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ABSTRACT 

Mobile devices are increasingly used for self-monitoring in areas of health, mood, and 
exercise tracking. The capabilities of modern devices also enable automation of this 
monitoring on a brand new scale. This thesis outlines the design, implementation, and 
evaluation via two-month long deployment of a system aimed to help both individual 
users and researchers to efficiently gather self-reported data. The name of the 
presented system is LifeTracker. 
 

LifeTracker is a two-tier system consisting of an Android application, used to gather 
data for personal or academic use, and a web dashboard, used to define parameters for 
studies. The main focus of the application is a novel input mechanism for self-reported 
data, leveraging notification popups as reactive input methods, that are presented to 
the user at opportune times. The thesis explains the design process of the system in 
detail in terms of use cases, requirements, and interface wireframes and the 
implementation process for both the web dashboard as well as the Android application. 
The Android application is evaluated in terms of usability and data gathering efficiency 
using interviews and the Standard Usability Survey. We also perform quantitative 
analysis of the machine learning classifiers used to predict user interruptibility. 

 
The results of the deployment show that users with prior experience with life logging 

applications appreciate the novel input mechanism and its strengths. Predicting user 
interruptibility can be performed at a reasonable rate, still considering personal 
variance of each individual. 

 
Keywords: Self reporting, smartphone, data gathering, interruptibility, usability, 
application development 
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TIIVISTELMÄ 

Mobiililaitteita käytetään suurenevissa määrin henkilökohtaisen terveyden, 
mielentilan ja fyysisten aktiviteettien seuraamiseen. Modernien laitteiden 
suorituskykykapasiteetti sallii myös tämänkaltaisen seurannan automatisoinnin. Tämä 
diplomityö hahmottaa suunnittelun, toteutuksen ja arvioinnin kahden kuukauden 
mittaisen käyttöönoton avulla järjestelmälle, jonka tarkoitus on auttaa yksittäisiä 
käyttäjiä ja tutkijoita keräämään tämänkaltaista seuraamistietoa. Työssä esitetyn 
järjestelmän nimi on LifeTracker. 

 
LifeTracker on kaksitasoinen järjestelmä, joka sisältää Android applikaation, jota 

käytetään tiedon keräämiseen henkilökohtaiseen ja tutkimuskäyttöön, ja Web-
käyttöliittymän, jota käytetään tutkimusten parametrien määrittelemiseen. 
Applikaation fokus on uudenlaisessa syöttömekanismissä seurantatiedolle, joka 
käyttää ponnahdusikkunoita reaktiivisena syöttömekanisminä, jotka esitetään 
käyttäjille sopivina aikoina. Työ selittää järjestelmän suunnittelun yksityiskohtaisesti 
käyttötapausten, vaatimusmäärittelyn ja käyttöliittymämallien avulla, ja toteutuksen 
sekä Web-käyttöliittymälle ja Android applikaatiolle. Android applikaatio arvioidaan 
käytettävyyden ja tiedonkeruun tehokkuuden suhteen käyttäen käyttäjähaastatteluja ja 
SUS –menetelmää. Suoritamme myös kvantitatiivisen analyysin 
koneoppimismalleista, joita käytetään käyttäjän keskeyttämisen ennakoimiseen. 

 
Käyttöönoton tulokset kertovat, että käyttäjät joilla on aikaisempaa kokemusta 

elämänhallintasovellusten kanssa ymmärtävät uudenlaisen syöttömekanismin edut ja 
vahvuudet. Käyttäjän keskeyttäminen voidaan myös ennakoida riittävällä 
tarkkuudella, ottaen huomioon muutokset yksittäisten käyttäjien välillä. 
 
Avainsanat: Itseraportointi, älypuhelin, tiedonkeruu, keskeyttäminen, 
käytettävyys, sovelluskehitys 
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1.  INTRODUCTION 
 
The rise of accessibility for internet access and the quality in mobile devices [36], 
processing power, and other features such as embedded sensors [19], have created new 
markets that were not possible before. Self-monitoring apps and devices are widely 
used by professionals [50] and ordinary people [25] for tracking one’s fitness [32], 
health [9], or daily activities [44]. In a similar fashion, the rise of Internet and concepts 
such as Internet-of-Things (IoT) have given new possibilities to data gathering and 
tracking. They allow systems to perform these tasks on a level of automation not 
possible before and on a whole new scale [14]. 
 
The purpose of this thesis is to specify the requirements and implement an application 
for tracking e.g. symptoms, using dynamic templates based on existing conditions or 
diseases and are used to track varying symptoms and factors in the personal lives of 
the users. Data gathering is semi-autonomous relying on user input for mediation and 
disambiguation. The main goal of the thesis is to build a system that satisfies the needs 
of both an independent user of the application as well as a researcher analysing the 
gathered data. The main problem the thesis aims to solve is to sufficiently satisfy the 
needs of all stakeholders. 

 
Majority of the new commercial products are some form of fitness or health trackers 

for personal use [25]. Generally, the aim of such applications is to inspire the user to, 
for example, work out and offer workout routines and tips. The applications also make 
use of the built-in sensors or use external sensors to track values like heartbeats per 
minute. For the most part, the problem with these types of solutions is the fact that, 
similarly to traditional solutions, they still rely on the user’s motivation to and 
resemblance to be useful [38]. The upside is that the data these applications offer is 
more accurate and there is simply more of it, and this increase in both quality and 
quantity can have a positive impact on both the user experience and the benefits that 
the application can offer. 

 
For more academic or professional purposes, mobile devices are also used to track 

personal health or symptoms [30] (tracker applications) or as tools for writing down 
lab results or symptoms based on Electronic Data Capture (EDC) and Clinical Data 
Management System (CDMS) solutions. The range of automation for such systems 
ranges from fully user input reliable [6] to fully automated solutions [18]. 

 
The name of the system presented on this thesis is LifeTracker. LifeTracker consists 

of a web dashboard for researchers to define studies (referenced to as “schemas”), and 
an Android application used for data gathering for study participants or individual 
users. Although the purpose of the LifeTracker application explained in this thesis is 
to be versatile and expandable as the system is built around different types of schemas 
for different situations and illnesses, three such schemas are introduced in the initial 
test run of the application. These schemas focus on: 
 

1.  Tracking respiratory symptoms for illnesses and situations such as flu or 
common cold. 

2.  Workout related symptoms such as workout fatigue and related factors.  
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3.  Generic mood tracking using the activeness-pleasure circumplex mood 
model.  

 
The LifeTracker application was evaluated by assessing the impact it has on data 

gathering, amount and quality of the data gathered, and the user experience using 
traditional usability methods such as SUS and interviews. The application was also 
evaluated with a two-month long field deployment with 48 participants. 
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2.  RELATED WORK 
 
 
According to the latest Mobile Health report [22] on smartphone use, 52% of 
smartphone owners use their devices to look for health information and 19% gather 
personal health information on their phones. This number goes even higher when 
taken into account the users who use their smartphones to gather recreational data, 
such as tracking their fitness performance or diet. 

 
Tracking symptoms and one’s personal health is not on the top of the list for popular 

mobile applications, but has its own niche nonetheless. Traditionally, most 
applications in this application space are focused on personal use. However, many 
medical research topics could vastly benefit from a well implemented method or 
application that allows this type of data gathering as long as the implementation is 
done according to all stakeholder’s requirements [45].   

 
The usage of electronic methods to gather health information is not new, but has 

faced several difficulties along the way. The applications doing this can be generally 
grouped under the term Clinical Data Management Systems (CDMC), which in short 
allow gathering and sharing of medical data in an electronic form inside an 
implemented system. However, for researchers, majority of the data gathering is still 
done by paper and other traditional means. This has a huge impact on the processing 
and gathering time of the data compared to using more agile and effective methods 
and enabling the computing power of modern devices. 

 
This thesis also aims to look at the user experience related problems life-logging 

applications often suffer from, such as retaining continuous user engagement and 
interaction, and verifying the continuous gathering of data of good quality.  

 
In the following sections, the topics and problems presented earlier are explained 

and discussed in more detail. 

2.1.  Symptom trackers 

Typical to all types of applications, mobile app stores are full of applications designed 
to track different symptoms. Most are, however, aimed at individual users and for their 
own personal use. For iOS, the majority of the applications are aimed towards female 
health tracking, such as tracking menstrual periods or state of the pregnancy. Only a 
handful of applications were specifically designed to track multitude of symptoms. 

 
So the area of using individual mobile devices for EDC and expanding the area of 

personal symptom tracking into more medical or research-focused direction is still left 
somewhat unexplored. The proof of concept for moving the data gathering process 
from paper to electronic format is strong as stated by Koo et al. [31].  

 
In the following section some hand-picked web, mobile and integrated applications 

for symptom tracking are presented in detail. 
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2.1.1.  WebMD 

WebMD is an American corporation that specializes on providing health news, advice 
and expertise on an online platform as well as traditional mediums such as magazines. 
It is the leading health portal and information site in the United States. WebMD also 
has a symptom checker [53] application that allows users to insert and store and view 
their symptoms. 
 

