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An increasing number of mental health problems has created the need for developing new patient monitoring methods for mental health care. The use of different
type of unobtrusive sensors could partially automate patient monitoring. Detection of features from sensor data that are associated with mental disorders could
be used as a tool to support the process of making diagnostic decisions.
In these days, commonly used mobile phones have sensors which can be used
in unobtrusive collection of data to measure human behaviour. For example,
these sensors can measure acceleration, ambient noise level, brightness of the environment, and mobile phone usage. Also, a ballistocardiographic (BCG) sensor
attached to a bed can be used to obtain information about rest and sleep which
are known to be an important factors in mental health.
This thesis addresses the feasibility of using mobile phones and BCG sensors
for measuring human behavior and detecting mental health problems. Sensor
data was obtained from a pilot experiment where mobile phone sensors and BCG
sensors were used to measure sixteen subjects for six weeks. Subjects also filled
daily questionnaires related to mental health and sleep and wore an actigraph for
two weeks which were used as a comparison for the passively collected data.
In the analysis, sleep duration for each night was estimated from the BCG sensor
data. The average difference of estimates and reported sleep duration was more
than one hour. Instead of estimating sleep duration, we suggest to focus on the
amount of rest which can be detected more robustly from the BCG sensor data.
Analysis of the mobile phone sensor data shows that almost any of the mobile
phone sensors can be used to measure the approximate daily rhythm of a subject.
Moreover, different sensors can measure different aspects of the user’s behavior
and environment. By combing different sources of information, more accurate
indicators of mental health problems could be developed. In future research,
more data with better quality needs to be collected for further improvement of
methods.
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Kasvava mielenterveyspotilaiden määrä on luonut tarpeen kehittää uusia potilasseurantamenetelmiä mielenterveyden hoitoon. Erilaisten huomaamattomien sensoreiden käyttö voisi osittain automatisoida potilasseurantaa. Mielenterveysongelmiin liittyvien piirteiden tunnistamista sensoridatasta voitaisiin käyttää apuna diagnoosien tekemisessä.
Nykyään tavallisten älypuhelinten sensoreita voidaan käyttää ihmisen
käyttäytymisen monitorointiin. Nämä sensorit mittaavat esimerkiksi kiihtyvyyttä, taustamelua, ympäristön kirkkautta ja puhelimen käyttöä. Lisäksi
levosta ja unesta voidaan saada tietoa sänkyyn kiinnitettävällä ballistokardiografisella (BCG) sensorilla. Unen ja levon tiedetään vaikuttavan merkittävästi
mielenterveyteen.
Tämä työ käsittelee älypuhelinsensoreiden ja BCG-sensorin käyttöä ihmisen
toiminnan mittaamisessa ja mielenterveysongelmien havaitsemisessa. Tutkimusdata kerättiin pilottitutkimuksessa, jossa kuudeltatoista koehenkilöltä kerättiin
kännykkäsensori ja BCG-sensoridataa kuuden viikon ajan. Koehenkilöt täyttivät
myös kyselyitä uneen ja mielenterveyteen liittyen. Lisäksi he pitivät ranteessaan
kahden viikon ajan aktigrafia, jonka dataa verrattiin muihin sensoreihin.
Työssä estimoitiin koehenkilöiden unen kestoa jokaisena yönä käyttäen BCGsensorin dataa. Erotus estimaattien ja koehenkilöiden raportoiman nukkumisajan välillä oli keskimäärin yli tunti. Tarkan unen pituuden sijaan suosittelemme
arvioimaan levon määrää, sillä sen havaitseminen datasta on huomattavasti helpompaa.
Kännykkäsensoridatan analyysistä selviää, että päivärytmejä voidaan seurata monella eri sensorilla. Eri sensorit antavat lisäksi toisiaan tukevaa
lisäinformaatiota koehenkilön käyttäytymisestä. Informaation lähteitä yhdistämällä voidaan kehittää tarkempia indikaattoreita mielenterveysongelmille.
Jotta analyysimenetelmiä voitaisiin kehittää edelleen, tulisi jatkotutkimuksissa
kerätä lisää ja parempilaatuista dataa.
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1. Introduction
The number of people who need psychiatric care is reported to increase
globally, which is causing more demand for the health care services (Baxter et al., 2014). The global prevalence of major depressive disorder was
recently estimated at 4.7 % (Ferrari et al., 2013). In Europe, 13% of the
non-institutionalized sample reported a lifetime presence of major depressive disorder (Alonso et al., 2004). Depression is a growing problem also in
Finland. The prevalence of depression increased from 7.3% to 9.6% between
years 2000 and 2011 (Markkula et al., 2015). The number of new disability
pensions caused by depressive disorders has also increased in Finland until
the late 2000s. Today, approximately 4000 people who are diagnosed with
depression leave labour force every year (Honkonen and Gould, 2011), which
is a major burden for the economy.
Psychiatric diagnoses are based on clinical interviews, which rely on individuals’ own reports. These can be biased by recall errors and clinical
environment (Ben-Zeev and Young, 2010; Ben-Zeev et al., 2015). An early
intervention would shorten the time the symptoms are experienced and could
possibly prevent hospitalization (Morriss et al., 2007). Therefore, new monitoring methods are needed in mental health care that could provide objective
information and detect symptoms before deterioration of mental state. Such
tools could provide useful diagnostic aids for doctors which could fasten the
diagnostic process. Therefore, health care could be provided for more people
with the available resources. Collection of objective information also offers a
possibility for studying behavioral patterns related to mental diseases which
can deepen the knowledge of such conditions.
Recent studies have shown that actigraphy that measures physical activity can reveal behavioral patterns that are affected by mental disorders. For
example, mania has been found to be associated with overactivity, whereas
depression is usually characterized by a reduction in activity (Goodwin and
Jamison, 2007). Also, nonlinear properties of the activity signal such as entropy has been used the detect the manic state (Krane-Gartiser et al., 2014).
Some patterns are similar between mental disorders, possibly due to their
1
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comorbidity with each other and physical illnesses (Sartorious, 2013). On
the other hand, schizophrenia and depression patients have been found to
have distinctive activity profiles (Hauge et al., 2011).
The use of mobile phone sensors has been suggested for monitoring behavior and detecting mental disorders (Proudfoot, 2013). Modern mobile
phones or ”smartphones” have many sensors that can measure properties related to activity, behavior and the environment (Ferreira et al., 2015). These
phones are nowadays quite common and are typically held in the same room
as the user for the most the time (Dey et al., 2011). The rate of ownership
of modern phones is at the same level among people with mental health disorders and the general population, meaning that mental disorders are not a
barrier for such monitoring (Torous et al., 2014).
Several studies have already used mobile phones for monitoring behavior of healthy subjects. GPS coordinates can be used to calculate different
mobility variables, such as the total distance travelled during one day or
the number of places visited during one day. There is some evidence that
these might be correlated with depression and stress questionnaire scores
(Ben-Zeev et al., 2015; Saeb et al., 2015; Canzian and Musolesi, 2015). The
number of incoming and outgoing call per day has been used as an indication for mental disorders (Faurholt-Jepsen et al., 2015). Accelerometer
sensors can measure the kinesthetic activity of the mobile phone user, which
has been found to be associated with experienced loneliness (Ben-Zeev et al.,
2015). Also, algorithms that process light, noise, and accelerometer data
can estimate sleep duration in natural environment with decent accuracy
(Chen et al., 2013). Sleep patterns can be inferred from screen-on events
only, although accuracy is highly dependent on the frequency of the user’s
interactions with the phone (Cuttone et al., 2016).
Sleep patterns have been a main focus of monitoring and an indicator
of mental health problems because sleep disruptions are associated with
most psychiatric disorders, (Perich et al., 2013; Tesler et al., 2013). Proper
sleep is also prerequisite for important cognitive processes and mental wellbeing (Tarokh et al., 2016). The standard method for measuring sleep is
polysomnography (PSG), which uses many sensors that measure for example
the electroencephalogram, electrocardiogram, electromyogram, and respiration. Obviously, such heavy instrumentation affects normal sleep and PSG
cannot be used in normal daily life.
Sleep can be measured with relatively good accuracy with an actigraph
(Jean-Louis et al., 2001), but this requires wearing a wristband which also
needs to be charged from time to time. A fully unobtrusive alternative for
measuring sleep is ballistocardiography (BCG), which measures the movement of a resting subject. The sensor is placed under the mattress, where it

CHAPTER 1. INTRODUCTION

3

can measure acceleration caused by respiration and blood circulation. Different physiological parameters can be calculated from the signal, such as heart
rate and respiration rate. After installation, the BCG sensor does not need
any actions from the user which makes it a viable option for monitoring sleep
continuously. (Giovangrandi et al., 2011)
In order to test the feasibility of mobile phone sensors and BCG sensors
for monitoring in natural environment, we conducted a pilot experiment on
the Life Science Technologies project course in Aalto university. In the experiment, 16 students collected their own behavioral data for 6 weeks. They
used the Purple robot mobile app (Schueller et al., 2014) to collect data from
smartphone sensors, the BCG sensor by Murata, (Nurmi, 2016) and answered
daily and weekly questionnaires related to sleep, mental health and activities. An actigraph device called Philips Actiwatch II was used for 2 weeks to
measure physical activity which could be compared to mobile phone sensor
data. Students agreed to share the data with each other and the research
group after removing all personal identifiers from the data.
The data collected in the pilot experiment is visualized and analyzed in
this Thesis in order to provide understanding of its properties. The aim is to
address the feasibility of such monitoring methods for studying behavioral
patterns and mental health. We present methods for estimating sleep duration from BCG sensor data and compare the estimates to reported sleep.
For analysis of the mobile phone sensor data, we propose methods for robust detection of daily rhythms and discuss methods for detecting behavior
that could indicate mental health problems. Moreover, an import part of the
Thesis is to bring up features of the data that should be taken into account
in future research.
The data set was rather small compared to previous studies, because the
main purpose of the pilot experiment was to test data collection devices and
systems. Also, the Purple Robot app did not work properly on some phone
models and only 7 subjects collected reasonably good data which limited
the aims of this Thesis. The size of the data set is not suitable for testing
hypotheses about detecting mental health problems because the results would
lack statistical significance. Instead, linear correlations between variables
were investigated to present possible interesting associations in the data and
to provide guidance for planning the future experiments.
The organization of this Thesis is the following: In Chapter 2 we present
relevant background information and previous studies in the research area.
Chapter 3 contains description of devices used the in the data collection pilot
experiment and analysis methods that were applied on the data. Chapter
4 presents visualizations of the data and the results of the data analysis.
Chapter 5 discusses the most important results and factors related to the
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experiment and future research. Chapter 6 sums up the main findings of the
Thesis.

