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Abstract—Wellness is an affective state that plays a significant
role in our everyday lives, influencing our behaviour, social
communication and performance, and even more. Although
technological advancements are used to help our society to
become more health conscious, wellness and mental health is still
lacking in adequate resources, particularly among the student
population. In this study, we collected data from 21 participants
using mobile sensors and phones. The mobile sensor collected
data regarding the temperature, humidity, and luminosity of the
environment while the phone provide location information and
data processing. The experimental data were analyzed through
Perceived Stress Scale (PSS), Pittsburgh Sleep Quality Index
(PSQI) and General Well-Being Scale (GWBS). We assess the
impact of the location on PSS and PSQI, and the impact of
environmental conditions on GWBS. According to experimental
result and correlation analysis among the data, luminosity has
stronger impact on the wellness than the other two environmental
parameters.

conditions, which can then further help to bring correlations
closer to causations for the wellness of society.
In this work, we investigate the correlation between environmental condition and wellness through experimentation. We
use mobile sensor along with smartphone to collect data from
21 participants. The experimental results show a correlation
between the room luminosity and participants wellness while
the location of the experiment do not affect the results.
The rest of this paper is organized as follows: In Section
II, the related work is discussed, followed by the system
overview in Section III. In Section IV the experiment design
and methodology is presented. The experimental results and
analysis is in Section V. In Section VI the conclusion is
presented.

I. I NTRODUCTION

In recent years, several frameworks have been proposed to
understand a number of factors, such as sleep [7], [8], mood
[9], personality type [10] and stress level [11], [12], through
wearable/mobile sensors and/or mobile phones.
In [7], the authors used standard mobile phone logs, such
as call and text, to reliable predict personality. They used the
Pittsburgh Sleep Quality Index (PSQI), and the experimental
results showed an increase in the prediction accuracy through
the use of mobile data. In [9], the authors used communication
history and usage patterns from the phone to infer user’s daily
mood. They split the user’s responses into morning, afternoon
and evening sessions. In [11], a wrist sensor was used along
with a mobile phone for stress recognition and monitoring
with the use of the Perceived Stress Scale (PSS). The authors
combine sensor data, accelerometer, and skin conductance
with mobile phone logs, call, and text to recognize the level
of stress. The experiments lasted five days and showed a
correlation between sensor data and phone logs.
The combination of smartphones and biosensor data was
utilized in [12] to conduct a four month in study in a real
work environment. A multinominal logistic regresison model
for the three-stress level classificaiton problem was produced.
Environmental monitoring along with biosensor data to identify wellness was proposed in [13]. They used Electrocardiogram (ECG) data for pattern recognition and identification
of wellness. In [14], Hemoencephalography (HEG) along
with electroencephalography (EEG) and heart rate variability
(HRV) were used for safe stress managements and wellness
monitoring through the development of a multimodal system.

The desire for the continual advancement of society is
in part fueled by rapid technological advancements. These
technological advancements not only aim to grow the world
but to also help reduce the burden from heavy workloads.
Although technology is able to ease some tasks in life, it
has also caused the world to become increasingly dynamic
with new software and tools being released daily. These
technological breakthroughs, which were first developed to
ease lives, are now becoming a burden and are reducing the
overall health and wellness of individuals.
Many researchers concerned with health and wellness of
individuals are still able to utilize these technologies that are
hindering society. Prior findings have indicated that there are
many factors that can affect the wellbeing of an individual.
Some of the factors include traumatic events [1], demand in
the workplace [2], social interactions [3] and environmental
conditions [4]. Moreover, demographics is known to play a
crucial role in one’s wellness, with the student demographics
being among those that score lower overall.
With this information about wellness in mind, combinations
of wearable and mobile sensors with the integration of processing units within smartphone devices have enabled precise
data collection geared towards wellness monitoring. More
people use wearable sensor for comprehensive health care [5]
while smartphone usage can provide useful insights regarding
health habits [6]. The combination of external sensors that are
highly portable can also enable monitoring of environmental

II. R ELATED W ORK

In [15], wearable sensors were paired with the processing
power of smartphones to classify health patterns and academic
performance. In [16], only mobile phone data was used to
predict the mood of the user. They used phone activity usage
along with geographical data to identify an individual frame of
mind. The relationship between the environmental conditions
through mobile sensors and the productivity was examined in
[17].
In this work, we collected stress and sleep data through
the PSS and PSQI questionnaires as well as location data
from 21 participants. We also collected participant response
in the General Well-Being Scale (GWBS) and environmental
data during three sessions, in the morning, afternoon and the
evening and twice per session, once at the beginning and
once after an hour. Then, we investigate whether this data
allows us to recognize a correlation between the environmental
conditions and the wellness of the participants.