The application also offers wide range of possible conditions and probabilities 
associated with the given symptoms. The symptoms are inserted using a human model 
with detailed outer body regions and a selection of different symptoms which are either 
generic or region-specific. Some symptoms also contain more detailed information and 
use reference pictures to make the description process easier for the user. Each of the 
conditions offers a link to a page with more comprehensive information on the specific 
condition and its severity. 

2.1.2.  Isabel 

Isabel Healthcare is an organization that focuses on improving the speed and accuracy 
of patient care. On their website they provide a tool, called Isabel [28], for verifying 
and double-checking diagnoses based on inputted symptoms. The company functions 
world-wide. Their provided system is mostly aimed and used by medical professionals 
for getting assistance in making diagnoses or reassuring on a particular diagnosis. The 
system is web-based and can be integrated with EMR (Electronic Medical Record) 
solutions. 

 
The interface for inserting symptoms is very limited and for a non-English speaker 

it can be very difficult to start. The symptoms are inserted in plain text and only help 
the user gets is predicting typing, but occasionally finding the correct symptom could 
be difficult. Based on the inserted symptoms, the system can perform a search of 
possible diagnoses. Diagnoses are listed by their causes or types, such as psychological 
or nerve-based diseases or conditions or diseases caused by toxic environments or 
exposure to different agents. Each diagnosis can be flagged as a common condition, 
normal, or red flagged, which means severe condition that requires more investigation. 
Each diagnosis also contains a link to more information. Sadly, some of the links are 
very generic and link to i.e. Wikipedia pages. Isabel also offers an Android application, 
which contains the exact same functionality as the web application. Lastly, there is no 
way for the user to store symptoms or actually track previous symptoms. The tool is 
focused solely on detailed and comprehensive symptom checking and verification. 

2.1.3.  BEAT 

Ovacome is an UK based ovarian cancer support charity. They provide a tool for 
tracking possible ovarian cancer symptoms called BEAT [8]. The symptoms 
themselves are very common so the purpose of the tool is to track them and them with 
the help of a medical professional define how important the symptoms are what the 
likely cause is. 
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Inputting the symptoms is done by going through forms with a dropdown selection 
for the level of the severity of the symptom (ranging from mild to severe) and the 
length of the symptom (ranging from less than week to more than six months). The 
symptoms are first inputted to setup the service and then the user can register an email 
address to keep tracking the symptoms and to receive bi-weekly reminders to track the 
symptoms. The system is simple to use but by itself it offers a personal user from very 
little to no information on the symptoms and possible causes. As far as this thesis is 
concerned, it’s mostly an analysis on the different symptom input methods. 

2.1.4.  Medical Avatar Visual Symptom Tracking 

Medical Avatar LLC is a New York based company that develops and sells their own 
mobile apps focused on describing symptoms. Their apps are personalisable and 
customizable to the client’s needs.  

 
Their flagship product [37] is a visual symptom tracking application that allows the 

user to pinpoint and describe the symptom using a three-dimensional graphical UI that 
not only allows the input of the general location but also visualizes the general location 
of organs and non-visible body parts. The symptoms can be categorized by the shape 
of the icon and the scale of severity can be added to each symptom. Users can also add 
and modify notes for each symptom. A timeline shows shows the past symptoms and 
their severity and can be explored. Their other products focus on using similar 3D 
interfaces and include fitness trackers and similar products. They also have an option 
to scan an anatomically correct version of you to be used in your personalized 
application. 

2.1.5.  LifeShirt 

A research group conducted an experiment using a wearable vest, the LifeShirt [54], 
that monitors the user’s respiratory, cardiovascular metabolic and motoric responses. 
The data is saved in a device that is integrated in the vest for further analysis. The 
analysis is done using advanced algorithms and analysis tools to see how different 
natural situations affect the test subject, e.g. how respiratory patterns change when 
giving presentations. The user can also input diary entries, such as feelings and other 
psychological symptoms he might have. 

 
Each of the tracked data areas is very complex and is multidimensional in nature, 

such as the respiratory mechanism, which consists of measurable volume, timing and 
shape characteristics of the breathing. The combination of all the measured data areas 
result in a comprehensive analysis of the subject. A comprehensive explanation of each 
sensor and the experiment as a whole can be read on the original research paper. 

 
The LifeShirt experiment shows how automated data gathering of series of seemingly 
normal or unrelated values can lead to very accurate analysis and also how effortlessly 
these types of data gathering can be performed in real-time using modern technology. 
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2.1.6.  Symple 

Of the several possible symptom tracker applications, Symple [49] was selected for 
further examination because of its similarities with the initial concept of this thesis. 
Symple is developed for iOS devices and sold in the iOS App Store. It has a free 
version that has some limitations (no visualizations or graphs or your gathered data) 
as well as a paid version that includes all the functionalities. 

 
Symple tracks both symptoms and factors. When launching the app for the first time, 

the user selects what symptoms and factors he wishes to track (creates a schema of 
sorts) and can then start inputting the values using a simple interface. Each day is split 
into four time windows roughly representing different times of day. Each symptom 
also has five different levels of severity. Each factor can be inputted once per day. The 
factors are set as Boolean values and usually contain the level of severity in the factor, 
e.g. “Exercise - heavy”. The user can set up reminders and alerts for himself to more 
accurately and frequently keep track of the symptoms. Symple also supports backing 
the data on their server and exporting the data in CSV format. For the paid version, the 
app also includes visualizations and graphs of the tracked data.   

 
Symple resembles the thesis subject in many ways, from the input methods to the 

concept of the app. Not only tracking the symptoms themselves, but tracking the 
factors that could be the cause of the symptoms as well, or vice versa, is very important 
part of the process. 

2.1.7.  Ginger.io 

Ginger.io [24] is a sensor-focused application for Android and iPhone mobile devices 
that focuses on background tracking on the mobile sensors. It is used by medical 
professionals as an additional tool to track patient behaviour and changes in the 
behaviour. It does not do any symptom tracking and solely functions as a background 
data gatherer. 

2.1.8.  Empath 

In [18], the researchers developed a home-monitoring system called Empath, that 
tracked the behaviour and psychological aspects of the test subjects and analysed them 
from multiple stakeholders’ viewpoints, including the patients themselves, their 
families, caregivers and medical personnel such as therapists and physicians.  

 
Several sensors were installed inside the patient’s home and an iPhone application 

was used to send alerts or reminders to the user. The three main aspects monitored 
were sleep monitoring, weight monitoring and activity monitoring. They proved that 
sensor-based monitoring can be an objective tool in medical research. 

2.1.9.  Apple ResearchKit 

The ResearchKit [4], developed as an open-source project by Apple, is a framework 
that allows the development of applications for medical research that gather data using 
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sensors and surveys. It works in parallel to Apple’s HealthKit, which is designed to 
allow data sharing between applications that use HealthKit. ResearchKit is already 
being used to track factors from multifactorial diseases, such as diabetes, asthma and 
Parkinson’s disease. 

2.1.10. Comparison 

The different types of symptom trackers explained in more detail are compared by 
using the following characteristics of the application or solution: 

 
•  Symptom description simple/complex: In what way can the user describe his/her 

symptoms and the complexity of the input method. Simple is text based and 
complex is a graphical interface; 

•  Diagnoses: Does the application offer a diagnosis based on the inserted 
symptoms; 

•  Factor tracking: Does the application support tracking different factors that 
might affect the symptoms and the frequency or severity of the symptoms; 

•  Automated symptom/factor tracking: Does the application contain automated 
methods for gathering or offering symptom or factor tracking data; 

•  Mobile application: Does the application reside on a mobile platform opposed 
to e.g. web application; 

•  Data gathered limited/extensive: The amount of data gathered by the application. 
Limited equals small amounts of data, mostly from user inputs. Extensive equals 
large amounts of data, possibly from external sensors; 

•  Reminders: Does the application offer the option to remind the user to log 
symptoms or factors; 

•  Data visualization: Does the application offer the possibility to view the 
gathered data using some visualization method. 

 
The results are presented in Table 1. 
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Table 1: Comparison of different symptom tracking implementations. 

2.2.  CDMS – Clinical Data Management Systems 

From as far as 1960’s, medical industry has slowly but surely proceeded from storing 
patient information, test results and measurements from paper to electronic storage. 
The motivation is clear as electronic means are faster and more efficient in handling 
large amounts of data. Processing queries on computers was significantly faster than 
doing them by hand, reducing the processing time from 5-8 days to 15 minutes [54]. 
The migration has not been completely problem-free, however, since both 
technological and psychological issues have had an impact in deploying systems 
successfully. 