2. Background
The first section of this background section explains the importance of behavioral patterns for mental health research and the second section presents
standard methods for measuring sleep. The third section reviews studies that
have been trying find indicators of mental disorders from passively measured
data with mobile phones.

2.1
2.1.1

Mental health disorders and behavioral
patterns
Circadian rhythms

The circadian rhythms is the dominant characteristic in any type of activity
data, because this rhythm controls a large number of chemical and pyhsiological processes in the human body. The 24-hour rhythm in the human
body is set by the suprachiasmatic nucleus which is located in the hypothalamus. It coordinates many other clocks that control different activities such
as sleep, body temperature, digestion, or gene expression. These processes
make the overall activity pattern of human behavior follow the same daily
rhythm. (Silver and Kriegsfeld, 2014)
Circadian rhythms are also of interest for mental-health research because
they have been found to have a connection to mental disorders. Hinton (1963)
found that having less hours of sleep is connected to depression by studying
differences between depression patients and recovered patients. Later, it
has been shown that light treatments that lower melatonin levels can ease
depression symptoms temporarily (Rosenthal et al., 1984). Also, depression
patients were found have damped circadian rhythm of hormone levels that
control metabolism and body alertness (Souêtre et al., 1989). Molecular
processes behind circadian rhythms and mental disorders mechanisms have
been found to be partly joint (Bechtel, 2015).
Instead of correlations, only alterations of circadian rhythms have been
5

CHAPTER 2. BACKGROUND

6

suggested to cause mood disorders (Landgraf et al., 2014). Possible causal
pathways could be neural or immunological (Bechtel, 2015). One theory
is that delayed phase of circadian rhythms causes depression (Lewy et al.,
2009). The shift of phase can be detected from delayed melatonin expression.
Regardless of the direction of possible causality, this connection of circadian rhythms and mental disorders opens up new possibilities for studying mental health problems. One possibility for finding indicators for mental health problems could be found by looking for differences in circadian
rhythms between patients and healthy controls that are measured by sensors
or mobile phones. For example, Aledavood et al. (2015) have shown that
morningness and eveningness chronotypes of individuals can be detected using anonymized records of mobile phone communication data. The reason
for using communication data in large-scale studies, for example to study
regional differences, is that there is no need to organize an experiment to
obtain data if the data is provided by teleoperators.

2.1.2

Social behavior and activity

Mental disorders have further effects on behavior that could be possibly measured with sensors. For instance, depression is connected to many other medical conditions, which may be caused by activation of the immune system.
Immune activation has been shown to be connected to reduced physical activity and social behavior. Here, mobile phone sensors might be useful: communication with mobile phone, face-to-face interactions and movement can
be indirectly measured using mobile phone sensors. (Yirmiya, 1997; Madan
et al., 2010)
Regularity of physical activity is protective against depression (Prigerson
et al., 1995) and depression often leads to decrease in activity (RoshanaeiMoghaddam et al., 2009). Patients with depression have been showing lower
activity levels during the daytime (Goodwin and Jamison, 2007). In general,
the above mentioned types of behavior cannot be directly measured by any
mobile-phone sensors. However, by training intelligent machine learning algorithms with mobile-phone sensor data, finding reliable indicators of mental
health problems could be possible. It may not even be necessary to know
a priori what kind of behavior might be associated with mental disorders
because new dependencies could be found by in the analysis. Therefore, continuous monitoring can facilitate new types of research methods for mental
health research.
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Polysomnography
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Polysomnography (PSG) is the golden standard method for measuring sleep.
It uses multiple methods together to provide information about the state
of sleep. Typically these methods are electroencephalography (EEG), electromyography (EMG), electro-oculography (EOG), electrocardiography (ECG),
oximetry, and a respiratory belt. Sleep staging is done by professional technicians by visually inspecting the data. It is mostly based on evaluating
waveforms of EEG whereas other measurements give additional information,
such as the level of muscle tension, which can differentiate between REM
sleep from other sleep stages (Vaughn and Giallanza, 2008).
PSG has several problems which make it unfeasible for continuous sleep
measuring of multiple subjects. The main problem is that heavy instrumentation does not enable normal sleep. Secondly, the equipment cannot
be used in natural environments and it costs thousands of euros. Also, the
visual scoring of sleep is time consuming and requires a technician for performing it, whereas automated analysis is inaccurate (Penzel and Conradt,
2000; Blackwell et al., 2008).

2.2.2

Actigraphy

An actigraph is a small device worn on the wrist to measure physical movement. It is far less cumbersome and less expensive than PSG. It measures
only one channel with an accelerometer that records data several times a
second. The data is then analysed on a computer using certain algorithms
to detect physical activity. Sleep-awake state can also be detected due to the
lack of movement when person is asleep. In a longer measurement, circadian
rhythms can be also determined from actigraph data. (Ancoli-Israel et al.,
2003)
Actigraph-based detection of sleep is only based on movement which naturally causes differences between PSG and actigraph-based sleep estimates.
The level of agreement can be dependent on the study group and the algorithm used for sleep estimation. Studies have reported tendency for actigraph
algorithms to overestimate sleep duration of people with sleep disorders or
depression. Underestimation of sleep duration can happen with people who
tend to have more movement than normal while being asleep. The inaccuracy of sleep duration estimates tends to increase when measuring subjects
with sleep disorders or mental disorders. (Blackwell et al., 2008)

CHAPTER 2. BACKGROUND

2.2.3

8

Ballistocardiography

Ballistocardiography (BCG) measures sleep by detecting movement caused
by blood circulation. Blood flowing towards legs causes recoil motion to the
other direction. This motion can be measured for example with an accelerometer attached to the bed where the subject is sleeping. The overall pattern
that can be measured with BCG has multiple oscillations for each heart beat,
caused by the systolic and diastolic phases of heart cycle. Accurate detection
of that pattern from the signal enables calculation of the heart rate. Respiration causes changes in the amplitude of the BCG signal and therefore
the respiration rate (RR) can be also estimated from the signal. Because
of the multiple factors affecting the BCG signal, advanced signal processing
methods are needed for extraction of physiological information from the raw
signal. (Thompson et al., 1953; Trefnỳ et al., 2011)
The advantage of BCG over the above-mentioned methods is that it is
unobtrusive, cheap, and can be used in long measurements without harm to
the subject. In addition to HR and RR, heart rate variability (HRV) can
be calculated from the signal, which can help in distinguishing sleep-awake
states. Using these variables, an improvement in sleep detection has been
achieved compared to the actigraph. One critical advantage is that BCG can
detect presence in bed from the signal baseline. Nevertheless, a high level of
agreement of BCG and PSG sleep staging has not been reached. (Redmond
and Heneghan, 2006; Devot et al., 2010)

2.2.4

Measuring sleep with mobile phones

Sleep can be also indirectly measured with different mobile phone sensors.
A simple way to do that is to search for the longest period of inactivity
of using the phone and consider that as sleep. This methods works well if
the user uses the phone as an alarm clock. The last activity in the evening
is setting up the alarm and the first activity in the morning is setting the
alarm off. This is of course an optimal situation, and most people do not use
phone this way. To take into account different types of users and increase the
accuracy of sleep detection, many different sleep monitoring apps have been
developed. Dozens of sleep monitoring apps are available for Android phones
in the Google store, but they are not validated for medical usage. However,
sleep monitoring apps based on scientific research also exist and some of the
most recent studies on them are reviewed in this section.
Chen et al. (2013) created the BeWell app that combines light, screen-on
events, stationary feature and silence features. They calculate the optimal
linear combination of these sensors to make better estimates of sleep duration.
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They obtained an average error of 42 minutes with 8 subjects (one week).
Their model had a tendency to underestimate sleep duration.
The Toss ’N’ Turns app by Min et al. (2014) aims to detect sleep quality.
It was reported to have an average error of 49 minutes in sleep duration estimates and 35 minutes for bed-time estimates. It was tested with 27 subjects
who had variety of sleep contexts, such as a household with a dog. They
were measured for one month with the mobile-phone app. For the analysis,
they used a Bayesian network with correlation-based feature selection methods. The sleep quality was classified as either good or poor. Their classifier
achieved an accuracy of 84%, whereas random classifier predicts 70% right.
Jayarajah et al. (2015) observed 500 students for 15 months and created
an algorithm for detecting sleep quality from mobile phone data. They used
information about the user’s app usage, physical environment and social
interaction. For app usage, they used data on types of app used and usage
durations. Social interaction was detected by a group detection system called
GruMon (Sen et al., 2014). Knowledge about physical environment was based
on WiFi information. They found that low usage of social app and spending
a lot of time at campus were associated with low reported sleep quality.
Jayarajah et al. (2015) say that such analysis is dependent on the subjects’
tendency to interact with the phone. Therefore, for some other demographic
groups the same methods might not be applicable.
Cuttone et al. (2016) had simpler approach: they only used screen on-off
events to infer sleep. The benefit of this approach is that it is more privacypreserving and consumes less battery. Data was collected in the SensibleDTU
project where smartphone sensor data were recorded from more than 800
students. Their sleep detection method called ”SensibleSleep” and it uses
a Bayesian approach. The SensibleSleep method achieves a mean accuracy
of 0.89 for the sleep state prediction. They also show how long term sleep
patterns can be visualized from the results of the analysis. As a drawback,
they also report that this method loses accuracy with subjects who interact
less with their phones.