Fig. 1: TI SensorTag Development Kit

B. Data collection
SensorTag has a number of sensors. In this experiment, the
following sensors were used:
•

III. S YSTEM OVERVIEW
The proposed framework focuses on daily stress and mood
assessment based on environmental sensor data through a
mobile sensor and a self-assessment survey with the use of a
mobile phone. The system contains a client application based
on Android platform and a mobile sensor kit for environmental monitoring. The sensor kit forwards all the collected
information to the client application for further processing.
The client application also has a number of surveys for the
stress and sleep assessment as well as for location and time
stamp processing. The collected data from the application
are used to examine any correlation information between the
environmental data and the stress and mood level.

•

A. Experimental Setup
For this experiment, the TI SimpleLink Multi-Standard SensorTag Development Kit was used for mobile environmental
monitoring and the LG Nexus 5 was used for the client
application.
•

•

SensorTag. SensorTag [18] is the next-generation IoT development kit, shown in Fig. 1, that combines sensor data
with Bluetooth and wireless connectivity. It can support
Bluetooth Smart, which was used in this experiment, as
well as 6LoWPAN and ZigBee. It also has the CC2650
wireless microcontroller. The battery life operation for the
Bluetooth Smart is almost one year. The small size of the
kit makes it portable and easy to carry around. It has 8
sensors including, infrared and ambient temperature, ambient light, humidity, barometric pressure, magnet sensors
as well as accelerometer, gyroscope and compass. In this
experiment, the first three sensors were selected. The size,
the battery life and the availability of sensor data make
the SensorTag ideal for the introduced experiment.
LG Nexus 5. LG Nexus 5 is an Android smartphone
manufactured by LG Electronics. It supports Bluetooth
4.0, which was used in this experiment. The operating
system was Android 6.0.1 Marshmallow.

•

Infrared and Ambient Temperature Sensor. The
T M P 007 is an infrared (IR) thermopile sensor that
measures the temperature of an object without contacting
the object. The integrated thermopile absorbs the IR
energy emitted from the object in the sensor field of view.
The thermopile voltage is digitized and provided as an
input to the integrated math engine, along with the die
temperature (TDIE). The math engine then computes the
corresponding object temperature.
Ambient Light Sensor. The OP T 3001 is a single-chip
lux meter, measuring the intensity of light as visible
by the human eye. The precision spectral response and
strong IR rejection of the device enables the OP T 3001
to accurately meter the intensity of light as seen by the
human eye regardless of light source. The strong IR
rejection also aids in maintaining high accuracy when
mounting the sensor under dark glass. The OP T 3001 is
designed for systems that create light-based experiences
for humans.
Humidity Sensor. The HDC1000 is a digital humidity
sensor with integrated temperature sensor that provides
excellent measurement accuracy at very low power. The
device measures humidity based on a novel capacitive
sensor. The humidity and temperature sensors are factory calibrated. The innovative WLCSP (Wafer Level
Chip Scale Package) simplifies board design with the
use of an ultra-compact package. The sensing element
of the HDC1000 is placed on the bottom part of
the device, which makes the HDC1000 more robust
against dirt, dust, and other environmental contaminants.
The HDC1000 is functional within the full −40◦ C to
+125◦ C temperature range.

C. Application Implementation
An Android application has been developed for the experiment, providing both connectivity to the SensorTag as well
as a means for the participants to enter their responses to
the stress, sleep and wellness questionnaires through a User
Interface (UI). The UI is comprised of a Main Screen which
can be seen in Fig. 2(a), and a Secondary Screen which can
be seen in Fig. 2(b).

(a) Main Screen

(b) Secondary Screen

Fig. 3: Equipment used for the Experiment

Fig. 2: User Interface for the Wellness Monitoring Application
When the participant starts the application, they are taken
to the Main Screen which has three selectable options to
choose from: the morning session, the afternoon session, and
the evening session. These three sessions correspond with the
three possible scenarios in which the participant is required to
collect information as described in the next section. When one
of these three session options is selected, the user is then taken
to the corresponding Secondary Screen. From the Secondary
Screen the participant must then select ‘Connect to SensorTag’
which pairs their smartphone device with the SensorTag. Once
paired, the participant then selects ‘Record Session A’ which
prompts the participant for responses to the corresponding
initial questionnaire for the session. After the questionnaire
is completed, ‘Save A’ must be selected to save the responses
as well as log the current environmental sensor readings.
Similar steps are then followed at the end of the session,
except the ‘B’ option must be selected when recording and
saving the information. After completing the session on the
Secondary Screen, the participant selects ‘Home’ to navigate
back to the Main Screen.