 
One example of a CDMS application is OpenClinica [39], an open-source clinical 

trial software. It runs in your web browser so there are no requirements from the user 
outside of having a user account within the system. It is built to support existing 
standards, such as CDISC [15], and being open-source is very transparent. Most of the 
clinical standards follow the Study Data Tabulation Model1 (SDTM) that defines a 
standard structure for human clinical trial (study) data tabulations and for nonclinical 

                                                
1 www.cdisc.org/sdtm 

 WebMD Isabel BEAT Medical Avatar LifeShirt Symple ginger.io Empath 
Research 

Kit 

Symptom 
description – 
simple 

 • •  • •    

Symptom 
description – 
complex 

•   •      

Diagnoses • •        

Factor 
tracking 

    ~ • • • • 

Automated 
symptom 
tracking 

    •     

Automated 
factor tracking 

    ~  • • • 

Mobile 
application 

 •  •  • • ~ • 

Data gathered 
– limited 

•  • •  •    

Data gathered 
– extensive 

    •  • • • 

Reminders   •   • • •  

Data visualization   • • • •   • 
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study data tabulations. According to OpenClinica website, OpenClinica has been used 
successfully for studies ranging from 10 to 100,000 patients. 

 
Clinical Data Management as a concept is very broad and systems are generally 

large and comprehensive. So how is this relevant to a small-scale app such as the one 
presented in this thesis? You could think of an CDMS platform or system as a network 
of distributed nodes (desktop or mobile applications) connected to a central server or 
servers where the data is stored. Local copies only exist in cache or buffer.  

 
In a similar fashion, you could extend a single personal application into a network 

of applications all collecting similar data for a broader use than just for your personal 
information. A researcher could ask participants to simply install an app and track their 
own symptoms and behaviour over a period of time and then gather the results. You 
could even extend the service to upload new results daily. Several research platforms 
for recording sensor data from mobile devices for this type of research already exist, 
such as AWARE [19]. 

 
So with this in mind, we can deduct that this project has similarities in both its potential 
and its challenges with more traditional CDMS solutions.  

2.2.1.  EDC – Electronic Data Capture 

Compared to the traditional paper input, electronic data capture is a method where the 
data inputs are inserted using an electronic input device such as a tabletop computer, 
laptop or other portable device or a device containing one or more sensors that track 
the data. 

 
The main strengths of EDC compared to paper methods are: 

•  Speed: inputting data is faster, data is instantly viewable as its inputted and 
stored into a database. 

•  Data validity: Correctly formatted inputs normalize the data in a way that 
causes very few instances of erroneous data points. 

•  Data assurance: Missing data points or inputs that require double-checking 
or clarification are almost non-existent when using EDC. 

 
Other strengths include cheaper price and highly reduced amounts of repeated 

queries. [Comparison of electronic data]. Another strength, although somewhat 
complicated, is the scalability of an EDC system. With reduced processing speed and 
and factors such as storage space, an EDC system can be scaled into much larger 
amounts than paper versions of same surveys or queries. The early reluctance to adapt 
into EDC systems were due to poorly designed systems that lacked true scalability [5]. 
Even though adapting an EDC system can take awhile for it to be fully functional, it 
has been shown that after a short introductory period, electronic data capture can be 
more time effective than the paper-based method. 

 
Some problem areas in EDC implementations are normalizing the inputs to follow 

error-proof methods. Often this means selecting input types, such as multi-choice 
options, that are more error-proof than, for instance, free text inputs or date inputs [52]. 
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Also, as the case is with any information system, any issues the user’s have in 
migrating into using an EDC system have to be taken into consideration when 
implementing such a system.  

 
According to Medidata’s 2010 white paper [13], the clinical data industry has seen a 
major shift away from paper in the last decade. Between 2005 and 2012, the amount 
of trials using EDC rose from 24 percent to 75 percent. This meant a rough yearly 
increase of 15 percent as more and more companies and facilities move to use 
electronic data capturing as the main method. 

2.2.2.  Challenges in CDMS Development 

Based on previous work [5,52], there are some common pitfalls and problems one 
should address when designing a functioning CDMS. The input method(s) should be 
carefully considered for each input to limit the amount of erroneous inputs as well as 
provide the system in general normalized data so that it can be easily compared, shared 
and used between different elements of the system. 

Other major problem has been the reluctance at which organizations implement full 
data management systems. The strengths and values of such systems have to be proven 
to the organizations. 

2.2.2.1.  Describing Symptoms 

Whether you as the patient are inputting your symptoms or you’re describing them to 
your doctor, the input methods should not vary depending on the symptom. For this 
purpose, some generalized input method that follows the medical standards, should be 
implemented. The problems in this are that you need a method that is simple enough, 
to minimize the errors and retain the general effectiveness of EDC, yet complex 
enough for it to be generalizable for wide range of symptoms. Naturally, the input 
methods do not have to be limited to strictly one input method. 

2.2.2.2.  Proving the Method 

For an experienced doctor or other user of a paper-based method, the transition from 
the old method to a modern one, could be seen as problematic. This experience is also 
invaluable to the developer, since it provides a lot of insight on how to implement the 
CDMS to both emulate and enhance the existing way in the most efficient way. This 
reluctance is not as big problem as it was in the early adopter-phase, but with updates 
and new systems, it could also arise when moving from one CDMS to another, more 
advanced system. 

2.3.  Focus on Usability 

Proactive data gathering, such as symptom tracking, often relies on user input and 
thus it is imperative to make the user experience positive and the user interface as 
usable as possible. Most issues in the area of life-logging applications are successfully 
engaging the user and collecting the data that is both of good quality and quantity.  
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Data can also be gathered using reactive means by prompting the user for an input 

at opportune times. These types of prompts are generally referred as notifications or 
popups. With reactive methods, the correct timing of these input prompts, and 
interfaces that allow fast data inputting, are crucial. Past research has emphasized the 
importance of breakpoints [27], breaks when user transitions from one activity (e.g. 
application) to another, as the best moment to get a response from the user.  

 
Another efficient way to decipher user availability is to use sensor data from the 

mobile device [43], Poppinga et al. listed variables such as time of day, device posture 
and proximity as the best identicators for user availability. Using machine-learning 
methods, one could create a simple generalized model to follow on when to prompt 
the user with notifications or popups. This model is, however, relatively simple and 
more complex model with greater amount of variables should be considered. 

2.3.1.  Problems of User Engagement 

A common critique of activity and symptom trackers is that they are unable to sustain 
user-tracking over long periods [25,29,51]. Recent research shows that user motivation 
and app usage can be affected by enabling novel interaction with the user, but this does 
not necessarily lead to longer application lifetimes [25]. Fritz et al. studied the effects 
of long-term usage of life-logging applications [23] and report that applications that 
require more effort from the users are less likely to be successfully adopted and suffer 
from diminished application lifetimes [2]. The issue of applications being discarded is 
non-trivial, as the concept of quantified self relies on continuous tracking [48], and 
individuals are quick to return to their old habits once self-monitoring ceases [29]. 

2.3.2.  Engagement Methods for Life-logging Applications 

Some presented motivational methods that can be considered in the context of activity 
tracking are [38]: 
 

•  Goal-setting: Presenting the user with reasonable goals gives the user self-
provided positive feedback as well a motivates the user by giving a measure 
of success. 

•  Rewards: Rewards are another method to give user positive feedback by 
means of simple congratulatory messages or icons, or through more complex 
reward systems. 

•  Increased self-monitoring: Reminding the user of goals by visualizing 
progress, giving performance feedback, and offering reminders. 

•  Exploitation of social influence: Sharing the progress using social media 
or other social contexts. Users can be also influenced by social pressure. 

 
These methods can be particular relevant in order to engage users when gathering 
information on personal thoughts, mood, or other information that cannot be inferred 
from sensor readings. In these circumstances the Experience Sampling Method [34] is 
often utilized. Due to its nature, both the ESM and traditional surveys can be seen as 
reactive data capture methods - the user responds to a prompt to input data [17]. Self-
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reporting, in general, is a method where the data is logged by the user using the user’s 
own estimation of the situation. According to Abernethy et al. [1], data gathered using 
self-reports meets the requirements for research-quality data. Similar findings were 
presented by a study that compared clinician and patient survey answers from cancer 
symptom surveys [7]. 

2.3.3. Data Collection Methods 

The collection of data on mobile devices can be roughly split in two different 
categories; automated collection, through the use of sensors or logging (e.g., 
accelerometer, GPS, application usage) [33], or through active contributions by human 
participants (e.g., using ESM [34]). A combination of sensor collected and user 
contributed data can act complementary to each other [3,41]. Mobile sensors can be 
used to measure various aspects of the user’s context with more speed and precision 
than possible by a human user [33], yet are often unable to construct a reliable picture 
of a person’s cognitive state.  

 
Through the collection of human input data, it is possible to construct such a picture 

- effectively using the human participant as a sensor. While the data provided through 
active human input can be of great value, employing users to input data during their 
daily routines requires a considerate approach against overburden [46]. Besides What 

to ask and how to ask, when to ask and how to interrupt are parameters that have a 
large effect on the collected data [16]. Properly predicting user’s interruptibility is a 
key advantage, for both applications for personal and research use, which we can 
leverage by using the capabilities of mobile devices and machine learning models. 
Other issue of improperly timed prompts is the inaccuracy of the user recalling past 
events [10], which can lower data quality. 

2.3.4.  Attention Management 

 

The field of interruptibility research aims to determine a user’s availability, readiness, 
and interest in a given content element [21]. Social cues usually allow humans to 
successfully assess a person’s level of interruptibility. Fogarty et al. already 
established in 2005 that relatively simple sensors can be used to successfully construct 
a model on a person’s interruptibility. However, these sensors are required to be 
installed in the environment of the user, for example to detect a conversation is taking 
place, and are therefore not suitable for a mobile setting. 

