and
therefore, for instance, a different threshold for a low or high
number of calls, all values are normalized per user. When a
user has no differing values for single parameters (e.g., no

calls for all days), we exclude him or her from the correlation
analysis for the respective parameters. We calculate Pearson
correlations in two different ways. First, we are interested in
the correlation of the parameters with the perceived stress level
over all of the users. A high correlation would indicate that
the parameter influences the stress level for the majority of
the users. However, since we have a different number of stress
levels stated by each of the users, this overall correlation can
be dominated by those users who submitted more stress levels
than others. Therefore, we also calculated correlations per user
and present the results in terms of percentiles.
The resulting correlations can be found in Table II. In terms
of overall correlation, number of appointments, duration of
appointments, and duration of stay at work are the highest
positively correlated parameters with higher perceived stress
(r = 0.27, r = 0.23 and r = 0.20, respectively). In
contrast, duration of stay at a private place and time spent
with app categories ‘news’ and ‘information’ are the highest
negatively correlated parameters with higher perceived stress
(r = −0.21, r = −0.15 and r = −0.15, respectively). For
communication crossing the boundaries between different life
domains, we observe that private communication events at
work have a slightly positive correlation with higher perceived
stress (r = 0.14). In contrast, we find no significant correlation
between the number of occupational communication events at
a private place with higher perceived stress.
Regarding correlations per user, we can say that duration of
stay at work and number of appointments show a considerable
positive correlation (r ≥ 0.29 and r ≥ 0.27, respectively)
with higher perceived stress for 50% of the users. Moreover,
50% of the users show a negative correlation (r ≤ −0.27
and r ≤ −0.17, respectively) of duration of stay at a
private place and time spent with app category ‘tools’ with
higher perceived stress. Further, we observe highly differing
correlations for different users. For instance, correlations
for duration of phone movement, duration of sleep, number
of private communication events, and time spent with app
categories ‘communication’ and ‘office’ are roughly centered
around zero and have a considerable (|r| ≥ 0.2) negative as
well as positive correlation for 25% of the users.
The collected situational information can be used to infer a
user’s stress level using machine learning techniques. Personalized models for each individual user are more accurate but
require data collection for every user before predictions are
possible. The amount of per-user data collected during our
study is not enough to train and evaluate such personalized
models. Instead, we can train a generalized model, which
is less accurate but can provide predictions for new users
much faster. For the purpose of demonstration, we train a
simple NaiveBayes classifier on our dataset. As features, we
select parameters that reached highly significant (p ≤ 0.01)
correlations in the correlation analysis. When two parameters
passing this criterion are highly correlated with each other
(|r| ≥ 0.3), we remove the parameter with lower correlation
from the feature set. The resulting features are number of
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TABLE II
S ITUATIONAL INFORMATION
Rank

AND CORRELATION WITH PERCEIVED STRESS

Parameter (per day)

N
# users

# stress levels

Correlation with higher stress level
Pearson (overall)
Pearson (per user)
r
p
p25
p50
p75

1

Number of appointments

17

258

0.27

0.0000

-0.06

0.27

0.49

2

Duration of appointments

17

258

0.23

0.0002

-0.20

0.17

0.25

3

Duration of stay at a private place (minutes)

27

418

-0.21

0.0000

-0.36

-0.27

-0.01

4

Duration of stay at work (minutes)

20

326

0.20

0.0003

-0.06

0.29

0.49

5

Number of calls

27

418

0.18

0.0002

-0.10

0.13

0.36

6

Duration of calls (minutes)

23

362

0.17

0.0015

-0.09

0.18

0.31

7

Number of mails

6

89

0.16

0.1255

0.03

0.04

0.06

8

Time spent with apps of category ‘information’ (minutes)

23

347

-0.15

0.0041

-0.38

-0.11

0.00

9

Time spent with apps of category ‘news’ (minutes)

14

230

-0.15

0.0191

-0.27

-0.04

0.14

10

Number of private communication events at work

16

263

0.14

0.0188

-0.13

0.12

0.38

11

Number of communication events

27

418

0.13

0.0087

-0.12

0.21

0.44

12

Duration of phone movement (minutes)