CHAPTER 2. BACKGROUND

2.3

10

Related work on detecting mental health
problems with mobile phone sensors

An early study of mood with mobile phones was conducted with 8 participants by Burns et al. (2011). The sensors used in the study Bluetooth, WiFi,
GPS, accelerometer and ambient light. They also collected information about
the location, mood and, social context by using ecological momentary assessment (EMA) (Shiffman et al., 2008) with ”Mobilyze!” mobile phone app. The
apps were installed on phones that were given for the subjects for 8 weeks.
A decision-tree algorithm was trained based on the data collected. The algorithm was able to detect different locations with reasonable accuracy but
predicting mood or social situations was inaccurate. Participants suffered
from battery drain which is often a problem when high-frequency data is
collected.
In an other early study by Wang et al. (2014), 48 students were measured
for 10 weeks with mobile phones. EMA was again used to collect experiences. Students were given Android phones where data collection software
was installed. Data was collected from accelerometers, microphones, light
sensors, GPS and Bluetooth. Wang et al. tested the correlation of data
from phones and many questionnaires, including PHQ-9 (depression) and
PSS (stress). Some low but significant correlations were found. For example,
there was negative correlation between conversation frequency and depression score (PHQ-9). Conversation frequency was also negatively correlated
with stress (PSS). A high number of statistically significant correlations between academic performance and passively collected data was also reported.
The data set has been published and the authors also plan to conduct new
study with different set of students to search for more correlations between
passive data and mental health.
Dependencies between active and passive data were also found in a study
by Saeb et al. (2015). They used the Purple Robot app (Schueller et al.,
2014) to collect data from 40 young adults for 2 weeks. 28 of them provided
sufficient data to conduct the analysis. The PHQ-9 depression questionnaire
was completed before the measurement period. In the analysis, a logisticregression classifier using the extracted data distinguished participants with
low PHQ score and high PHQ score with an accuracy of 86.5%. They found
that people with high PHQ-9 scores visited fewer places and were likely to
visit same locations more frequently. They suggest that not only the volume
of activity but also other patterns of behavior can be related to depression.
As a limitation, they say that patients with diagnosed depression might not
have similar patterns of behavior as the people with PHQ-9 scores in this
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study but the results can be considered as a good starting point.
(Ben-Zeev et al., 2015) used GPS and WIFI access points for monitoring location and accelerometer to detect walking and running which they
called kinesthetic activity. Also, speech was detected via microphone. They
asked their participants to respond to the PHQ-9 questionnaire both before
and after the measurement period. The PSS stress questionnaire were asked
daily. Also sleep duration was inferred from the data using the algorithm
presented in (Chen et al., 2013). They used penalized functional regression
in the analysis which showed associations between passively measured data
and questionnaires. Longer speech duration, geospatial activity, and longer
sleep durations were associated with lower depression. No signicant dependencies between stress and measured data were found. They suggest studying
feasibility of using mobile phones to perform studies with older people and
people with mental disorders. They conclude that smartphone technology
can be successfully harnessed to capture behavioral information that relates
to changes in mental health but they also find it possible that mobile phone
sensors might not be able to provide definite predictions about one’s mental
health. The integration of different sources of information can strengthen
the role of this technology.

3. Methods
3.1

Data collection

3.1.1

Pilot experiment

The data analyzed in this Thesis were collected during the Life Science Technology project course of Spring 2016 where 16 students collected their data
on their own behavior, sleep and feeling of well-being for six weeks. Participation in data sharing was voluntary but all students (later referred as
subjects) decided to share their data. The data sources used in the analysis
are presented in separate sections.
In the data collection, students used the Purple Robot mobile phone
app (Section 3.3), the Murata ballistocardiographic (BCG) sensor (Section
3.2), and Philips Actiwatch actigraph (Section 3.4). Students also designed
questionnaires related to physical and mental conditions, so that association
of these features and data from sensors can be studied (see Section 3.5 and
Appendix A). There were no written instructions given to the students but
they were assumed to behave normally during the experiment. Some students
might have got different idea about the purpose of the experiment, since not
everyone was present in the meetings where experiment was designed. Also,
the beginning and the ending of the experiment were not strictly defined.

3.1.2

Server and Privacy protection

Data from different sensors and questionnaires were stored on our server. The
privacy model of the data collection server is shown in Figure 3.1. To preserve
the privacy of the participants, the data were anonymized on two levels. Before storing the data, all personal identificators were removed, such as phone
numbers. More privacy-preserving procedures were performed before data
could be downloaded by the researchers. At this point, for example GPS
coordinates were aggregated to daily mobility features, so that researchers
had no access to raw GPS data. Data are encrypted using the SSL protocol
12
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both when uploaded and downloaded which increases security. Users (subjects) can join a study via invitation link and researchers can be granted an
access to specific studies. After joining the study, researchers have access to
the data in that particular study through data converters, which process the
data into desirable format. Administrators have access to all the data and
can grant access to studies and control the data converters.

(secret id)

Device

(secret id)

User allows

Admin control

secret id

secret id

write only

User

SSL encryption

Device

Anonymization 1

User control

Data
storage

Researcher

Anonymization 2

Researcher control

SSL encryption

user account

Research UI
device
device
device
device
device
device

user

user

group

researcher

group
researcher

Figure 3.1: Schematic diagram of the privacy model. Users have access to
their own data, which is stored on the server without personal identifiers.
Researchers have access to data in those studies where they are granted an
access. This figure is a modified version of the original in (Aledavood et al.,
2016).

3.1.3

Data and its quality

The data collection period lasted around six weeks, but some subjects uninstalled the BCG sensor or the Purple Robot app or stopped answering
questionnaires earlier and some later. There were around 20 different data
sources, most of which were mobile phone sensors. All of the subjects used
the Actiwatch, the BCG sensor, and answered the questionnaires, but only
13 used the Purple Robot app (PR). One of the subjects had removed the
BCG sensor during the experiment and the timestamps were corrupted. Rest
of the subjects had varying BCG data quality.
Some phone models or Android versions were not able to keep the PR
running for long. Because of that, some of the subjects had many periods
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of missing data (see Figure 3.2). These periods were calculated using timestamps of the battery sensor and considering abnormally long gaps between
subsequent timestamps as missing data. 7 subjects had reasonably good data
that was used for analysis in this Thesis.
1
2
3
4

Subjects

5
6
7
8
9
10
11
12
Apr 8

Apr 16

Apr 24

May 02

May 10

May 18

May 26

Figure 3.2: Periods of missing data for each subject who used PR app to
collect data.

3.2

The ballistocardiographic sensor

The Murata SCA11H BCG sensor node (Nurmi, 2016) was used for BCG
measurements. The device has a small and accurate accelerometer inside,
which it uses to calculate physiological parameters at 1 Hz frequency. These
parameters are heart rate (HR), respiration rate (RR), heart rate variability
(HRV), stroke volume (SV) and signal strength (SS), which is the amplitude
of the raw signal. The device sends the data to a server via WiFi.
The sensor has four parameters that need to be calibrated before use. One
parameter is for the background noise level when the bed is unoccupied, and
the other three are for maximum, minimum and typical amplitudes of the
BCG signal in an occupied bed. The parameters can be also set manually.
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Subjects were instructed to install the sensor between the mattresses in
their bed. If they had only one mattress, they could place it under the
mattress. The location of the sensor was not reported in the experiment, so
possibility of sensor locations being responsible for low data quality could
not be investigated.

3.2.1

BCG data preprocessing

The first step in the processing of the BCG signal was median filtering which
substitutes zero values with median values. After that, time points where
the HR value is zero were removed from the data. This means that after the
median filtering, parts where more than half of the HR values were zero, was
removed. The next step was smoothing the data with a moving-average filter
with a length of 600 seconds. Because the sampling frequency was 1 Hz, this
means that each value was averaged over a time period of 10 minutes. This
step preserves time information in the data: when the data is classified to
sleep and awake states, the person being asleep at one moment is likely to
be sleeping one second later.

3.2.2

The classification of BCG data to sleep and awake
states and estimating sleep duration

For separating the sleep and awake states without using the reported times
as prior information, we used the Gaussian Mixture Model (GMM) (Barber,
2012). It assumes that all data points are generated from a mixture of two
Gaussian distributions with unknown parameters, which are in our case the
sleep and awake states. Data points were classified in the class with higher
likelihood.
For supervised classification, 10 days from the beginning of the experiment were used to train algorithms. For the task, we used linear discriminant
analysis (LDA) (Barber, 2012) and Support Vector Machine with Gaussian
kernel (SVM) (Du and Swamy, 2013). The motivation for the use of LDA is
that it can find the class means and variances from the training data, which
define the parameters of normal distributions. New data points (remaining
data after the first 10 days) are classified to the class where they more likely
belong. SVM was used to test if finding nonlinear dependencies in the data
could improve the classification. It finds the class boundaries in the high
dimensional kernel space which could possible define the sleep state more
accurately than independent Gaussian distributions.
After the classification of every data point, we have a binary signal as
an output which indicates the predicted sleep state. Example of this signal

CHAPTER 3. METHODS

16

is shown in Figure 3.3. These signals were compared to reported sleep to
estimate accuracies of the different classifiers. Also, sleep duration were estimated using this signal. This was done by aggregating all the sleep periods
that were longer than 15 minutes and less than 30 minutes away from each
other. The same method was used also for the ambient noise signal.
Sleep
Awake

03.00

07.00
05.00
Time

09.00

11.00

Figure 3.3: Binary signal depicting the sleep state of a subject.

3.3
3.3.1

Mobile phone sensors
Mobile phone application and sensors

The app used in the experiment was called Purple Robot. Mobile phone
sensors that were used for data collection in the pilot experiment are listed
in a table on the following page with descriptions. The table also contains
processing methods that were used to preserve privacy of the subjects and
possible problems that were encountered in the data collection for each sensor. Only a small subset of data streams that was considered most useful
were used in analysis in this Thesis. Preprosessing methods for those streams
are explained in the next section.
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Processing or
anonymization at
the server

Problems

Screen-on

Indicates when
screen is turned
on and off

-

Number of
the screen-on events
was not the same as
screen-off events

Touch events

Number of clicks on
the screen at certain
time intervals

-

-

Accelerometer

Acceleration according
to three axes

Data was aggregated
averages of
180 seconds

High battery
consumption

Light

Light intensity obtained
by light sensor

-

Worked only
on 3 subjects

Location

GPS coordinates
every 10 minutes

Only daily
aggregates were given
for the11 researchers

Intervals the of
time points were
not constant

Battery

Battery level

-

-

Step Counter

Number of
steps taken

-

Did not work
for all the subjects

Current call
state

Timestamps for the
beginning and the end
of a phone call

-

Very sparse data

Temperature

Temperature measured
by the device

Not released
for researchers

-

Proximity

Detects an object
in front of the phone

-

-

Call history
statistics

Statistics of the
previous calls

Not released
for researchers

-

Communication
events

Records call
and message events

Numbers hashed

Sparse data

Visible
bluetooth
devices

Detects nearby
bluetooth devices

Device names hashed

-

Wifi

Detects nearby wifi

WiFi names hashed

-

Application
launch events

List of
launched applications

Application names
hashed

Did not work on
Android 5

Running
software

List of running
software on
the phone

Not released
for researchers

Did not work on
Android 5

Sensor

Description
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Preprocessing of the mobile phone data

Data from different sensors were processed in different ways because they had
varying properties. Also the sampling frequency was unique for every sensor.
Therefore, signals had to be downsampled to make comparison possible. To
obtain the same frequency, data were averaged to hourly level.
The noise sensor signal needed the most processing because different
phone models provided different data. In order to have the same scale for
different subjects the following processing was done. Different phone models
provided different scales of values. For example, some subjects had zero values, but the lowest non-zero value were much higher. In order to represent
silence by the zeros, the 10th percentile was removed from the data for all
subjects separately. The 10th percentile was chosen because it is likely that
the phone was in silent environment for at least 10% of the time.
For screen touches and screen-on events the total number of events was
calculated for each hour. For the accelerometer, the data was first averaged
by the Purple Robot app so that there were about 20 values for an hour.
These values were further averaged to the hourly level.
For the daily rhythms presented in Section 4.4, median values for each
hour were used as a representative value. Using the median instead of the
average is more robust towards outliers and missing data.