 
More recently, the interruptibility of people has been assessed by analysing mobile 

phone sensor data in combination with machine learning models. The data derived 
from a user’s device ranges from low-level sensor data (e.g. device posture, 
acceleration sensor [43]) to more high-level data such as application usage patterns or 
location data [41]. Based on the data from these selected features, predictions can be 
made about the user’s availability and readiness to receive notifications or input 
prompts. The impact of successful estimations has a positive effect on time 
management and task efficiency [27].  
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Previous research relied on machine learning models such as Random Forests [11] 
or C4.5 to predict user interruptibility. For these models, researchers generally use 
similar classifier features. Poppinga et al. [43] explored correlation between different 
phone sensors and user interruptibility, stating that time of day and screen coverage 
are good predictors. 

 
Pielot [40] analysed the availability of mobile phone users to accept incoming calls 

using a variety of contextual data (e.g., physical activity, screen status, day of the 
week) in addition to the previously mentioned hardware sensors. These features are 
able to construct the user’s personal preferences in more detail than generic hardware 
sensor readings. When analysing the user’s level of boredom [42], additional measures 
were analysed to obtain an even higher degree of user context: audio jack state, 
airplane mode status, network activity, screen orientation, and current foreground 
application. Overall, the importance of the different features in different studies did 
not vary, but the requirements of the implementation should be taken into 
consideration when selecting the features. Additionally, as presented by Brown et al. 
[12], mobile devices can be used for numerous different purposes and in numerous 
different ways. Thus, each user must be considered as an individual and no broad 
generalisations about the model’s accuracy should be made. Similar models can also 
be constructed to predict interruptibility, which could be used to lessen the burden 
caused to the user from ill-timed popup notifications. 

 
Because of factors previously mentioned, a personalized model with more 

underlying factors should be considered. Factors such as time of day vary based on a 
person’s daily routines and work hours. Also other, unmentioned factors, such as the 
device usage context or physical activity also likely have an impact on the desirability 
of a notification.  

2.3.4.1.  Notifications 

Notifications are naturally disruptive and distractive [46]. The methods by Leiva et al. 
[35] can begin to overcome the distractive nature of notifications. Users place value 
on receiving notifications, as long the sources are of importance to them. Shirazi et al. 
conducted a large-scale assessment of mobile notifications and report that users value 
notifications from different types of sources differently, messages and notifications 
about people and events are generally considered important. Users generally do not 
want to see many of the notifications they receive, e.g. actions they initiated 
themselves or notifications about system events, yet many applications still generate 
these types of notifications. However, the purpose of smartphones has shifted away 
from simple messaging and news-reading. This should be considered [25] in when and 
how to present notifications from other, equally important, sources. 

2.4.  Contributions 

Based on this previous research, in this thesis a life-logging application (LifeTracker) 
leveraging a notification management system is proposed, that takes into account 
generalized initial preferences, but more importantly includes constantly improving 

personalized model for each user. The model follows the user’s preferences on 
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answering and reading notifications and evolves based on the user’s input. Input 
prompts are presented to the user at opportune times, with simple inputs that are fast 
for the user to fill in or dismiss, based on the contextual preference. For each type of 
symptom or factor tracked, the researcher or user can define the repetition window, 
whether he or she wants to track the data hourly, daily or less often. Personalized 
models are generated inside the application using machine learning algorithms. 

 
Another point that is proposed is the focus on scientific data gathering. Instead of 

implementing a stand-alone symptom tracker, a more robust system is designed and 
implemented that allows researchers as well as individual users to run freely defined 
studies where there are no limitations on what symptoms or factors they wish to track 
outside of the limitations of input methods. The input methods are designed in a way 
that allows the system to follow existing scientific standards, such as CDISC, or at 
the very least, offer the data in a format that is easily converted into other standards. 
Additionally, per requirements of the CDISC standard, each Adverse Event (AE) (an 
instance of inputted symptom value) can also be commented on. User can also include 
pictures of each instance of a factor or a symptom, be it a picture of a skin condition 
or a picture of an activity he took or picture of the lunch he had. The data is stored 
remotely as well as on the device and is viewable by both inside the app as well as 
remotely on a dashboard. A web application is implemented for defining different 
types of studies (or “schemas”) and for viewing the data from each study. 
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Data is synchronized using the AWARE framework both in the application and on the 
server side. Each Symptom Tracker study can set an individual AWARE study to 
where the data is synchronized, thus each researcher has private access to his 
participants’ data. The AWARE studies use the default AWARE MySQL servers for 
storing and synchronizing the data from each device. Each of the elements in the 
system and the interfaces are shown in Figure 1. 

 
Even though the system is designed as a two-tier architecture, the server-side of the 

architecture can be split into different elements (the dashboard server, and the 
AWARE server), with which each client node communicates separately. 

 
In the following chapters, each element of the system is explained in more detail. 

3.1.  Server 

The implementation for the system’s server contains the repository for all the 
Symptom Tracker related settings - the study schemas and the trackables (symptoms 
and factors) as well as a dashboard that allows the user to add new schemas and 
trackables to the system. All previously created schemas are also visible to any user 
that navigates to the dashboard. 

Additionally, AWARE Web Services and MySQL server are used to synchronize 
the data from each client. 

3.1.1.  Repository 

The server repository exists to store application related settings and elements. It uses 
a NoSQL database solution - Couchbase Server1 - for storage. Couchbase and NoSQL 
were selected due to NoSQL’s simplicity and also as a purposeful test on a NoSQL 
implementation versus a more traditional MySQL implementation. Couchbase itself 
has, however, high hardware requirements and as such is not well suited for a small-
scale implementation. It is more commonly used in systems and web services that need 
to access high quantity of data quickly. In NoSQL based frameworks, traditional tables 
are referenced to as buckets, and items (traditional table rows) are referenced to as 
documents. NoSQL differs from an SQL-based relational database in other ways, 
namely each document is self-contained and modifiable and most don’t enforce keys 
in the table structures. Couchbase, however, identifies each document by a 
corresponding unique key. One reason for this is that keys enable the database to be 
distributed more efficiently between the instances in the Couchbase cluster. 

 
The trackables and schemas are stored in JSON format in a single bucket in the 

Couchbase installation. Each document in a bucket is required to have a unique key. 
Examples of objects of each type are presented in Table 2.  

 
 
 

                                                
1 http://www.couchbase.com/ 
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Object type JSON String 

Factor { 
  "name": "Allergies", 
  "range_min": 0, 
  "range_max": 10, 
  "values": null, 
  "key": "factor_allergies", 
  "input": "tracked", 
  "rep_window": "day", 
  "type": "factor", 
  "desc": "You have been in contact with a substance or 

an environment that can cause an allergic 
reaction to you. " 

} 

Symptom { 
  "severity": "none", 
  "range_type": "negative", 
  "key": "symptom_boredom", 
  "rep_window": "day", 
  "desc": "Emotional or psychological state experienced 
when an individual is left without anything in 
particular to do, is not interested in his or her 
surroundings, or feels that a day or period is dull or 
tedious.", 
  "type": "symptom", 
  "class": "emotion", 
  "name": "Boredom" 
} 

Schema { 
  "factors": [ 
    "factor_warmbeveraged", 
    "factor_numberofwarmmeals", 
    "factor_exposetocold", 
    "factor_transportationmethods", 
    "factor_allergies", 
    "factor_work" 
  ], 
  "author": "Basic", 
  "symptoms": [ 
    "symptom_dizziness", 
    "symptom_fatigue", 
    "symptom_cough", 
    "symptom_muscleache", 
    "symptom_runnynose", 
    "symptom_sorethroat", 
    "symptom_headache", 
    "symptom_mucus" 
  ], 
  "db_name": "flu-likesymptoms", 
  "key": "schema_flu-likesymptoms", 
  "schema_type": "Continuous", 
  "title": "Flu-like symptoms", 
  "type": "schema", 
  "desc": "This study tracks cold and flu-like symptoms 

and factors that have an impact on these 
symptoms.", 



 

 

25 

  "aware_study_url": 
"https://api.awareframework.com/index.php/webs
ervice/index/572/m8d5SIgksQWJ" 

} 

Table 2: Examples of JSON objects in the repository. 

 
Each symptom has a range of values in a three-tier scale, and the range is either 

negative (‘None’ – ‘Mild’ – ‘Severe’) or positive (‘Low’ – ‘Medium’ – ‘High’). Each 
factor can be inputted using either a numerical scale (e.g. amount of allergic reactions) 
defined for each factor separately, or a tracked scale - a list of possible selections (e.g. 
types of foods or beverages consumed). Each trackable also has repetition window 
which defines how often the trackable can or needs to be inputted, e.g. once per hour, 
once per day, etc. 

3.1.2.  Repository API 

The Couchbase repository can be accessed from a web dashboard, and it also has API 
calls for different programming languages. For this project the Python1 API is used. 
The Python API is running on the same server as the repository and provides access to 
the JSON objects stored in the repository via the endpoints described in Table 3. For 
each endpoint, the description of the response JSON and the request variables are 
explained. 