20

314

0.13

0.0167

-0.21

0.05

0.23

13

Number of private communication events

23

356

0.12

0.0191

-0.25

-0.06

0.23

14

Number of instant messages

24

380

0.08

0.1132

-0.15

0.13

0.39

15

Time spent with apps of category ‘communication’ (minutes)

22

328

-0.08

0.1689

-0.35

-0.01

0.21

16

Time spent with apps of category ‘entertainment’ (minutes)

21

318

-0.07

0.1955

-0.26

-0.10

0.12

17

Time spent with apps of category ‘tools’

23

347

-0.07

0.2199

-0.31

-0.17

0.04

18

Time spent with apps of category ‘social networks’ (minutes)

14

215

-0.06

0.3741

-0.27

-0.08

0.15

19

Duration of sleep (hours)

27

418

-0.05

0.2974

-0.21

-0.04

0.22

20

Number of occupational communication events at a private place

10

154

0.05

0.5299

-0.10

-0.01

0.20

21

Number of display activations

27

418

0.04

0.4692

-0.10

0.06

0.25

22

Duration of phone usage (minutes)

27

418

0.03

0.4857

-0.10

0.11

0.27

23

Time spent with apps of category ‘office’ (minutes)

10

157

-0.03

0.7371

-0.34

0.08

0.27

24

Number of occupational communication events

10

154

0.01

0.9420

-0.18

0.05

0.15

appointments, duration of stay at a private place, number of
calls and time spent with apps of category ‘information’. We
remove data of users having no differing values for one or
more of the selected features from the dataset, resulting in 205
stress levels stated by 14 users. To evaluate the classification,
we remove data produced by one user from the dataset,
train the classifier on the remaining data and evaluate the
model on the removed data. We repeat this procedure for
every user and report the median, minimum and maximum
value of accuracy, precision, recall and F-Measure across
all runs. We compare the model against a ZeroR classifier
(predicting the majority class observed in the training set). The
results can be found in Table III. The NaiveBayes classifier
performs better than the ZeroR classifier for all metrics. While
the differences in accuracy and recall are not too big, the
NaiveBayes classifier achieves significantly better precision
leading to an increase of median F1-Measure from 0.2 for
ZeroR to 0.46 for NaiveBayes. However, predictions by the
NaiveBayes classifier are still not accurate enough to detect
an individual user’s stress level reliably.

V. C ONCLUSION
In recent times, ICT usage has been related to a blurring
of boundaries between different life domains, which in turn
has been associated with several health-hampering effects. In
this paper, we focused on the correlation between situational
information—user context and ICT usage—and perceived
psychological stress. We carried out a study to rank users’
acceptance towards different monitoring approaches that can
be used for stress detection. Based on the observations in
the study, we undertook a non-intrusive approach with the
help of a smartphone application, called StressMon, relying
on smartphone sensing abilities and user self-assessment.
We performed a correlation analysis between the situational
information collected with our app and the self-assessed stress
levels during a field study with 27 users. Based on our results,
we observe that longer working hours and higher number
of appointments per day have a considerable and significant
positive correlation to higher stress levels. Thus, we come to
the conclusion that it is possible to detect psychological stress
by monitoring situational information. However, for reliable
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TABLE III
S TRESS LEVEL PREDICTION USING GENERALIZED MODELS
Model

Accuracy
median
min

ZeroR
NaiveBayes

0.37
0.46

0.15
0.20

max
0.78
0.83

Precision
median
min
0.14
0.47

0.02
0.12

detection of stress, there is no one-fits-all solution. Instead,
our approach requires an understanding of individual users or
at least user types.
In the future, our plan is to provide users with detailed
feedback on personal stressors. Using this feedback, users can
change their behavior accordingly. Finally, a long-term goal of
this work is to contribute to work-life balance by developing a
technological solution that assists users in managing communication situations. For example, the smartphone can manage
communication by rejecting, silencing, or delaying incoming
communication events. Furthermore, we want to extend the set
of collected situational information because it is important that
all parameters that may have an impact on stress are included.
For example, not only a communication event itself but also
the content of the communication may influence the stress
level. Concerning the ease of use for the user, open questions
are how to reduce the effort for determining the importance,
causality, and sentiments of communication, the meaning of
places or the mood of the user.
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