3.3.3

Mobility features

Daily mobility features were calculated from the GPS data. The six features
were the total distance travelled, location variance, the number of location
clusters, entropy, normalized entropy and the total time used for travelling
according to Saeb et al. (2015).
First data points where the subject was moving faster than 0.30 m/s
were separated from the data set. For the remaining stationary data points,
the number of clusters were calculated using a k-means algorithm that finds
clusters in the data (Arthur and Vassilvitskii, 2007). The algorithm was
run with increasing number of clusters until every stationary data point was
closer than 500 meters from the nearest centroid. The location variance is
2
2
calculated from
P the stationary data points as log(σlat + σlong ). Entropy is
defined as − i pi log(pi ), where i represents cluster centroid i and p is time
spent in that location. The normalized entropy was calculated as the entropy
normalized by the logarithm of the number of clusters. The total transition
time was the fraction of timepoints where the subject was moving over all the
timepoints on that day. The total distance is defined as the sum of distances
between all the subsequent coordinates.
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Actigraph

We used an Philips Actiwatch (Actiwatch 2; Philips Respironics, Murrysville
PA, USA) to measure actigraphy. All the subject wore the Actiwatch wrist
band for two weeks in their non-dominant wrist. Epoch length was 30 seconds. Data was transferred from the device by using ActiWare software
(Philips Respironics, Murrysville, PA, USA). For every 30 seconds, the software calculated the activity count which is a number of significant movements. The software also estimated sleep and rest duration from the data for
each day. Sleep duration estimates are compared to reported sleep durations
in Section 4.1. Physical activity measured by Actiwatch is compared to the
signal measured by mobile phone sensors in Section 4.4.

3.5

Questionnaires

Subjects were asked numerous questions through out the experiment period.
Morning questionnaires were filled after waking up and evening questionnaire
were filled in the evening or before going to sleep. Evening questionnaires
had modified questions from multiple widely-used questionnaires that were:
The Patient Health Questionnaire (PHQ) (Kroenke et al., 2001), Generalised
Anxiety Disorder assessment (GAD) (Spitzer et al., 2006), Perceived Stress
Scale (PSS) (Cohen et al., 1983), Cognitive Failures Questionnaire (CFQ)
(Broadbent et al., 1982), and Adult ADHD Self-Report Scales (ASRS) (Adler
et al., 2012). Questionnaire score was the sum of the scores from each question in the questionnaire. Weekly questionnaire were filled every weekend,
replacing evening questionnaire on that day. Only the answers from morning and evening questionnaires are analyzed in this Thesis. The full list of
questions can be found in the Appendix A.

4. Results
This section presents visualizations of the data and shows dependencies between different variables. Preprosessing and analyzing methods are also discussed and suggestions for future studies are made based on the findings in
this Thesis. Results are divided into five sections: Section 4.1 presents the
accuracies of sleep duration estimates. In Section 4.2, dependencies between
reported sleep and mental health questionnaire scores are tested. More dependencies between different questionnaire variables are presented in Section
4.3. Data collected from mobile phones is analyzed in Section 4.4. Section
4.5 contains analysis of mobility data features that are calculated from raw
GPS coordinates.

4.1

Accuracy of sleep duration estimates

Sleep problems are known to be related to mental health problems. Thus,
we are interested to detect sleep state passively from the sensor data, without asking a person to answer questionnaires. Therefore, we attempted to
detected sleep state using supervised and unsupervised methods from the
signals provided by the BCG sensor. The algorithms and methods are explained in Methods Section 3.2.2. Unsupervised Gaussian mixture models
were used with different sets of variables in order to see if some variable set
provides better accuracy. Supervised methods used all variables as input.
In the following, all results are comparisons against ”ground-truth” coming from the questionnaires. Accuracy, sensitivity and specificity measures
for each of the classification methods are presented in 4.1. All the accuracy measures can be compared between methods but overall they might
not present the true accuracy of the methods because of inaccuracy of the
questionnaires. Subjects were only asked to report the onset and offset of
sleep for every day. If a person took a nap during the day, this is still considered as being awake because the exact time of the nap is unknown. Also
waking up at night causes the accuracy to drop because the classifier might
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detect the person being awake but the time of being awake is not asked in
the questionnaires. Therefore, accuracy, sensitivity and specificity measures
give lower rates than what the algorithm could achieve if the true ground
truth was available. Especially specificity, which is how often a person being
awake was classified correctly, suffers from incomplete data because if person woke up at night and the classifier detected it, this is still considered as
misclassification in the computation of specificity and accuracy.
Accuracy, sensitivity and specificity of all the classification methods
GMM
all variables
Average accuracy
0.72
Average sensitivity
0.81
Average specificity
0.63

GMM
SS
0.72
0.84
0.58

GMM
SS, HR, RR STD
0.72
0.78
0.66

LDA
all variables
0.82
0.89
0.68

SVM
all variables
0.77
0.86
0.62

Table 4.1: Accuracy, sensitivity and specificity of sleep state estimates when
reported sleep was considered as the ground truth.
LDA was the most accurate method and SVM the second most accurate,
which is quite logical since the two supervised methods used prior information
for making the predictions. All the GMM classifiers with different variable
sets provided the same accuracy which was lower than that of supervised
methods. The best sensitivity was obtained using only signal strength, and
the best specificity by using the most promising variables, HR, SS, and RR
deviation. When only the signal strength was used, the amount of sleep was
overestimated. This is because lack of movement was classified as sleep and
therefore lying on the bed without moving is interpreted as sleep. Using
HR and RR deviation information as well enabled the classifier to correctly
classify those moments as sleep. The best separation of sleep and awake
states is found using heart rate and signal strength information, whereas
additional variables are mostly redundant.
The duration of sleep was estimated using the algorithm described in
Section 3.2.2. The error of the estimations was surprisingly large, around
1.5 hours on average (see Table. 4.2). Subject 4 had the best accuracy and
is highlighted with blue color. Five subjects are highlighted with red color
and they are not included into the averages because they had poor data
quality. The quality was estimated by visually inspecting the data. These
five subjects had clear gaps in the data during the night even though they
were likely to be asleep. This was probably result of misplacement of the
sensor, bad calibration, or having more than one person in the bed. Because
of the anonymity, it was not possible to ask for the reasons for bad data
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quality. Therefore, the possible reasons discussed above were inferred from
only a few spontaneous reports by students.

Errors of the sleep duration estimates in hours
Subject
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
Average
errors

GMM
GMM
GMM
N of days
LDA
all variables SS
SS,HR,RR std estimated all variables
3.3
3.8
1.5
17
1.5
1.6
1.7
2.4
26
1.8
4.4
4.2
4.8
25
1.1
0.6
0.7
29
0.4
2.3
2.0
1.7
19
2.0
1.5
1.4
1.6
21
0.4
1.5
0.7
1.1
26
0.7
1.5
1.3
1.4
17
1.0
1.0
1.0
0.8
29
0.5
1.0
2.2
1.0
18
1.1
2.2
1.9
3.5
14
2.9
2.2
1.2
1.8
15
0.8
2.0
1.9
2.0
18
1.6
1.6
1.4
1.5
23
2.6
1.2
1.5
1.3
28
0.5
0.8
1.0
0.9
30
1.2
1.6

1.6

1.6

250

1.2

N of days
SVM
N of days
estimated all variables estimated
6
1.6
6
16
1.4
17
4.9
12
10
0.9
19
5
2.2
7
6
1.1
11
15
1.7
16
2
1.3
8
21
1.2
23
9
1.4
9
11
2.3
11
10
0.9
11
8
2.2
9
4
19
1.0
19
17
0.9
21
142

1.42

161

Table 4.2: Errors of sleep duration estimates in hours for each method and
feature subset. The error was calculated as the absolute difference between
estimated duration and reported sleep duration.
The best performance, 1.2 hours on average, was obtained with linear discriminant analysis which finds the best linear separation in multidimensional
data between the two classes. Interestingly, SVM did not perform better,
even though it takes into account also nonlinear dependencies between the
variables. There are two likely reasons for this: either there was no interaction of variables that could explain the state, or inaccurate training data
might have caused the SVM to learn wrong characteristics of data.
Subject number 11 is highlighted with gray color in the chart because
the data was very noisy and hard to interpret. Even just by looking at the
data, it was hard to estimate when the subject had been sleeping. Heart rate
did not drop during the night at any point and there were peaks in signal
strength, meaning that the subject had been moving a lot. As a result,
automated estimates were also very bad, with around 2-3 hours of error.
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In order to show how the errors accumulate, estimated sleep onset and
offsets are visualized as a function of reported offset and onsets for 15 subjects (Figure 4.1). Most of the onsets and offsets are accurately detected
but sometimes errors are huge, up to 10 hours. These large errors make the
method unreliable and the distribution of errors is wide. Therefore, these
estimates are fairly useless in detecting sleep patterns that deviate from normal, since the deviation is more likely to be caused by error in estimation
rather than by untypical sleep duration.
Sleep onset
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Reported onset and oﬀset of sleep
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16
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Sleep onset and oﬀset estimated using LDA classiﬁcation
Figure 4.1: Reported onset and offset of sleep plotted against estimates using
the LDA classification. Times are in hours in GMT time.
The accuracy of estimates was compared to accuracy of estimates based
on Actiwatch data, which were automatically made by the Philips software
(see Table 4.3). Also from Purple Robot, ambient noise data was used for
estimated sleep duration. This was made with a similar algorithm as other
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estimates by classifying low ambient noise (below the 40th percentile) as
sleep. The average error for Actiwatch was 1 hour, which is also quite large.
The average error for noise sensor estimates was 1.4 hours which is very close
to the BCG sensor results.
Errors of the sleep duration estimates in hours
N of days
PR Noise
N of days
Actigraph
estimated
sensor
estimated
1
1.6242
11
2
3
0.3736
12
4
0.3238
14
0.6
28
5
0.1944
6
0.8
17
6
0.6477
11
1.5
19
7
1.7
16
8
1.5647
13
1.2
14
9
1.7607
14
2.0
21
10
0.9815
9
1.5
5
11
2.3902
11
12
13
0.7806
6
14
0.9455
11
15
16
0.2569
12
Average errors
1.0
130
1.4
120