All participants used the same mobile SensorTag and the
same smartphone and OS. For each participant, data was
collected for the three sessions: Morning, Afternoon and
Evening. For every session, the participant have to record data
at the beginning as well as after one hour. The participants
were asked to follow their normal everyday routine. As well,
the collected data was kept in a separate file and was not
available to the participants during the experiment.
For the stress evaluation the Perceived Stress Scale (PSS)
[19] was used, with 210 total answers from the participants.
PSS is the most widely used psychological instrument for
measuring the perception of stress. It is a measure of the
degree to which situations in someone’s life are appraised
as stressful. In this experiment, it was used to evaluate the
stress of the participants over the last month. The detail of the
questions is illustrated in Table I.
The Pittsburg Sleep Quality Index (PSQI) [20] was also
used with 84 total answers from the participants. PSQI is an
effective instrument used to measure the quality and patterns
of sleep in adults. In this experiment, it was used to evaluate
any daytime dysfunction of the participant over the last month.
The detail of the questions is illustrated in Table II.

IV. E XPERIMENT D ESIGN AND M ETHODOLOGY
In this section, the experimental approach and setup is
described, followed by a brief description of the experiment
procedure and the mobile phone surveys.
A. Experimental Setup
Twenty-three healthy participants were recruited for the
experiment: 18 males and 5 females with an average age
of 24. All participants were aged over 18 years. For the
experiment 23 smartphones and SensorTags were used. Part of
the experimental equipment is shown in Fig. 3. After the data
collection, two participants were excluded from the database
as potential outliers since they did not follow the time frame
described in the experimental procedure.

B. Experimental Procedure
The experiment had the following steps:
1) Participants were given the smartphone with the application pre-installed. The participants had to answer the PSS
and the PSQI questionnaires before the experiment.
2) A training session was used to explain the participant
when they should record data and how to connect the
application with the SensorTag and collect the data. Also,
the placement of the SensorTag close to the participant
was discussed. It is important to make sure the participants do not accidentally block any of the sensors during
the experiment.
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0 = Never, 1 = Almost Never, 2= Sometimes, 3 = Fairly Often,
4 = Very Often
Question
Possible
Answers
In the last month, how often have you been upset
01234
because of something that happened unexpectedly?
In the last month, how often have you felt that you were
01234
unable to control the important things in your life?
In the last month, how often have you felt nervous and
01234
“stressed”?
In the last month, how often have you felt confident
01234
about your ability to handle your personal problems?
In the last month, how often have you felt that things
01234
were going your way?
In the last month, how often have you found that you
01234
could not cope with all the things that you had to do?
In the last month, how often have you been able to
01234
control irritations in your life?
In the last month, how often have you felt that you were
01234
on top of things?
In the last month, how often have you been angered
01234
because of things that were outside of your control?
In the last month, how often have you felt difficulties
01234
were piling up so high that you could not overcome
them?
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Fig. 4: Distribution of PSS, PSQI and Location from 21
Participants

TABLE I: Perceived Stress Scale Questionnaire
0 = Not during the past month, 1 = Less than once a week,
2 = Once or twice a week, 3 = Three or more times a week
Question

Possible
Answers

During the past month, how often have you had trouble
sleeping because you cannot get to sleep within 30
minutes ?

0123

During the past month, how often have you taken
medicine (prescribed or “over the counter”) to help you
sleep?

0123

During the past month, how often have you had trouble
staying awake while driving, eating meals, or engaging
in social activity?

0123

During the past month, how much of a problem has it
been for you to keep up enthusiasm to get things done?

0123

TABLE II: Pittsburg Sleep Quality Index Questionnaire
3) Participants were given the smartphones and the SensorTag for a day.
4) Participants returned the equipment to the laboratory and
completed a post-experiment survey about their mood and
stress in the last day.

For the mood, the 18 questions from the the General WellBeing Scale (GWBS) [21] were used.
D. Experimental Sessions
The participants had to do the experiments in three sessions
during the day:
• In the morning session (6am- noon),
• the afternoon session (noon- 6pm) and
• the evening session (6pm - midnight).
For every session, the participants had to connect the application with the SensorTag to record the environment data
twice: once at the beginning of the session and once after
one hour. Hence, each participant had to answer the GWBS
questionnaire six times in total. This would help in the
data analysis to correlate any change in the mood with the
environmental conditions in the room at the beginning of the
session and after one hour.
V. R ESULTS AND A NALYSIS
In this section we describe the results of our experiments.
A. Classification of Long-Term Profile

C. Mobile Phone Survey
On the Android phones, location and mood were also
monitored in addition to the PSS and PSQI surveys.
For the location, the participants were asked to do the
experiment only indoors and select from four different options:
1) Home (less than two people)
2) Home (more than two people)
3) Laboratory (less than five people in the room)
4) Laboratory (more than five people in the room)
The participants can change location between sessions, however, they need to finish a session at the same location they
started.