 

URL Variable Value 

/symptom/search/ Method: GET 

Parameters: “search”: text 

Response: A JSON Array containing the detailed 
information of each result symptom. 

/symptom/keys/ Method: POST 

Data: “target”: An array of the requested keys. 
POST –method is used for simplicity, since it 
allows the passing of an array inside the 
request data. 

Response: A JSON Array containing the detailed 
information of each result symptom. 

/symptom/all/ Method: GET 

Parameters: - 

Response: A JSON Array containing detailed 
information of all the symptoms stored in the 
repository. 

/symptom/add/ Method: POST 

                                                
1 https://www.python.org/ 
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Data: Each corresponding key-value pair of the 
inserted symptom, see Table 2, in JSON 
format. 

Response: The key of the newly inserted database entry. 

/factor/search/ 
/factor/keys/ 
/factor/all/ 
/factor/add/ 

* Factor endpoints function similar to the 
symptom endpoints. 

/schema/add/ Method: POST 

Data: Each corresponding key-value pair of the 
inserted schema, see Table 2, in JSON format. 

Response: The key of the newly inserted database entry. 

/schema/all/ Method: GET 

Parameters: - 

Response: Detailed information of all the existing 
schemas, in JSON format inside a JSON 
Array. 

Table 3: Python API endpoints. 

The Python API is accessed by both the dashboard (See Chapter 3.1.3) as well as 
the Android client (See Chapter 3.2). The dashboard uses endpoints to visualize 
information about the existing schemas and trackables via the GET methods, and to 
store newly generated schemas and trackables via the corresponding POST methods. 
The Android client does not store any information to the repository, but receives 
schema and trackable information when the user first launches the application to select 
a schema, and when the client receives daily updates about the selected schema’s 
trackable information. 

3.1.3. Dashboard  

The LifeTracker dashboard is used to setup the studies for the application, add new 
symptoms or factors for the repository for tracking and to be used in the studies, as 
well as show study information and analysis results. The study information is shown 
from the basic studies that were used in the evaluation phase of the system, and is not 
a feature that would be automatically available for everyone using LifeTracker. Each 
researcher using LifeTracker to track participants has the option to create a study in 
the AWARE Web Services dashboard that syncs the data from the participants to a 
MySQL server of his or her choice. The data can then be accessed, analysed and 
visualized, etc. by the researcher. 
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As the key for each entry is generated from the name of the trackable, this prevents 
duplicates from being generated. 

 
The selector for the ‘Select existing’ view is generated with the shinydashboard 

selector. The field allows user to select multiple elements from the dropdown menu by 
searching and pressing return and to remove the elements by simply removing them 
using the backspace button. This is the natural functionality of the Shiny multi-select 
selectize element. The dropdown elements are fetched from the Python API via AJAX 
call every time the search string changes. The layout for showing each element was 
custom made and similar for all shown elements. 

 
After storing a newly generated schema or a trackable, the user is informed of the 

success of the submission or the possible errors, such as missing information, of the 
request. The newly generated trackables are available in the select menus after the 
Couchbase view queries are updated, which in practice means instantly. Same is true 
for the newly generated schemas, that appear in the schema listing after the AJAX call 
is made to request the new list of available schemas and the DataTable view is 
refreshed. 

 
In conclusion, the LifeTracker server side implementation functions as an access 

point for the clients to fetch information about the available schemas and trackables, 
as well as a tool for researchers (or users themselves) to create new schemas to use 
inside their LifeTracker application. In the next chapter, the Android application and 
its design and implementation are explained in more detail. 

3.2.  LifeTracker Android Application 

Core to LifeTracker is the mobile client that the users generally interact with. The 
design of the application follows the guidelines presented earlier and is discussed first 
in terms of use cases and user interface design, and the implementation of the 
application according to the design principles is discussed in detail afterwards. 

3.2.1.  Design 

The design process of the UI elements in the Android application followed an iterative 
process. Each input and visualization was designed, evaluated either by expert 
evaluation or by an interview session and each element went through several stages. 
Each functionality and requirement for a specific user interface was also specified in 
a use case scenario of the application. The use cases are discussed in the following 
chapter. 

3.2.1.1.  Use cases 

The requirements for building the different interfaces in the application are based on 
the following possible use cases. The use cases were generated based on the the generic 
requirements – data input from notifications, visualizing data, etc. – between the user 
and LifeTracker. Each use case explains the flow of interactions and information inside 
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Folder Sub-folder Description of contents 

/analytics / The Google Analytics related 
methods. 

/app_settings / The in-app settings and user 
preferences. 

/data_syncronization / 
 

Classes inherited from the application 
being an AWARE Plugin and 
methods accessing information in the 
local SQLite database. 

/graphics / UI elements and graphical controller 
classes for e.g. handling animations. 

/adapters ArrayAdapters for ListView elements 
for showing Symptom or Factor input 
elements. 

/chart_formatters Custom visualization formats for the 
charts shown in the main application. 

/elements Custom UI elements used in the 
application. 

/listeners Custom event listeners used in the 
application. 

/model / Classes for accessing the local 
NoSQL database and for connecting 
to outside HTTP APIs. 

/deserializers Classes responsible for deserializing 
received JSON objects into objects 
defined in the application, such as 
Symptom.class. 

/REST_queries API calls to the repository Python 
API. 

/serializers Classes responsible for serializing 
data from classes into JSON format. 

/data_storage Methods for accessing the local 
NoSQL database. 

/objects / The required objects (e.g. trackables) 
for the application. 
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distribution of inputs. Additionally, based on the time series selection, the user can see 
the distribution of inputs over the possible time series entries (e.g. days of the week). 

 
The chart elements are generated using the MPAndroidChart1 library. 

3.2.2.4.  Background Services 

The LifeTracker Android application relies heavily on several background services to 
monitor the user’s physical and in-device activities, and to perform the required 
analysis to specify when to present the notification popups. The application leverages 
the AWARE framework to track and store the sensor data locally, and also included 
the Google Activity Recognition2 AWARE plugin to monitor the user’s physical 
activity. 
 
The services included in the application are the following: 
 

•  ApplicationMonitor keeps tracks of the foreground application. 
•  NotificationPreferences contains static methods to query the user’s current 

notification preference (mode). 
•  NotificationService handles setting the different notification modes, monitors 

the screen LOCKED / UNLOCKED states, sets the timers to re-launch 
possibly crashed or shutdown services, and most importantly handles emitting 
new notifications and notification popups. 

•  UserContextService constantly keeps track of the contextual variables tracked 
in the application. It also contains static methods for fetching the information 
in JSON format. 

•  WindowCleaner keeps track of the shown popup notifications and makes sure 
no popups are kept lingering on top of other UI elements or applications. 
 

Finally, the services also contain the engine for creating machine learning models 
and predicting based on the created models. A new model is created every time a new 
prediction is needed, but the accuracy of the model is not tested. This can potentially 
lead to more inaccurate models being used for the prediction, but the reasoning for this 
solution was the time required to compute the new model and run the prediction. We 
wanted to keep the computation time below 200 milliseconds to retain the 
instantaneous nature of the notification popups when the device is unlocked. A more 
thought-out and optimized solution is explained in the Future Work (Error! 
Reference source not found.) section, that is based on the feedback of the study 
participants and extending the architecture of the LifeTracker system. This service was 
implemented with the help of a fellow researcher in our unit, Chu Luo, and he was 
responsible for implementing the code for this part of the application. 

  
The NotificationService handles calculating the probabilities for emitting the 

notification popups and each application is in either Mode 0 (using a randomized 

                                                
1https://github.com/PhilJay/MPAndroidChart 
2https://developers.google.com/android/reference/com/google/android/gms/location/

ActivityRecognition 
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number to determine the probability) or Mode 1 (using the machine learning 
classifiers). 

 
In Mode 0, the service tracks each past interaction (accept or reject) with a 

notification popup without regard to the context where the popup was presented. The 
algorithm considers two boundaries to steer the probability towards 50% when there 
isn’t an adequate amount of interactions. The algorithm requires 20 inputs (accept 
equals one, reject equals zero) from the user and considers any missing inputs a value 
of point five. This steers the probability towards 50% during the first 20 inputs. 
Additionally, the minimum and maximum boundaries are steered towards 50% during 
the first 100 inputs, starting from a possible range of 25% to 75% for the first response, 
and going to a range of 5% to 95% for 100 inputs. Thus, the first part of the 
algorithm(A) is as follows: A = (ACC + (20 – ACC - REJ) * 0.5) / 20. The result A is 
the probability that a random value between 1 and 100 is compared to define whether 
a notification popup is presented or not. Next, the boundaries for the randomizer are 
set in algorithm B: B = (25 – [min (1, (ACC + REJ)/100)] * 20) / 100. The value of A 
is then set to be within the boundaries set by B and the Java Math.random() function 
is called and the value is compared to the value A. 