Table 4.3: Comparison of sleep duration reports and sleep duration estimates
based on Actigraph and ambient noise data
Inaccuracy of sleep duration estimates raises a question if any method can
be used to estimate sleep duration accurately. It is also possible that sleep
onset and offset reports are very inaccurate themselves and therefore they
cannot be used as a reliable ground truth. In that case, methods for sleep
duration estimates could be impossible to validate without having ground
truth data from PSG measurements. The subjects could be also asked to report sleep onset and offset only if they are certain of its accuracy. This would
reduce the amount of ground truth data but it would make such estimate
comparison more valid.
Another source of error was that the algorithm developed to estimate
sleep duration from BCG sensor data was overly dependent on quality of
data. Analysis of BCG sensor data was based on filtered data, where only
data points where the sensor was able to provide HR values were taken
into account. As a result, bad data quality resulted in inaccurate estimates.
Clearly, a more robust method needs to be developed for analyzing such challenging data. There is no reason to expect that data quality would improve
in future experiments if they are conducted in similar naturalistic conditions.
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One option is to focus on the signal strength. It is always measured by the
sensor, unlike the physiological variables, such as heart rate. Therefore, using
the signal strength for analysis is highly recommended based on the results
and experience from this pilot study. Physiological variables could be used
as additional information whenever they are available and reliable. Figure
4.2 shows how well Actiwatch and BCG sensor signals correlate during rest.
High correlation means that estimates based on the signal strength should
have similar accuracy as the estimates made from Actiwatch data.
Actiwatch activity
BCG signal strength

1000

Measured value

800

600

400

200

0
22:00

00:00

02:00

04:00

06:00

08:00

10:00

Time

Figure 4.2: Actiwatch activity signal and signal strength from the BCG
sensor for a single night.
Another suggestion is to focus more on detecting the rest and instead of
the exact duration of sleep. It is remarkably easier to detect when person is
in bed or not than inferring the sleep state from the data. Figure 4.3 shows
the histogram of signal strength data. The peak on the left is caused by
the empty bed, and the wide peak on the right is caused by the bed being
occupied. These two classes can be easily separated with both supervised and
unsupervised methods used in this thesis, but different subjects will probably
need separate classifiers.
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Figure 4.3: Histogram of BCG signal strength for one subject. On the left,
the peak corresponds to an empty bed, whereas the broad low peak to the
right is a result of the bed being occupied.
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Association of reported sleep and mental
health questionnaires

A correlation between sleep and mental health problems has been known to
exist for a long time. In our experiment, subjects filled both mental health
questionnaires and sleep questionnaires. Therefore, a relevant question is if
we can find a connection between answers to these questionnaires. Such findings could be used as guidance when biomarkers of mental health problems
are searched from passively measured data.
Dependency of daily reported sleep durations and mental health questionnaire scores is studied in this section using correlation analysis. The
Spearman correlation coefficient was calculated for each subject and each
questionnaire separately. The histogram of correlations between different
daily questionnaires and sleep durations is shown in Figure 4.4.
Two subjects had high negative correlations between PHQ scores and
sleep durations that were statisticly significant when tested with the t-test
(p < 0.05). One subject had high correlation between sleep duration and
stress score, but otherwise correlations were close to zero. Further, for the
subject population, all correlation coefficients averaged around zero.
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Figure 4.4: Histograms of subject-level correlations between daily reported
sleep durations and questionnaire scores.
Especially in the student population, the sleep rhythm can be highly
varying because of the late night social activities. Those activities might
have rather positive effects on mental health, and therefore finding a linear
dependence for every subject is unlikely. Instead, we could look for possibilities to detect when the deviation from the normal rhythm is caused by
social activities and when it happens for non-social reasons, where the latter
is more likely to cause or be correlated with mental problems. For example,
certain mobile phone sensors, such as ambient noise, location and Bluetooth
sensors, could help differentiating between social and other activities.

1
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Also, detecting longer periods of short sleep could provide a better indicator of mental health problems. Unfortunately, the data set is too small
to test that hypothesis. Sometimes subjects forgot to fill either the morning
questionnaire or evening questionnaire. Therefore, there are few instances
where sleep durations of multiple subsequent nights could be compared to
PHQ values. Detecting longer-term deviation from the normal sleep rhythm
is definitely a better approach for a mental health study. This is another
reason to focus on sleep rhythms rather on the weekly or monthly scale than
a daily scale in possible follow-up experiments.
To further investigate the relationship of sleep duration and mental health,
regression analysis on the average questionnaire scores and sleep durations
was performed. Questionnaire scores were first averaged over the experiment period and then sum of PHQ, GAD and PSS scores was calculated for
each subject. This sum was compared to the average sleep duration and the
standard deviation of the sleep duration.
In Figure 4.5, the left panel shows a negative, but statistically insignificant association of sleep duration and the summed questionnaire score (slope:
-2.6, p-value: 0.4). The right panel shows the positive association of the standard deviation of reported sleep duration over the experiment and summed
questionnaire score (slope: 9.2, p-value: 0.02). Both regressions are highly
affected by outliers, which makes these results unreliable. However, they
suggest possible existence of such dependence. In future studies, these associations could be tested with higher numbers of subjects.
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Figure 4.5: Linear regression between the average questionnaire score for each
subject over the experiment period and average sleep duration (left panel)
and deviation (right panel).
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An example of how the sum of the most interesting mental health questionnaire scores varies throughout the experiment is shown in Figure 4.6.
The lack of variance and the very low scores might have been a reason why
no correlations were found for most of the subjects. This also suggests that
questionnaires meant for screening patients might not be suitable for studies
with healthy subjects.
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Figure 4.6: Sum of PHQ, PSS and GAD for seven different subjects plotted
over the measurement period.
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Questionnaire correlations

Subjects were asked many questions during the experiment which makes
this data set unique. Sleep-related questions were asked in the morning
and mental-health questions were asked in the evening. Here we present
correlations of questionnaire variables in the format of correlation matrices
to show how they vary together. An interesting finding here is that very few
variables tend to correlate over all the subjects on average.
Spearman correlation coefficients between the evening questionnaire variables are presented in Figure 4.7. Correlation coefficients are averaged over
the subjects. Mental health related variables are positively correlated with
each other, which is not surprising because even some of the questions somewhat overlap, and mental health problems are known to be often related to
each other. The first three questionnaire variables are for depression (PHQ),
stress (PSS) and anxiety (GAD). Out of these three, GAD and PSS are
clearly correlated. The next two questionnaires are used to detect attention
deficit disorder (ASRS) and cognitive functions failures (EF) which could
mean forgetting something important, for instance. Again, questions in this
pair are closely related to each other.
The last four variables are related to behavior that could affect mental
health and sleep but they do not have high correlations with any other variables. Drinking coffee is somewhat negatively correlated with taking naps
and exercising which also makes sense. It is known that exercising can help
preventing mental health problems but that cannot be seen in this data set.
Alcohol has also a known connection to mental and physical problems but in
our student subject no associations were found.
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Figure 4.7: Average correlations over the subjects between questionnaire
scores.
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Figure 4.8 shows correlations of the daily values of different eveningreport variables and morning-report variables. Correlations are mostly close
to zero. On average sleep duration and PHQ had slightly negative correlation
of r = −0.1, whereas other mental health questionnaires were very close to
zero. Problems with attention seemed to increase during the experiment
which is causing the positive correlation of ASRS and EF with report time
and onset and offset values. Also alcohol consumption seemed to increase
slightly during the experiment. Students tend to drink alcohol during the
1st of May celebrations which take place in the middle of the experiment
period. Sleeping alone had a negative correlation with anxiety and positive
correlation with attention problems (ASRS). Nevertheless, these associations
between variables are very weak, which is the most important take-home
message from this questionnaire analysis.

Figure 4.8: Average correlations over the subjects between evening and morning questionnaire features.
Figure 4.9 below shows correlations between morning questionnaire variables. Most of the correlations are quite trivial. For example, sleep duration
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has positive correlation with being happy about sleep duration and with
waking up naturally. The quality of sleep is negatively correlated with the
number of wake-ups and time spent awake during the night. Interestingly,
the quality and duration of sleep are correlated. This either means that subjects were unable to distinct between these two dimensions of sleep, or sleep
quality is perceived to be better after longer sleep. It is also possible that
when sleep quality is very bad, people wake up and then the sleep duration
ends up being short. Perceived fatigue had negative correlation with sleep
quality and happiness with sleep duration, which is trivial.

Figure 4.9: Average correlations over the subjects between morning questionnaire features.
A common observation on the associations between questionnaire variables is that most correlations are very low, and only the most obvious correlations are strong. For future studies, the important message is that big
data sets are needed in order to be able to show statistically significant associations of variables. Another underlying factor might be that many of the
variables have very few possible values making them vary too little. Dependencies between questionnaire variables could be studied more thoroughly
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using this same questionnaire data set to see if something interesting can
be found. It is possible that most of the subjects have unique behavior and
ways of answering these questionnaires, and hence population-level association cannot be found. Another possibility for further investigation is to look
if there are connections between questionnaires and features in sleep sensor
data on the subject-level. For example, bad sleep quality could be associated
with more spiky BCG sensor signal during the sleep. If there is clear evidence
of subject level correlations, this could be taken into account in detection of
mental health problems. These results suggest that population-level dependencies and biomarkers might be very hard to find in this kind of data, so
maybe individual analysis could provide more insight.
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Properties of mobile phone sensor data

The analysis of mobile phone sensor data focuses on presenting features and
correlations of different sensor data streams, and how daily rhythms can be
inferred from the data. To provide an example of the mobile phone sensor
data, raw data for four different sensors are plotted in Figure 4.10. The data
are quite noisy but high level of activity at daytime and the lack of activity
at nighttime can be clearly seen in the raw data. Also higher values of noise
and accelerometer readings can be seen on the 30th of April and the 1st of
May. Note that, screen-on events are binary, one stands for screen-on event
and zero screen-off event.

