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Executive summary 

In Denmark, it is estimated that up to 55,000 people suffer from epilepsy. According to the Danish 

Epilepsy Association, 70 percent of epileptics become seizure free due to correct medication. However, 

the remaining 30 percent never become fully seizure free. Many epileptics get unpredictable seizures 

without any kind of warning, which can lead to physical damage and hospitalisation. 

 

It is estimated that epilepsy costs the Danish society nearly DKK 6 billion yearly. Apart from the direct 

cost of having epilepsy, the collected costs in regard to epilepsy are mainly composed of indirect social 

economic costs, such as public social benefits. 

 

The internet of things and big data analysis is expected to grow rapidly within health care. Our thesis is 

an experiment of how these technologies can be utilized to potentially improve the lives of epileptics. 

We explore this by collecting data about epileptics by using both their smartphone and a wearable, after 

which we create models by using big data analysis techniques. This serves our overall purpose of de-

tecting factors affecting epileptic seizures as well as potentially predicting seizures.  

 

In our thesis, we created a solution to collect and analyse data about epileptic seizures. The solution 

consists of an iOS application, a Fitbit Charge HR, and a corresponding back-end. With this solution, 

we managed an 89 percent response rate of our daily reports for epileptics over the course of 1.5 months. 

This enabled us to create prediction models, which scored up to 59 percent correctness rate in predicting 

seizures. We further created a regression model with a p value > 0.0001, which potentially enables the 

Danish Epilepsy Association to gain new knowledge of what factors influence seizures. For visual data 

exploration, we were able to classify two seizures as predictable. Lastly, we show how personal needs 

and ethics are important considerations, when designing and building solutions for epileptics. Our thesis 

thereby contributes to both improving the lives of epileptics as well as to predict epileptic seizures.  

 

In the process of working towards improving the life of epileptics, we work within the design science 

framework. Apart from our technical solution and considerations when designing a solution for epilep-

tics, we create a theoretical contribution by showing how it is possible to replace the existing elements 

from the IS research field in the design science framework with the CRISP model, while still complying 

with the design science guidelines.  
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1 Introduction 

In Denmark, an average of 12 people is diagnosed with epilepsy every day, and approximately 1 percent 

of the Danish population suffers from epilepsy (Danish Epilepsy Association, 2013A). Apart from af-

fecting individuals and their social surroundings, the cost for the Danish society related to epilepsy has 

been estimated to approximately DKK 108,000 yearly pr. person, compared to DKK 8,500 for the gen-

eral population. This amounts to a yearly cost of epilepsy at almost DKK 6 billion (Danish Epilepsy 

Association, 2013B). Apart from the direct cost of having epilepsy, the high cost is mainly driven by 

indirect social economic costs. This is due to the fact that people suffering from epilepsy are less likely 

to be fully active in the job market and they are in general more dependent on public social aid than the 

general public. 

 

Epilepsy is a generic term for a wide variety of epilepsy syndromes. It is appears from different causes, 

and it involves sudden, repeated seizures, which are released by abnormal electrical impulses in larger 

or smaller parts of the brain (Alving et al, 2014).  

 

1.1 Phenomena of interest 

In this thesis, our phenomena of interest are epilepsy, internet of things, and big data. In the following, 

we will explain the importance and relevance of our project. Overall, our aim is to improve the daily 

lives of epileptics by building an internet of things solution tailored for epileptics and analysing the 

acquired health data with big data analysis techniques.  

 

1.1.1 Epilepsy 

Epileptic seizures can vary in how they affect an epileptic. While some seizures are characterised by 

heavy cramping, other seizure types involves the user mentally fading away in absence seizures. Further, 

it is possible for one person to experience different kinds of seizures (Alving et al, 2014).  

 

Epilepsy is typically treated with medicine (Danish Epilepsy Association, 2016A). To be correctly med-

icated, a patient needs a clear diagnosis of the type of epilepsy, after which many epileptics will become 

seizure free. While 60-65 percent of people with epilepsy become free from seizures through correct 

medication, 30 percent never become fully free from seizures.  

 

1.1.2 Internet of Things and Big Data analytics 

According to Islam et al. (2015), the internet of things is expected to grow rapidly in the health care 

sector. By enabling real-time physiological mobile technologies, internet of things can possibly extend 

the provision of high cost, hospital-based rehabilitation programs to cost-effective delivery models out 

of the hospital. An example of such technologies can be wrist-worn heart rate monitors that are easy to 
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navigate by ordinary users without specific knowledge regarding technology. When powered by big 

data analytics, this allows for new ways of treating medical conditions (McDermott et al., 2015). 

 

In this project report, we look into if – and potentially how – the internet of things and big data analysis 

can be utilized to improve the lives of epileptics. Further, this could potentially lead to both improving 

the life of epileptics as well as reducing the social economic costs of epileptics. 