 
In Mode 1, a new machine learning model is generated for both Naïve Bayes and 

J48 Decision Tree classifiers from the current monitored context. These two classifiers 
were selected because of their time efficiency in generating a new model, and their 
accuracy according to previous research [41]. If either of the classifiers predict that a 
notification popup should be shown in the current context, the result is positive. If both 
are negative, then the outcome of the prediction is also negative. This behaviour steers 
the results towards being positive (increases recall), as either classifier predicting a 
positive outcome means a notification is shown. But at the same time, it will also more 
likely present notifications in inopportune times (decreases precision). When a new 
interaction event is shown and either accepted or rejected by the user, the machine 
learning model prediction is also stored with the interaction data regardless of the 
participant’s Mode. 

 
The services are all implemented as persistent services by creating the services as 

extension of the IntentService class. This enables the application to tell the Android 
operating system that the services should not be closed even if the LifeTracker 
application has no instances of an Activity running. The services can still be closed if 
the operating system considers that they are using too many resources or if there are 
too few resources available in the system for other applications. This behaviour can 
cause inconsistencies in the LifeTracker application as its extremely reliant on the 
existence of each background service even when the user is not actively using the 
application. 

 
LifeTracker collects both sensor and user-entered data using the AWARE 

framework [20] and the background services, and automatically synchronises the data 
to the AWARE server to the corresponding study defined the study schema. The 
application collects the sensor data listed in Table 5. 
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Context  

Day of week Day of the week (0-6) 

Hour of day Hour of the day (0-23) 

Minute Minute of the hour (0-59) 

Proximity Whether the device screen is covered or not (binary value) 

User Activity User’s last recorded activity type, defined by Google 
Activity Recognition API. (0,1,2,3,4,5,7,8) 

Battery charging Whether the device is connected to a charger or not 
(binary) 

Internet availability Whether the device has internet connectivity available 
(binary) 

Wi-Fi availability Whether the device has Wi-Fi connectivity available 
(binary) 

Network type The device’s current network type. (-1=AIRPLANE, 1= 
Wi-Fi, 2=BLUETOOTH, 3=GPS, 4=MOBILE, 
5=WIMAX) 

Device usage  

Foreground 
application 

The index of the package name of the current foreground 
application. All used applications are mapped in the user’s 
device and given a corresponding numeric index. 
(numeric) (only used for individual participant analysis) 

Last action Duration (in minutes) since the last interaction with the 
LifeTracker application 

Battery level Current battery level (0-100) 

Table 5: Sensor data tracked in LifeTracker application. 

The application also uses Google Analytics1 Android API as a background service 
to record application usage information. 

3.3.  SDTM Standardized Data Storage 

The LifeTracker application can be used to track and store Adverse Events according 
to the SDTM requirements. The following chapters explain in what level of detail the 
stored variables correspond to the SDTM variables, both the strictly required 

                                                
1 https://www.google.com/analytics/ 
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variables, and the permissible (non-essential) and expected variables. The SDTM 
variables included in LifeTracker system for Adverse Events (AE), and their 
explanations are (as explained and listed in the SDTM implementation guides1) as 
explained in Table 6 below. 
 

SDTM 
Variable 

Core Implementation Notes 

AETERM Req. Term for the Adverse Event, can be represented as an open 
entry text field to capture verbatim terms reported by 
subjects or can be pre-defined. If a study collects both pre-
defined and free text events, the value of the separate 
permissible AEPRESP field should be Y for all pre-
specified events. 

AEDECOD Req. This REQUIRED field is defined as a defined variable and 
is not a data collection field. Sponsors will populate this 
field through classification routines in preparation for 
creating and submitting SDTM datasets. 

AEBODSYS Exp. This EXPECTED field is defined as a derived variable and 
no a data collection field. Sponsors will populate this field 
through classification routines in preparation for creating 
and submitting SDTM datasets. 

AESTDTC Exp. The starting time of the Adverse Event. In ISO86012 
format. 

AEENDTC Exp. The ending time of the Adverse Event. In ISO8601 format. 

AESEV Perm. Severity of the Adverse Event, represented as either a list 
of values or a checkbox indicating the severity according 
to CDISC-controlled terminology. Can be populated by 
sponsor prior to submitting a SDTM dataset. 

AESER Exp. The level of seriousness of the Adverse Event. 

Table 6: SDTM Variables used in LifeTracker system. 

The SDTM standard also uses a variety of common identifiers that e.g. identify 
individual studies (STUDYID) and individual researchers (INVID). Common 
identifiers also include identifiers for subjects, inside each study (SUBJID) and unique 
identifiers across all studies (USUBJID). Additionally, a study can have a unique 
locational identifier as well (SITEID). 

                                                
1 http://www.cdisc.org/sdtm 
2 https://en.wikipedia.org/wiki/ISO_8601 
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3.3.1.  Local 

The in-app SQLite table structure for storing Adverse Events follows the schema 
explained in Table 7. 

 

Column Type Description 

_ID INTEGER Primary key, required by Android. 

TIMESTAMP REAL Unix timestamp of the Adverse Event 
entry. 

DEVICE_ID TEXT Unique Android Device ID. 

USER_ID TEXT User ID inputted when joining a 
study. 

TRACKABLE_TYPE TEXT ‘Factor’ or ‘Symptom’.  

TRACKABLE_KEY TEXT The key identifier from repository for 
the inputted trackable. 

TRACKABLE_FREQ TEXT The tracking frequency, from 
repository, for the inputted trackable. 
E.g. ‘hour’. 

TRACKABLE_FREQ_VALUE INTEGER The value of the Adverse Event entry 
for the tracking frequency. E.g. ‘14’. 

INPUT TEXT The inputted value for the Adverse 
Event entry. E.g. ‘Severe’. 

COMMENT TEXT The comment, if available, for the 
Adverse Event entry. 

PICTURE BLOB The binary data of a picture taken for 
the entry, if available. 

NOTIFICATION_MODE INTEGER The notification mode used when 
inserting the entry. 

INPUT_SOURCE TEXT Whether the value was inputted from 
a notification popup or from the 
application’s Activity itself. 

SELECTED_STUDY TEXT The key, from the repository, of the 
study schema the application (user) is 
a part of. 

Table 7: Adverse Events table. 

Looking at the table structure for Adverse Events and comparing the stored data to 
the SDTM definitions, we can see that the required fields themselves are already quite 
minimal. The USER_ID, DEVICE_ID, INPUT, TIMESTAMP, and 
SELECTED_STUDY fields take care of most the requirements, although the start and 
end times of the adverse events might be hard to interpret using the generic logging of 
Adverse Events based on, at maximum, hourly detail. The DEVICE_ID (assigned from 
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the user’s device) and USER_ID (assigned by the researcher) fields take care of the 
unique identifiers (SUBJID and USUBJID) for the study subjects, as long as the 
researcher takes care of carefully selecting the assigned USER IDs for his subjects. 
Also care should be taken if a study subject changes devices during the study, in which 
case multiple DEVICE IDs and one (or several) USER_IDs might correspond to a 
single study subject. Overall, the strictly required parameters to fulfill the SDTM 
standard are very few and in terms of Adverse Events, they can be logged from the 
application according to the standard. 

3.3.2.  Server 

Submitting the data once it has been synced to the server is a responsibility for the 
researcher, for now. Even on this level, the standard required fields are not 
complicated to fulfill. The researcher simply needs to take into consideration setting 
the unique identifiers for both his studies and his subjects accordingly. The information 
is stored in the AWARE server in MySQL format and can be queried with the provided 
credentials, so the researcher has access to the raw data at will. 
 

At this time, this functionality is still mostly considered future work in terms of 
automating, but the basic methods for doing this manually are already available and 
the complexity of the data storage enables all this functionality. 
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4.  EVALUATION 
 
For the evaluation, we recruit participants to use the LifeTracker application over a 
period of at least four weeks throughout their daily life. The participants are given 
three pre-created study schemas to select from according to their interest in terms of 
life-logging applications. Both the participants’ application usage behaviour and the 
usage experience were evaluated based on data on their daily interactions with the 
app, and by interviewing the participants before and after the study. 
 

For the interactions, the response rates of the notification popups and the general 
active application usage patterns are analysed. The application has two interruptibility 
conditions: pseudo-random vs. machine learning. We analyse the effect of the 
interruptibility condition on the response rates of each participant to the ESMs in our 
study. Similar to the method reported in literature [42], the evaluation setting 
investigates the performance of three commonly used machine learning classifiers in 
predicting interruptibility. Finally, through time-series analysis we investigate how the 
fluctuations in prediction accuracy impact data gathering in the context of the 
application. The application usage patterns were analysed using Google Analytics data 
gathered from interactions with the application’s Activities. 

 
Finally, the participants are asked to respond to a survey in Google Forms1 that 

assessed their experience with the application and the input mechanisms in the 
application, as well as a general usability survey done using the System Usability Scale 
(SUS)2. The SUS scale is a simple tool that allows developers to assess the usability 
of their systems with pre-defined thresholds for the results. 