Normalized values
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Screen-on events
Battery level

Apr 26

Apr 28

Apr 30

May 02

May 04

May 06

Time

Figure 4.10: Raw ambient noise level, accelerometer, screen-on events and
battery level data from Purple Robot.
For further analysis, all sensor data were coarse-grained to the hourly
level in the preprocessing phase (see Section 3.3.2). This accuracy is enough
to catch the most important daily activities such as waking up and going to
sleep. Course-graining also helps to remove single outliers, such as sudden
loud noises. The signals for three days are visualized in Figure 4.11. The
signals are divided by the standard deviation and the minimum value is
subtracted to make them easily comparable. The upper panel shows the
data from the most interesting mobile phone sensors and Actiwatch activity.
The Actiwatch is medically validated to measure physical activity so an
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Normalized values

Normalized values

interesting question is that if this activity could be recovered using mobile
phone sensors only. For example, in the evening of the first day, there is a
peak in activity measured by Actiwatch, but all other sensors are at zero
except the noise sensor. There are similar moments during the next day and
the morning of third day. This shows the importance of different sensors
that can capture different properties of the surrounding environment. The
noise sensor and the light sensor measure the environment without the phone
being used. Therefore they provide important independent dimensions to the
data.
To the contrary, most phone sensor signals are correlated with each other.
Intuitively one could think that the accelerometer would measure similar
activity as the Actiwatch. Unfortunately, the accelerometer is highly affected
by phone usage, because the phone is more or less in motion when it is being
used. Also, screen-on events and screen touches can be seen to vary together.
Future analysis could also take into account these dependencies. It could be
possible to distinguish between phone usage and other activity related events
by using the screen-on events or screen touches to recognize motion caused
by phone usage.
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Figure 4.11: Signals from different sensors averaged to hourly level.
In the lower panel of Figure 4.11 are shown the battery and light-level
signals from Purple Robot and the Actiwatch. Measured light-level values
are mostly very low and have high peaks which are somewhat correlated
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between the two light sensors. Light sensor signals have high variance which
is difficult to work with so taking a logarithm of the signal could provide less
volatile information. This also makes sense from the biological perspective,
because the human eye adapts to different brightness levels logarithmically
so logarithmic values would capture the experience of a phone user.
The battery sensor can provide useful information about mobility because
when the phone is charging, the owner of the phone is probably not moving
much. Also, not being able to charge the phone throughout the day could
mean being in hurry and possibly in a stressful environment.
Linear dependencies between sensors are quantified in a correlation matrix
in Figure 4.12. Actiwatch and noise are the most correlated signals. Noise
is also correlated with screen-on events and screen touches. This could be
caused by the fact that person needs to be close to the phone when interacting
with it, so possible speech will be measured by the noise sensor. Battery
level is slightly negatively correlated with most other sensors because most
subjects charged their phones at night. Of course higher usage in the daytime
causes more battery drain too.
The correlation between the two light sensors is r = 0.48. They measure
the same property of environment, at least in theory, so one could expect
a higher association. The Actiwatch light sensor probably gives a better
indication of the true brightness of the environment, because the phone is
often held in a pocket or purse which blocks the light. To recover the signal,
a proximity sensor could be used to infer moments when the light sensor
is blocked. Then periods where the sensor is not blocked could be used to
obtain information about the brightness of the environment.
In Section 4.1 the daily sleep durations were estimated for each night.
The data quality was not good enough to enable accurate estimates and this
is often the case with data obtained using mobile phone sensors. A more
robust method for inferring daily rhythms is to average data from a longer
periods to avoid the problems caused by missing data. If the aim of data
analysis is to detect depression, then the loss of resolution by averaging is
not a problem since the clinical state of depression does not change daily but
rather weekly or monthly.
The median values for each hour of the day calculated from the whole
data set for each subject were used to represent the activity. The averages
of daily patterns of all the subjects for different sensors are shown in Figure
4.13. Signals are normalized by their sum to be easily comparable. The most
important finding is that every sensor, except battery level, can capture the
daily rhythm quite similarly.
One interesting difference in the patterns is that at the daytime people
switch on their screen of relatively more often than touch the screen because
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Figure 4.12: Correlations of signals from different sensors. Values are averages over 7 subjects.
using the phone is limited by the working environment. In the morning and
in the evening this relation is other way around. This relation could be maybe
used to measure how work-oriented people are and how well they inhibit the
urge to check the phone, which in quite common in the youth nowadays.
The accelerometer reveals one critical property of our data set. Signals
between subjects are correlated. Many of the subjects have a peak in the
accelerometer and noise signals between 14 and 16. Some of the students
were probably participating in the same courses and had often either break
or a lesson at this time of the day.
The noise sensor follows quite accurately the shape of Actiwatch signal
and screen-on events. If data from a shorter period was used, the differences
would probably be bigger. But the tendency for these sensors to converge to
quite similar pattern is useful information.

CHAPTER 4. RESULTS

39

Only three of the subjects collected data from the Purple Robot light
sensor, making the averages quite noisy. Daily medians have quite similar
shapes as the Actiwatch light sensor, except that the brightness level measured by Purple robot light sensor is higher at the night. This could possible
be result of phone usage at night.
Hourly medians for the probe signals
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Figure 4.13: Hourly medians for different sensors averaged over subjects.
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The differences of subjects can be visually compared using hourly medians, as shown in Figure 4.14. Interestingly, the different rhythm of subject
”SWS” is detected by all the sensors. For battery level, this is not so evident
because one the subjects had a tendency to charge the phone in the morning
whereas others charged it in the evening.
Screen touches have different overall shape, and some of the subjects
have lower frequency of touches at the daytime when people are most likely
studying or working. Touches in the late hours are interesting because mobile
phone usage before sleep affects sleep quality (Exelmans and Van den Bulck,
2016; Gupta et al., 2016).
Accelerometer data collected in this study is quite noisy. This is partly
related to the problem that missing data and phone staying still both lead
to having zero acceleration and there is no way to figure out the difference.
Around the midday and in the afternoon it can be seen that values are
correlated between the subjects, and there are hours where less acceleration
is measured than on others. The reason for this could be that many subjects
participated in the same lessons or did some other activities together such as
having lunch.
The problem of these hourly medians is that infrequent activities at night
might disappear from the data. If the subject sometimes stays up very late
but that happens less than the half of the time, the median will not capture
this occasional night activity at all. On the other hand, the median is more
robust towards outliers, like touching the screen repeatedly or shaking the
phone a lot during one hour. If the regularity of sleep is of interest then more
measures should be used to capture the behavior. For example, the variance
of the data during night-time hours could reveal irregularities.
In order to visualize the similarities of our most interesting sensors, their
hourly median values were scatter plotted. Figure 4.15 shows how hourly
median values are correlated between the sensors. Noise and Actiwatch are
the most correlated (correlation coefficient 0.89) and Screen-on events and
Actiwatch were slightly less correlated (correlation coefficient r = 0.82). This
is relevant information if it is desirable to try to recover physical activity (i.e.
Actiwatch) from mobile phone sensor data. In the long run, the noise sensor
seems to give the the most accurate information of all phone sensors about
the physical daily rhythm.
Actiwatch data has the highest quality because there was no missing
data and the data were collected from all the subjects for 2 weeks. Figure
4.16 below shows the absolute values of activity which reveal the absolute
differences in activity better than the normalized medians presented earlier.
This can be done with sensors that are similar for everyone, such as screen-on
events and battery, but for example the accelerometer and the noise sensor
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have somewhat different scales on different phone models.
The left panel shows how large differences there are between different
subjects. The panel in the middle has the same data ordered from the lowest
to the highest. This removes the effect of different rhythms. The figure shows
two groups in both at the low end and at the high end of the ranked hours.
At the high end, the subjects with lower values tend to be less active in
the daytime. People whose highest values are very high are probably having
some sort of regular practice of sports at the same time of the day, so this
should not be mixed with normal activity. At the low end, the subjects with
the highest values are the ones who have the most irregular sleeping hours.
This method could possibly be used to detect sleep problems, and our data
also showed that people with the highest PHQ and PSS values were in this
irregular sleep group.
In the right panel there is a comparison of lower-than-average and higherthan-average activity medians. This average over all the subjects to show if
there are some common differences in good and bad day but nothing meaningful could not be found. Maximum number of days with both of PHQ
reports and Actiwatch data is 12 in this data set, which makes the medians quite noisy. Nevertheless, this is a good way to search differences on
population level with larger set of data.
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Figure 4.14: Hourly medians for each sensor and each subject.
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Figure 4.15: Scatter plots between hourly medians of different sensors averaged over subjects.
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Figure 4.16: In the left panel are the hourly medians of Actiwatch data for
each of the subjects without normalization. The middle panel has the same
data ordered from the lowest activity to the highest. The right panel contains
averages of hourly medians from the days when sum of PSS and PHQ scores
was higher-than-average and when it was lower-than-average.
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The same comparison method was used for the 8 subjects who had relatively good mobile phone data quality for two more sensors (Figure 4.16).
Differences of low and high PHQ days for Actiwatch, noise sensor and screenon events all show that activity during the night is related to having higher
amount of stress and depression symptoms (PHQ+PSS). Paired t-test with
correction of multiple comparisons did show that this finding is statistically
significant, but it is worth to test this in future studies with a possibly larger
data set.
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Figure 4.17: Averages of hourly medians over the eight subject for three
different sensors. Averages are calculated separately for the days when sum
of PSS and PHQ scores was higher-than-average and when it was lower-thanaverage.
Instead of using only single-sensor data to detect behavioral differences,
one could also focus on their combined effects. Combining different sensors
and variables can provide more accurate information about the environment.
It is different for a person to use the phone in the evening in the dark and
in silence than in a noisy place where lights are on. Also the day of the
week could change interpretations. Phone usage at 1 a.m. on a Monday in
the dark is very different from phone usage in a noisy place at 1 a.m. on a
Saturday.
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The use of combined information to create more dimensions requires more
data because of the curse of dimensionality (Keogh and Mueen, 2011). A
higher number of dimensions can make the data very sparse and cause more
false positive findings and slower convergence of classification algorithms.
Still, the increased accuracy of behavioral and environmental information is
a good enough reason to test the usefulness of extra dimensions, especially
because the problem of detecting mental problems is very challenging. No
sensor alone can explain the high complexity of mental states, but only provide a weak correlate. Depression detectors based on weak correlations would
be likely to cause high numbers of false positives in real life.
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Mobility