For the long-term profile, the participants were categorized
based on their responses in the PSS, PSQI and Location questionnaire, since these do not change between the beginning
and the end of the session. From the PSS and PSQI, we define
four groups of participants. The distribution of the scores is
illustrated in Fig. 4.
PSS is a score from 0 to 40 with four categories: Very Often
(31-40), Fairly Often (21-30), Sometimes (11-20) and Almost
Never (0-11). The higher the score the higher the perceived
stress. According to the results, the majority of the participants
(score above 21) had high stress levels, which can be explained
since all of them are undergraduate students during the term.

Number of participants
Number of participants

PSQI is a score between 0 to 12 with four categories: Three
or more (9 - 12), Once or twice (6 - 8 ), Less than once ( 3-5)
and Never (0-2). A PSQI score above 5 was considered as
poor sleep quality. According to the results, PSQI seems to
follow the PSS levels. The linear correlation between the PSS
and PSQI levels is 0.6265, hence, this is an indicator that there
is a correlation between the stress level and the sleep pattern.
We also calculate the correlation between the location and
the PSS and the location and the PSQI. Table III shows the
results.
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TABLE III: Correlation Between PSS, PSQI and Location

From the 2, 268 answers on the GWBS, we define four
groups of participants, with the corresponding score in parenthesis: Positive well-being (81-110), Low positive (76-80),
Marginal (71-75) and Stress problem (56-70). Then, we summarize the results for the three session in a day and the
environmental parameters at the beginning of a session and
one hour after.
To examine any correlation between the three environmental
values and the GWB scale, Pearson correlation was used and
the results for the different sessions are shown in Table IV.

Number of participants

B. Correlation Analysis of Short-Term Profile

2

4

-0.1634

-0.0360

0.7636
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GWB

Temperature
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Luminosity
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-0.4051

0.2398

Evening Session (6pm - midnight)
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0.2354

0.3693

-0.8355

TABLE IV: p-value of Pearson Correlation Coefficient for
GWBS for the Three Sessions
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According to the correlation values, the participant’s location during the experiment does not affect the PSS and/or the
PSQI levels.
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Fig. 5(a) shows the results for the morning session. At the
beginning of the session most of the participants are at the
Marginal level and above (17 out of 21), with the number of
the participants in the Low positive and Marginal level equal.
After an hour, some of the participants from the Marginal and
Stress problem level moved to the Low positive level. At the
same time, we monitored the environmental conditions. The
temperature and the humidity remains similar which can be
seen from the error bars in the third figure of Fig. 5(a), which
is expected since both the home and the laboratory are indoor
environment with minimum variation in these two parameters.
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(c) Evening Session

Fig. 5: Distribution of GWBS for the Three Sessions from 21
Participants

On the other hand, the luminosity variation is high. This can
be used as an indicator for correlation between luminosity of
the room and the mood of the person, as it is also shown on
Table IV through the p-values for luminosity.
For the afternoon session, shown in Fig. 5(b) the participants
have similar scores in the GWB scale at the beginning and
one hour after. At the same time, the environmental values
show negligible variation. According to the Pearson correlation
values in Table IV, there is no linear correlation between the
environmental data and the GWBS scores.
For the evening session, the results are shown in Fig. 5(c).
In this session, the participants tend to move toward lower
scores at the GWBS scale. At the beginning of the session,
ten participants had a GWBS score above 80 while an hour
after, only six of them remain with a similar score. At the same
time, the variation in temperature and humidity is negligible
while the luminosity is high. There is a correlation between
luminosity and the mood variation, according to Pearson
correlation in Table IV.
According to experimental results, variation in the luminosity of a room can affect the mood of the people in the room.
Another important insight from the experiment is related to
the change of the luminosity. When the luminosity increases
during the session, as in the morning session, the participants
mood changes towards higher GWBS scores. On the other
hand, when the luminance decreases, the participants mood
changes towards lower GWB scores. However, the results
of this experiments can be used only as indicators. Further,
experimentation with more participants should be conducted
to evaluate the indicators of this work.
VI. C ONCLUSION
In this paper, we investigate the correlation between environmental data and wellness through experimentation. According to the results, great changes in luminosity can affect
a person wellness. We also find that the experiment location
do not affect the stress or the sleep pattern of the participants.
However, more experimentation is necessary with larger population to validate the insights of this work and also examine
more parameters that can affect wellness.
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