4.1.  Study Setting 

Each participant is invited to a study intake session in the premises of the Center for 
Ubiquitous Computing research unit. In these sessions, other researchers of the group 
assist as the group sizes were large, from ten to twenty participants. Participants are 
each required to attend either one of these, or were otherwise instructed privately. In 
each intake session, we explain what is required of each participant, what data the 
application tracks, and how the data is tracked and stored. Each participant is given a 
“LifeTracker User Guide” leaflet (Appendix 1) that contained the general functionality 
of the application. We finally explain the user guide point-by-point to each participant 
individually. Participants then install the application through the Google PlayStore, 
and verify that the application is working correctly.  

 
During the intake participants are informed that they are required to reject or accept 

any notification they receive during the study based on their context and availability, 
and that rejecting the notifications does not have a negative effect on the outcome of 
the study or their personal compensation. Furthermore, we told participants to use their 
device as usual, without changing any usage habits they may have. Additionally, we 
issue test notifications on each participant’s device to confirm they work correctly, and 

                                                
1 https://www.google.com/forms/ 
2 http://www.usability.gov/how-to-and-tools/methods/system-usability-scale.html 
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that participants understand the data input methods. We explain that the popup 
notification preferences in the application change based on the way the participant 
interacts with the generated popup notifications. 

 
Next each participant completes a pre-study questionnaire (PreQ). The 

questionnaire included the following questions. The response options are listed for 
each question, and if no options are listed, this indicates that the question was answered 
using a free text entry. 

 
1.  Demographics: Gender, Age, field of study. 
2.  “When you receive a notification, do you check immediately what 

happened?”  
a.  Never, sometimes, usually, always 

3.  “What kind of applications do you use on your mobile phone?” 
a.  Google PlayStore categories 

4.  “How would you describe your phone usage? For example, frequent short 
periods of usage time or only checking your phone when you receive a 
notification.” 

5.  “Are you currently using (or have you previously used) a health 
tracker/activity monitor/mood tracker/other similar application. If yes, 
please tell us what tool / application you use and what you tracked.” 

6.  “Would you describe yourself as a technology enthusiast?” 
a.  Definitely not, not really, somewhat, definitely 

7.  The study requires you to enter symptom data in a phone app at regular 
intervals (hourly & daily). How reliable do you think you will be in 
remembering to entering this data? 

a.  Scale of one to five (very unreliable – very reliable) 
8.  A set of questions related to each participants’ health and self-perception. 

Questions such as “I seem to get sick a little easier than other people”, or 
“How often in the last two weeks did you... Enjoy your work and other 
activities of daily life?” 

a.  Answered on a scale from one to five (negative – positive) 
 
Finally, each participant chooses a study schema from within the application. The 

variables participants are required to submit vary depending on the selected schema, 
but all the pre-defined schemas were similar. All schemas consisted of two variables 
tracked once every hour, and a similar number (10-12) of variables tracked once per 
day. The purpose of the study schema was to simulate a life-logging application which 
best meets participants’ interests. This also avoids asking participants too generic 
questions about their interruptibility which might be too simple to answer, as 
recommended by the MoodDiary experiment [43]. The schemas are: 

 
•  Tracking flu-related symptoms and factors - such as headache, fatigue, and 

intake of warm beverages. 
•  Tracking exercise fatigue-related symptoms and factors – such as exercise 

sessions, fatigue, and muscle ache. 
•  Tracking mood using the activeness – pleasure mood model in addition to other 

generic moods and e.g. social interactions. 
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During the study we keep track of each participant in terms of how many 
notifications they had answered (accepted or rejected) and contact participants from 
which we are missing longer period of data, reminding them of the importance of their 
data contributions, as suggested by literature [47]. 

 
At the conclusion of the study period, we invite participants to complete a post-study 

questionnaire regarding their experience with the application. The questions are 
designed to capture the participants’ interaction with the application, their perception 
on the data input methods, and how they perceive their feedback affected the 
notification generation. The SUS questions in the post-study questionnaire are as 
follows, and graded on a one to five scale from strongly disagree to strongly agree.  

 
1.  I think that I would like to use this system frequently. 
2.  I found the system unnecessarily complex. 
3.  I thought the system was easy to use. 
4.  I think that I would need the support of a technical person to be able to use 

this system. 
5.  I found the various functions in this system were well integrated. 
6.  I thought there was too much inconsistency in this system. 
7.  I would imagine that most people would learn to use this system very 

quickly. 
8.  I found the system very cumbersome to use. 
9.  I felt very confident using the system. 
10. I needed to learn a lot of things before I could get going with this system. 

 
Finally, in the post-study questionnaire (PostQ) the participants answer the 

following questions related to their experience with the application and the system in 
general. Again, if the answer options are not listed, the answer is given in the form of 
free text. 

 
1.  “What could be done to motivate you to input data for such an application?” 
2.  “Did you have any patterns to answering the popups?” 

a.  Yes/no 
3.  “What influenced your decision to answer or reject a popup?” 
4.  “Did you consciously apply any specific strategy to accepting / rejecting 

popups?” 
5.  “Do you feel that the application was understanding of your preferences? 

Why / Why not?” 
6.  “Did the popups feel intrusive in general?” 

a.  Scale of one to five (not at all - very intrusive) 
7.  “Did the notifications/popups help you to remember to input data?” 

a.  Scale of one to five (not at all - very often) 
8.  “Would you use an application that uses this type of method to input data? 

Why / why not?” 
9.  “Did you input data mostly from the app or from the notifications?” 

a.  Scale of one to five (mostly from application – mostly from popups) 
10. “Did you prefer one over the other? Why?” 
11. “Did you use the in-app visualizations? Why / Why not?” 



 

 

51 

12. “Did you learn something about yourself from using the application? If so, 
what?” 

13. “Did the study affect your normal phone usage in any way? If so, how?” 
14. “Final thoughts, comments, or feedback about the LifeTracker application 

or the study in general?” 

4.2.  Study Progress 

During the study we track participants in terms of how many notifications they have 
answered (accepted or rejected) and participants who are missing longer period of data 
are contacted, reminding them of the importance of their data contributions. We use 
Google Analytics to observe how often the participants use the application, what 
operating system and LifeTracker version the users have, what interfaces they most 
commonly interact with, and also to see the possible crashes and crash reports from 
the application. During the study, the crash reports in particular were helpful in pin-
pointing crash causes in different devices and Android versions. This information 
made fixing the bugs and releasing new versions during the study faster. 

 
The application was updated three times during the study, enabled by the 

functionalities offered by Google PlayStore. Each update was deemed critical, and 
participants were asked to update their applications, as the updates either fixed critical 
bugs or fixed issues the participants had reported, such as high battery usage or some 
interactions not functioning properly on all devices. Majority of the participants had 
the updates pushed to their devices within 24 hours. The participants were also split 
into two modes described in chapter 3.2.2.4 (Background Services) mid-way through 
the study according to Table 8, and the last update forced particular participant’s 
installations to use Mode 1. The initial plan for the mode change was to be 
implemented during a daily update event with the repository, by changing the 
participants’ device to Mode 1 according to the participant ID stored in the device and 
sent to the repository in each daily update event. This functionality did not correctly 
permanently set the mode in some of the devices, and a hard coded solution had to be 
implemented and updated to the participants’ devices. 

 

Mode Group Size Description 

Mode 0 Week 1-2: 48 
Week 3-4: 30 

Participants and interaction entries for notifications 
generated with the pseudo-random mode. 

Mode 1 Week 1-2: 0 
Week 3-4: 18 

Participants and interaction entries for notifications 
generated with the machine learning mode. 

Table 8: Different participant modes used during the study. 

The initial plan was also to enable Mode 1 on half of the participants (24), but due 
to these problems with setting the mode change correctly, some of the participants did 
not record enough (two weeks) information in Mode 1 setting. In the end, we have 
enough data to warrant analysis in Mode 1 for 18 participants. 
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64.6% of the participants reported not applying any specific strategy, while only 
8.3% reported applying, and 27.1% were undecided. 

 
“Do you feel that the application was understanding of your preferences? Why / 
Why not?” 

48% of the participants reported that the application was, 39,5% reported it wasn’t, 
and 12,5% were undecided. 

 
“Did the popups feel intrusive in general?” 
“Did the notifications/popups help you to remember to input data?” 

These questions were rated on a Likert scale (1-5). The values were distributed 
evenly for PQ4 (M = 3.01, n = 48, p < 0.001) and in an increasing trend for PQ5 (M = 
4.125, n = 48, p < 0.001), meaning that the participants were undecided whether they 
felt the notification popups were intrusive, but agreed that they definitely helped them 
to input the data. 

 
“Would you use an application that uses this type of method to input data? Why 
/ why not?” 

52.0% of participants gave positive responses, 29.2% negative and 18.8% were 
undecided. The reasons for positive responses included reasons such as the method is 
“easy”, “fast”, “good way to input data” and that the method “helps to remember”. 
The negative reasons stated that there are “too many popups”, that the popups are 
“annoying” or “disturbing”, and that the popups “interrupt device usage”. 

 
“Did you input data mostly from the app or from the notifications?” 

83.4% of the participants reported inputting data mostly from notifications. 
 

“Did you prefer one over the other? Why?” 
User responses were grouped similarly to the previous questions, the reasons for 

positive responses included the following: 
 
“Without the popups, I don't think I would have remembered to answer anything.” 