Analysing mobility is based on calculating different features from GPS coordinates as was done in previous studies (Canzian and Musolesi, 2015; Ben-Zeev
et al., 2015). Saeb et al. (2015) presented equations for calculating mobility
features that are also used in the analysis of this thesis and therefore this
study is the best comparison for the results. Features were calculated for
each day, using data from that day only (see section 3.3.3). Chosen features
were the total distance, location variance, number of clusters, entropy, entropy normalized by number of clusters, and the total travel time. Features
were calculated on the server, and researchers were provided only the daily
values of these features to preserve the privacy of the participants.
Uni- and bivariate plots using data of all six subjects who probably had
reasonably good GPS data are presented in Figure 4.18. Location variance,
entropy, and normalized entropy are quite normally distributed whereas the
total distance, number of clusters and total time are skewed to right. Taking
the logarithm of skewed values might make them normally distributed which
would be make regression analysis more valid. The variables clearly have
nonlinear dependencies and there are few clear outliers which are a factor
that should be taken into account in future analysis.
Linear Spearman correlation coefficients were calculated between the mobility features and PHQ-values for each participant. Correlations are presented in Figure 4.19. If the total distance traveled was below 1000 meters
or any of the other features were zero, the data from that day were excluded,
because there had obviously been problems with the data collection. The
number of days that had GPS data and evening reports were between 17 and
38, which means that that low absolute correlations are probably caused by
random variability.
The findings were not totally in line with previous studies. The total
transition time was not found to be associated with depression in the study
by Saeb et al. (2015), but in our results two of the subjects have positive
correlation between those variables. Also the association of normalized entropy with PHQ is negative, whereas it was other way around in the above
mentioned study. The negative correlation of location variance and PHQ was
in line with the same study.
It is important to note that in the study by Saeb et al. (2015), associations
of PHQ-9 questionnaire answered before the measurement were compared to
the mobility features that were calculated over the whole measurement period
which was two weeks. Here, we compare daily values. In theory, it is possible
to find opposite correlations with these two different types of approaches.
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Figure 4.18: Histograms of each mobility feature values and bivariate scatter
plots of all different feature pairs.
Correlation analysis showed some signs that mobility features could be
related to depression symptoms. The size of the data set was still too small
for proving any hypothesis regarding dependencies of features and depression.
Also, the quality of the raw location data could not be inspected which is
problematic. For explaining possible association of mental health problems
and mobility, linear models might be too simplified. For example, traveling
long distances or visiting many locations during one day could be considered
exhausting and a negative experience. On the other hand, leaving home
rarely can be part of depression symptoms in some cases. Also with many
other features of mobility, the optimum is somewhere far from extremes,
causing the linear approach to be unsuitable for this problem. Yet, it is the

0.8
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Figure 4.19: Spearman correlation coefficients of daily mobility features and
PHQ scores for each subject.
most popular analysis method in this research area.
Another important factor in mobility is the separation of mandatory and
voluntary traveling. People usually travel to work in the morning and travel
back home late in the afternoon. Therefore, calculating variables separately
for the daytime and evening could provide new meaningful perspectives. One
possibility is to use the same method as was used in section 4.4, where the
daily rhythms were inferred using different mobile phone sensor data by calculating hourly medians. Using the location data, typical mobility patterns
for each period of the day could be calculated.
Main problem in the mobility analysis was that we were not allowed
to access subjects’ raw GPS coordinates in order to check the data quality
and robustness of the mobility features. This would have been very useful
because data quality problems were evident. Nevertheless, we find location
data as the one of the most profound sources of information regarding one’s
behavior. On the other hand, it has privacy issues, since one’s location is
considered sensitive information. Therefore, people might be reluctant to
give permissions for recording such data. Also, in the pilot experiment the
location sensor was found to drain battery very fast in some cases where GPS
was not able to find the current location and kept searching continuously. For
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these reasons, the collection of GPS data needs to be further tested in similar
experiments to gain more knowledge of user experiences and its feasibility
for continuous monitoring.

5. Discussion
5.1

Measuring sleep with ballistocardiographic
sensor

Measuring sleep is a challenging problem, due to its complicated neuronal
and physiological basis. Polysomnography is the gold standard for measuring
sleep, which is used in highly controlled hospital environment. It measures
multiple physiological functions such as respiration, heart rhythm and brain
activity. Thus, many sensors needs to be attached to the subject which can
be an unpleasant experience for a subject and disturb normal sleep. After
the measurement, a specialist interprets the sleep stages from the data, which
makes the method prone to human errors.
Due to the challenges of PSG, an simpler method for measuring sleep
in variety of environments is called for. Ballistocardiography (BCG) has
become a less obtrusive methods in the recent years. The BCG sensor that
was used in the pilot experiment did not require actions from subjects after
the installation.
In this Thesis, we developed an algorithm for detecting sleep using the
BCG sensor. The detection of sleep would be useful because it would provide
a possibility to investigate connection of sleep duration and mental health
problems. Also, if we could detect the time period when the subject was
asleep, we could try to estimate sleep quality for example by detecting deep
sleep phases which are important for mental and physical recovery.

5.1.1

Accuracy of sleep duration estimates

The use of the BCG sensor in natural conditions turned out to be challenging.
In some cases, either the calibration or placement were done wrong by some
of the subjects and therefore data had poor quality, i.e. there were gaps
in HR signal during the night. This suggests that calculating physiological
variables from the raw signal in varying circumstances can be difficult or
50
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in cases impossible. The method developed in this Thesis was not robust
against these problems.
The developed algorithm had two stages: first, each time point was classified either to the sleep or awake state based on the physiological variables
and signal strength. Then the sleep duration was estimated by aggregating
near-by sleep periods and interpreting the longest period as sleep. The algorithm is explained in section 3.2.2. Problems in the measurements might
have caused inaccuracy in both of these stages in the estimation of sleep
duration: single data points might get misclassified in the first stage and
missing data causes errors in the second stage.
As a result, the difference of sleep duration estimates and reported sleep
was 1.2 to 1.6 hours for different methods calculated for the subjects who
had relatively good data. Unsupervised GMM with different variable sets
was slightly worse than the supervised LDA and SVM methods. In the best
case, the average error was 24 minutes which is relatively good estimate.
Some part of the error is probably caused by the inaccuracy of the sleep
reports. This might have also caused the supervised algorithm to learn wrong
aspects from the data, especially with the SVM method, which also uses
interactions of the variables. Since unsupervised methods do not need sleep
reports from the subject, they might still be a viable option in future research.
Sleep duration estimates were also made from mobile phone ambient noise
sensor data using the same algorithm. The error was 1.4 hours on average.
The Philips software estimated sleep duration automatically from the Actiwatch data. It had error of 1 hour on average which is slightly better than the
other methods. Nevertheless, this suggests that trying to match the estimates
with reported sleep durations might be a wrong approach. It is not easy for
the subjects to remember when they have fallen asleep, which makes the
estimates inaccurate. Also people might have multiple sleep periods during
one day, which makes the approach of the pilot experiment invalid because
our questionnaires only asked about the offset and onset of the longest sleep
period.

5.1.2

Suggestions for future analysis and research

The connection of sleep problems and mental disorders cannot be found if
the sleep duration estimates are too inaccurate. The problem might not
be the average error, but rather the high deviations of errors, which were
seen to be up to 10 hours. Also, the importance of sleep for mental health
might lie rather in the quality and stability of sleep than in just its raw
duration. The initial idea in this analysis was to calculate sleep quality
measures for each night, but this was not possible due to the inability to
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detect the actual sleep period. To avoid this problem, we could aim for
detecting long periods of sleep deprivation by averaging data over days or
weeks. Averaging could reveal if the subject has been sleeping or resting at
the same time of the day throughout the measurement period. This kind
of stability could be associated more strongly with mental health problems
than simple sleep duration.
Another way to have more robust analysis is to focus on the signal
strength of the BCG sensor, because it has no missing data as physiological variables do. The signal strength of the BCG was found to carry very
similar information as the activity signal measured by Actiwatch. This means
that the BCG sensor should be able to give as accurate information about
sleep as the Actiwatch does. The focus of the analysis should be more on
trying to detect the amount of rest rather than the amount of sleep because
rest can be more easily detected from the data.
One essential difference between BCG and actigraphy is that the actigraph is attached to the subject at all times while the BCG sensor is not.
Therefore, the BCG sensor has some limitations, such as only being able to
measure the subject when he or she is lying on the bed. In addition, distance
between a subject and the sensor can affect the data and interpretations
about sleep or rest. On the other hand, the BCG sensor is less obtrusive
than an actigraph wristband.

5.2

Monitoring behavior using mobile phone
sensors

5.2.1

Mobile phone sensors reveal daily rhythms and
carry complementary information

The results of this Thesis show that most of the sensors can provide similar
information about daily rhythms, including screen-on events, screen touches,
ambient noise and the accelerometer. They also provide complementary information that can be used to recover a better picture of behavior. For
example, sometimes the ambient noise sensor can detect activity when the
phone is not being used and most other sensors do not detect any activity.
One interesting target would be to recover the actigraph signal from mobile phone sensor signals, since the actigraph is the standard method to
measure physical activity. Unfortunately, the mobile phone is sometimes too
far from the user to detect activity so temporary inaccuracy is unavoidable.
Nevertheless, by averaging data over long periods, information about overall
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daily rhythms can be inferred. We found that the ambient noise signal was
the most correlated signal with Actiwatch activity signal when the two signals were averaged to the hourly level, and also when hourly medians were
calculated to demonstrate a typical daily rhythm.
The light sensor and the accelerometer provided quite noisy data. They
both had a threshold in data collection to avoid excessive amounts of data
to be uploaded to the server but this made daily averages very volatile.
Both sensors were also affected by phone usage. The measured levels of
light and movement increased when the phone was being used. Therefore,
distinguishing activity caused phone usage and physical activity could be
useful in the future analysis of the data from these sensors.
Screen on/off and screen touch sensors give information mostly about
phone usage. With active users, this can be used to find the periods when
the user was probably sleeping but the accuracy of those estimates is highly
dependent on the phone usage habits. On the other hand, the subject is likely
to be awake when the screen is on but we cannot assume that the amount
of screen-on events is proportional to the activity level. The hourly medians
showed an interesting tendency among the subjects to have relatively more
screen touches than screen-on events in the morning and the evening. During
daytime, the normalized number of screen-on events was higher than the
number of screen touches. Subjects had probably been working or studying
and therefore they did not use the phone as much but still kept checking
the phone at times. This phenomenon could be possibly used to detect
different types of situations. For example, a high number of screen touches
versus the number of screen-on events might mean less productive working in
the daytime. Another possibility is to detect usage of social media because
writing with a mobile phone requires lot of screen touches.
The battery sensor was not a good indicator of daily rhythms, since
some subjects charged their phones typically in the morning and some in
the evening. However, a low battery level might be able to indicate that the
subject has been in a place where the phone cannot be charged. The lack
of possibility to charge the phone for a long time could be associated with
having a stressful day.

5.2.2

Daily mobility inferred from GPS coordinates

Analysis of GPS data was limited because raw GPS coordinates were not
given to researchers to preserve the privacy of the subjects. Only the daily
aggregates were available, such as the total distance travelled. Many of these
daily values were zero, which makes one to question the quality of the daily
aggregates. Correlation analysis showed some possible dependencies with the
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depression and stress scores that were partly in line with findings in other
studies. However, the data set was small, had low quality and almost all the
correlations were not statistically significant. Therefore more location data
is needed to able to search for indicators of mental health problems.
In general, location information has interesting information about physical activity and motivation to travel which is promising from the mental
health research perspective. However, location monitoring has several drawbacks. Location coordinates are sensitive information which people prefer
not to share to preserve privacy. The use of GPS sensor has also high battery consumption which makes it less acceptable to the participants. For
these reasons it is not clear if continuous large-scale location monitoring is
feasible with current mobile phone technology.

5.3
5.3.1

Detecting mental health problems
Indicators of mental health problems are hard to
find

No clear signals of mental health problems were found in the collected data
set. Some of the subjects had positive correlation between sleep duration
and the depression questionnaire score but there were no correlations which
would be significant on average over all the subjects. There can be multiple
reasons for these findings.
One critical reason for not finding any indicators of mental health problems is that our subjects were relatively healthy university students whereas
the questionnaires used were designed for screening patients. Questionnaire
scores were skewed to the right and healthy people often obtain very low
values which might not be very meaningful. In addition, correlation analysis
becomes unreliable if values are not normally distributed. These questionnaires and typical correlation analysis would be more valid if they were used
to study patients or if patients and healthy controls would be compared.
Questionnaires were chosen for the experiment based on the validity and the
commonness in the research field so that there would be a possibility to compare results to the results of other studies. One signal of healthiness of the
subjects were that depression scores were not autocorrelated, meaning that
a high score on one day did not predict a high score on the next day. Sleep
duration estimates were slightly negatively autocorrelated which means that
lack of sleep on one night was compensated in the next night. These findings
suggest that there were no long major episodes of depression or insomnia
which would be typical in clinical depression (Ferrari et al., 2013).
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Another reason for low correlations of passive data and questionnaires was
the daily approach of the experiment. Daily oscillations of mental state might
not be caused by anything that can be seen from the data. For example, lack
of sleep on one night because of participating to a party is not likely to
cause depression symptoms. A better way of analyzing the connection of
sleep and depression would be to take into account sleep patterns in a longer
time period. For example, certain sleep properties from the last 10 days
with weights could be used in the analysis. A similar approach was used in
(Canzian and Musolesi, 2015) where mobility data from up to 14 previous
days were used to predict the depression score of the next day. The accuracy
increased by using data from a longer period for the prediction. Similar
methods could not be used with our data set since the measurement period
was too short and there were too many missing data points. In general,
it is important to adjust the questionnaire frequency and duration of data
collection period to match the characteristic properties of the mental disorder
of interest when collecting data for mental health research.

5.3.2

Suggestions for developing better detection methods

Even though it is known that mental health disorders are associated with
behavioral changes, how these changes can be detected is not a trivial question. Only some parts of behavior are captured by the sensors that have
been discussed in this Thesis. It is possible that no sensor alone can ever
reliably correlate with the mental state of a person. For example, insomnia
is known to be connected to depression but there are many reasons to stay
up at night. Therefore we should look for certain combinations of variables
from data that could explain the exact situation we are looking for. Useful
complementary information in this case could be the time of the day, brightness of the environment, level of ambient noise, location and the day of the
week. Being in the dark and in silence on a Monday night can be very different from being in a new noisy place at Saturday night. These combinations
could possibly differentiate between a situation where staying up at night
has a bad influence on mental health and where it has not.
Another important improvement for the models would be not to assume
linear associations between mental health and passively measured data. Even
though this approach is used in most of the studies, it is probably too simplistic. For instance, some traveling and physical activity might be good for
mental health, but there is always a point when too much of something is
too much.
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Digging into deeper understanding of situations and behavior might be
needed in order to find useful indicators of mental health problems. But
adding more dimensions also makes the data sparser and might cause more
false positive findings. Therefore, long measurements and many subjects are
needed for allowing more robust and intelligent methods to be developed and
applied to the data.
Requirements for a successful model would be that it takes into account
both of the individual and general characteristics of the population. General
models could be developed by collecting data from a high number of subjects,
but there is a problem that some people might still be totally different from
the any of the previously seen subjects. In that case, the model needs to
learn the characteristics of the new subject and the indicators for mental
health issues in this particular case. Such a method was used for detecting
sleep by Cuttone et al. (2016) using Bayesian models. The possible lack of
general indicators might mean that every new subject or patient needs to
be tracked for months for creating an individual model for detecting mental
health problems.
Another requirement for a model is that it should be relatively transparent. If a doctor would use it as an aid for diagnoses, the doctor would need
to know what the characteristics in the data are that have indicated mental disorder symptoms. Therefore, black-box methods such as some neural
networks algorithms can be ruled out.

6. Summary
The aim of this Master’s Thesis was to provide relevant knowledge about
feasibility of monitoring human behavior with sensors and to evaluate their
suitability for studying mental health problems. We presented analysis methods for signals from BCG sensors and mobile phone sensors. Sleep duration
for each night was estimated from BCG sensor data with both unsupervised
and supervised methods. For mobile phone data, methods that use daily
medians for each hour were suggested to be used in future studies. Also, the
existence of possible simple linear dependencies between the most promising
variables and mental health reports was tested for. Results of the analysis
suggest that daily data from any single sensor or questionnaire might be
too noisy to reliably indicate mental health issues. Therefore, longer-term
averages and combinations of different sensors should be used in search of
behavioral patterns that relate to mental problems. For that purpose, more
data with better quality need to be collected and we recommend measuring
both healthy subjects and mental health patients for ensuring the validity of
the findings.
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A. Questionnaires
A.1

Morning questionnaires

The morning questionnaire had 14 questions which were the following.
1. At what time did you go to bed last night?
2. When did you approximately fall asleep?
3. After falling asleep, about how many times
did you wake up during the night?
4. If you woke up, what was the reason?
5. If you woke up, for how long were you awake
during the night in total?
6. At what time did you finally wake up?
7. At what time did you get up?
8. Have you finally woken up naturally or were you woken up
by something else (e.g. alarm)? Options: naturally/something else.
9. Did you have nightmares?
10. Do you remember your last dream?
11. How pleased are you with the length of the sleep? Scale: 1-5.
12. How would you rate the quality (not quantity)
of your sleep last night? Scale: 1-5.
13. How fatigued do you feel yourself at the moment? Scale: 1-5.
14. Did you sleep alone?
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Evening questionnaires

The table below lists the original questionnaires where questions were picked
for the experiment and the features which they measure, and what were the
numbers of the questions that were asked.
Original questionnaire

Feature

Questions asked

PHQ-9

Depression

1,2,4,6

GAD-7

Anxiety

1,4,6

PSS

Stress

1,2,3,7

ASRS

Attention

2,3,4

CFQ

Executive
functions

11,16,19,21,24

Questions used in the experiment were modified from the original questionnaires to match the research questions students had designed on the Life
Science Technology project course. Questions and options are listed below
in three parts which had different answer options.
Part 1 answer options:
1.
2.
3.
4.

Not at all
Less than half of the day
More than half of the day
Almost through out all day

Part 1 questions:
PHQ questionnaire
Today, how often have you felt
or pleasure in doing things?
Today, how often have you felt
Today, how often have you felt
Today, how often have you felt
- or that you are a failure or

little interest
down, depressed, or hopeless?
tired or having little energy?
bad about yourself?
have let yourself or your family down?

APPENDIX A. QUESTIONNAIRES

68

GAD questionnaire
Today,
Today,
Today,
Today,

how
how
how
how

often
often
often
often

have
have
have
have

you
you
you
you

felt nervous, anxious, or on edge?
not been able to stop or control worrying?
had trouble relaxing?
become easily annoyed or irritable?

Part 2 answer options:
1.
2.
3.
4.
5.

Not at all
Seldom
Somewhat
Considerably
Most of the day

Part 2 questions:
ASRS questionnaire
Today, how often have you had difficulty getting things in
order when you have to do a task that requires organization?
Today, how often have you had problems remembering
appointments or obligations?
Today, how often have you avoided or delayed getting
started a task when it requires a lot of thought?
Today, how often have you been upset because of
something that happened unexpectedly?
PSS questionnaire
Today, how often have you felt that you were unable
to control the important things in your life?
Today, how often have you felt nervous and "stressed"?
Today, how often have you not been able to control
irritations in your life?
CFQ questionnaire
Today, how often have you left important letters
unanswered for days?
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Today, how often have you had trouble remembering
things (appointments, tasks, etc.)?
Today, how often have you daydreamed when you were
working/studying?
Today, how often have you not accurately estimated
how long a task will take to complete?
Today, how often have you considered you were clumsy?
Today, how often have you procrastinated or delayed
a task that you considered important?

Part 3 Questions and options:
How many cups of coffee, and/or tea (black or green)
did you have today?
Options:0,1,2,3,4,5 or more
If you have enjoyed any caffeine drinks (coffee black tea,
energy drink),when did you drink the last cup?
[HH:MM]
How many units of alcohol have you consumed today?
(One unit is 33cl beer, 12cl wine or 4cl vodka/equivalent):
Options: 0,1,2,3,4,5 or more
Did you have physical exercise during the day?
Options:
0. not at all
1. yes, low intensity physical activity (Low heart rate)
2. Yes, moderate-intensity physical activity (Moderate heart rate)
3. Yes, high-intensity physical acitivity (High heart rate)
How long were your naps today?
[HH:MM]