 

“I prefer notifications because they are during the day, and my mood can change 

several times during day.” 

 

“I prefer popups. Without popups I probably forget to enter data or enter data once 

in the morning or late at night. The answers will be based on my mood at that 

moment.” 

 

“Popups, because it took less effort.” 

 
The negative responses had the following reasons: 
 
“I would prefer to input all at once rather than giving it too much time in separate 

times, it bothers me.” 

 
“Did you use the in-app visualizations? Why / Why not?” 
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60.4% of the participants said they used the in-app visualizations multiple times 
during the study. Among all the participants, 16.7% said they found the visualizations 
difficult to understand or to use. The positive comments regarding the visualizations 
commented that it was nice to see the historical data, and that they could be used to 
find some trends. 

 
“Yes, the zoom level was little bit tricky to have right but it was fun looking at what 

I have done.” 

 

“I checked visualizations to see if I have missing data. I looked at the individual 

graphs to see whether I can observe a trend.” 

 

The negative feedback was that they weren’t easy to read and that the customisation 
options didn’t work as intended. 

 
“I didn't find them very easy to read, and I couldn't make them show statistics from 

longer periods of time.” 

 
“Did you learn something about yourself from using the application? If so, 
what?” 

Some of the participants realized some trends in their behaviour, bust mostly they 
reported that the study didn’t reveal anything they didn’t already know. Or that they 
lead somewhat monotone lives to begin with. 

 
“Yes, I am always in pressure at work and have less focus on my diet because of it.” 

 

“My sleeping patterns are a bit off, and I could do with more stretching and 

exercise.” 

 
To some, the application and study period was very helpful. 
 
“Yes. Too much. This app helped me to understand the facts which includes my 

mood like less sleeping hours.” 

 
“Yes, I learned how my mood was changing in each day, even every hour. I wouldn't 

notice it had not been for this app.” 

 
“Did the study affect your normal phone usage in any way? If so, how?” 

27% of the participants claimed that their normal phone usage had been altered 
because of the application. This was mostly reported being due to too high amount of 
notifications or the strain the application caused on the battery life. 

4.4.  Interruptibility Prediction Accuracy 

Part of the core functionality of the application was the context-aware method for 
presenting notification popups to the user. The hypothesis, that was evaluated in our 
deployment, was that using a machine learning predictor we could accurately predict 
the situations where users are more likely to accept notification popups for data input, 
that could be generally considered intrusive. The machine learning classifier 
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accuracies are analysed both after the study had concluded, and for the accuracy of the 
in-app predictors during the study. 

4.4.1.  Post-study Analysis 

After the study concluded for all participants, the contextual data from our 
participants was analysed. Two of the participants had issues with syncing all the data 
to our servers so the post-study analysis includes the remaining 46 participants. 

 
The data contained 19076 responses to the notification popups generated by the 

application from 46 unique participants. For the analysis done on all the gathered data 
we remove the participant related information - the participant ID and the current 
application package, as each application package was indexed locally on each 
participant’s device. We also include demographics data for each participant - age and 
gender - and the user’s acceptability towards prompted notifications reported in the 
study start questionnaire - “When you receive a notification, do you check immediately 
what happened?” - answered on scale of 0 (Never) to 3 (Always). The variables 
considered are displayed in Table 9. 
 

Demographics  

Age The participant’s age in years 

Gender The participant’s gender 

Notification preference Participant’s reported preference towards notifications 
(0-3) 

Context  

Day of week Day of the week (0-6) 

Hour of day Hour of the day (0-23) 

Minute Minute of the hour (0-59) 

Proximity Whether the device screen is covered or not (binary 
value) 

User Activity User’s last recorded activity type, defined by Google 
Activity Recognition API. (0,1,2,3,4,5,7,8) 

Battery charging Whether the device is connected to a charger or not 
(binary) 

Internet availability Whether the device has internet connectivity available 
(binary) 

Wi-Fi availability Whether the device has Wi-Fi connectivity available 
(binary) 

Network type The device’s current network type. (-1=AIRPLANE, 1= 
Wi-Fi, 2=BLUETOOTH, 3=GPS, 4=MOBILE, 
5=WIMAX) 

Device usage  

Foreground application The index of the package name of the current foreground 
application. All used applications are mapped in the 
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user’s device and given a corresponding numeric index. 
(numeric) (only used for individual participant analysis) 

Last action Duration (in minutes) since the last interaction with the 
LifeTracker application  

Battery level Current battery level (0-100)  

Table 9: Variables considered in the machine learning accuracy analysis. 

During analysis we identify a subset of participants who mostly accepted all 
presented notifications, and therefore may skew our results. We therefore define a 
group of participants that excludes those with a median daily acceptance rate of 1.00 
(meaning on most days the participant simply accepted all notifications they received). 
We refer to this group of participants as group B, while group A refers to all 
participants. This subgrouping was performed to more reliably analyse the machine 
learning models’ accuracy by avoiding skewing towards higher accuracy values. 
Group A consists of 48 participants and group B of 24 participants.  

 
We use Weka [26] to run 10 fold cross-validation tests for each of the four selected 

machine learning classifiers: Naïve Bayes, J48, Random Forest and LibSVM. The 
results are for Group A (all participants) and Group B. 

 

 # of data points Naive Bayes J48 Random Forest LibSVM 

Group A 19076 77.75% 83.64% 85.07% 80.94% 

Group B 9824 59.47% 73.65% 75.90% 69.81% 

Table 10: Machine learning classifier accuracies in 10-fold tests. 

As seen in Table 10, the Random Forest classifier outperformed the other classifiers 
both for all participants (Group A) and for participants with higher variance in their 
interactions (Group B). 
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We also asked the participants if they would actually prefer to use an application 

that uses notification popups as input methods, and 52% of participants responded 
positively, 29.2% negatively, and 18.8% were undecided. The reasons for the positive 
responses emphasised the quickness and ease of use of the method. Participants also 
claimed the method helps them to tackle a common problem in life-logging 
applications [25,29] - forgetting to interact with the application - “It helps me to 

remember to input the data”, and reporting current data instead of relying on user’s 
memory at a later time - “Yes, it helps me to keep track of how I felt each moment”. 
We further requested feedback on the different input methods available to the 
participants to input data. Most participants preferred the popups and the same issues 
seem to be solved by careful choice of input method selection - “Without the popups, 

I don't think I would have remembered to answer anything.”, ”I preferred popups so 

my inputs are evenly distributed over the day and according to my mood swings.”. 
 
The negative reasons implied the participant’s general negativity towards popups as 

input method due to them being “disturbing”, “annoying”, and that they “disrupt 

device usage”. These characteristics are inherent characteristics of popups, but also 
results of poorly timed notifications. Users generally value notifications from 
messaging apps a lot higher than notifications from other sources [46], but different 
users also value different types of applications higher. The disrupting nature of 
notifications is not experienced, if the user feels the notifications are beneficial to him 
or her. 

 
“Yes (I would use this input method), but it (the application) would have to be 

something I felt was helping me or was very beneficial to me.” 
 
Lastly, we inquired the participants if they had previously used or currently use any 

type of life-logging applications. A total of 16 participants reported using such an 
application, and among these participants, only four answered that they wouldn’t 
prefer this type of input method, and only five preferred to input data from the 
application instead of the popups. 

 
“Yes. I use activity tracking software. But I often forget to input data. I would prefer 

an app with popup reminders. But the popup frequency should be customized.” 
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5.  CONCLUSION 
 
This thesis presents a system consisting of a server dashboard and an Android client 
application meant for personal or research-focused life logging, e.g. symptom or mood 
tracking, called LifeTracker. The purpose of the application is to non-intrusively 
gather data from the user with the use of notification popups, or reminders to input the 
data directly from the application. It also offers the researchers the opportunity to 
customize studies and recruit participants to their studies. The presented work enables 
both researchers and individual users to do this effortlessly.  
 

In our field study we found that user’s interruptibility has strong correlation to the 
amount and quality of the data each user inputs. The interruptibility prediction 
accuracy directly correlates to the daily data completeness ratio, and according to 
qualitative analysis, timing the notifications correctly throughout the day is a big 
improvement in inputting time- or situation-sensitive information, such as user mood. 
Relying on user recall hours or days later than the traced period of time is not 
something users or researchers should be required to do, considering modern devices 
and their capabilities. Our participants also strongly felt that the benefit gained from 
inputting data as it happens is something they would want from a life-logging 
application, instead of the application relying strictly on user proactively inputting the 
required data. 

 
The application was also qualitatively analysed after the study with the use of a 

questionnaire and a SUS survey.  The study participants generally agreed that there are 
gains from using this type of input method for data gathering. They also realised the 
value the system can offer to users in terms of self-reflection. In retrospect, however, 
the field study should have been conducted using participants that have previously, or 
currently actively use life logging applications, as several of the participants who 
didn’t use such applications saw little value in the system or the application itself. 

 
In conclusion, the system presented and the evaluation done offers a solid 

understanding of how such system would perform both in the wild for individual users, 
and present an interface for researchers to leverage the system as a data gathering tool 
for research context. The more detailed functionalities for researchers remain as future 
work. 
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