 

1.2 The Danish Epilepsy Association 

The Danish Epilepsy Association was established in 1962 and is a member-driven organisation with 

approximately 5,500 members (Danish Epilepsy Association, 2016B). The organisation is a voluntary 

organisation that acts in the interest of the 45,000-55,000 Danes with epilepsy as well as their relatives 

and caregivers. The organisation is working towards improving the treatment for epileptics, as well as 

ensuring that they are not being limited in their everyday lives. The Danish Epilepsy Association pro-

vides counselling, information, courses, and network. It is part of the Danish Disability Movement 

(Dansk handicap bevægelse), a member of the international epilepsy movement and an active member 

of the umbrella organisation Danish Disability Organisations (Danske Handicaporganisationer) and 

Danish Patients (Danske Patienter).  

 

1.3 Business needs 

Throughout our project, we have been communicating with Per Vad, communication consultant in the 

Danish Epilepsy Association. Our first meeting with Per Vad was a semi-structured interview (Ander-

sen, 2008). When we introduced Per Vad to the possibilities of internet of things and big data analytics 

in the interview, he saw a great potential in utilizing these technologies to improve the lives of epileptics. 

He increased our understanding of epilepsy, and provided insight into which specific parameters it 

would be relevant for us to investigate (see appendix A for recording of interview with Per Vad).  

 

In collaboration with Per Vad, we defined the business needs, which have constituted the direction of 

this thesis:  

 

 Help epileptics by using the internet of things and big data analytics 

o Make everyday life easier for epileptics, through the use of internet of things and big 

data analytics 

o Help epileptics to gain greater insight into their epilepsy, using internet of things and 

big data analytics 
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The urgency of these business needs can be explained by a common problem for most epileptics. Many 

epileptics seizure unpredictably and without any kind of warning. This is a problem in many epileptics’ 

lives, as they often get physically hurt. 

 

With the mission of the Danish Epilepsy Association being to work actively towards improving the lives 

of epileptics and ensuring that they are not being limited in their everyday lives (Danish Epilepsy Asso-

ciation, 2016B), Per Vad argued that even if it would not be possible to improve the users’ lives sub-

stantially by the use of internet of things and big data analytics, it would be of interest to gain greater 

insights about the users’ seizures through big data analysis. In the following, we specify the business 

needs further, by formulating our research questions. 

 

 

2 Research questions 

As described above, the defined business needs are how to use internet of things and big data to help 

epileptics. More specifically, our research questions (RQ) for this thesis are:  

 

RQ1: How can internet of things be used for collecting data about epileptics? 

 How can data about daily activity, sleep quantity, heart rate, medicine intake, stress, alcohol in-

take, and mood be measured?  

 

RQ2: How can Big Data analysis help identify factors that influence seizures for epileptics?  

 How can qualitative input from epileptics supplement a Big Data analysis? 

 

RQ3: What considerations are important in terms of personal needs and ethics when designing an inter-

net of things solution for epileptics? 

 

 

In this thesis, we will first present literature related to our phenomena of interest. There after we will 

describe how we have conducted our research, after which we will present our analysis, which answers 

our RQs. Finally, we will describe contributions of our thesis and present a conclusion that answers the 

RQs stated above. 
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3 Literature review 

In this section, we present and cover relevant literature, which enables to us to gain a better understand-

ing of the phenomenon of interest. 

 

3.1 The Internet of Things 

According to Uckelmann, Harrison and Michahelles (2011:V), Internet of Things (IoT) of today can be 

defined as: 

 

“(…) a foundation for connecting things, sensors, actuators, and other smart technologies, thus ena-

bling person-to-object and object-to-object communications.” 

 

This means that sensors enable us to retrieve and transform analogue data, which is used to be inacces-

sible, into digital data. Thus, new sources of information become accessible, and when combining the 

new data with other technologies such as big data, IoT can potentially lead to autonomous decision-

making, where software agents and algorithms make decisions based on data from sensors and ‘things’ 

in an IoT environment (Uckelmann, Harrison & Michahelles, 2011). IoT makes it possible to combine 

data from various sources, and as stated by Kranenburg et al. (2011), IoT brings raw data to the end-

user and allows the end-user to generate new data. 

 

Overall, an IoT environment is composed of a network of 

‘things’ (see Figure 1 for a conceptual sketch of a ‘thing’). On a 

conceptual basis, an IoT device (a ‘thing’) consists of five com-

ponents. First, the device has a sensor enabling the device to reg-

ister and retrieve input. Examples of sensors could be a thermom-

eter, microphone, or a heart rate monitor. Secondly, the ‘thing’ 

has an actuator, which allows the device to deliver output. Ex-

amples of actuators could be a vibrator, a light source, or a speaker to deliver sound. Thirdly, the ‘thing’ 

has a micro controller unit (MCU) in order to process data, typically in relatively small amounts. Fur-

thermore, the ‘thing’ can have a radio for it to send data either to a base station or to other IoT devices 

in an IoT environment. Lastly, the ‘thing’ has a battery that delivers power to the device.  

 

One of the areas, where IoT is projected to have great impact, is within healthcare (Atzori et al., 2010; 

American Telemedicine Association, 2015). In this domain, IoT allows for new ways of tracking the 

well-being of people through automatic data collection. IoT allows for real-time information about pa-

tient health indicators, which in turn can assist and support the patient in the daily life reminders and 

alerts (Atzori et al., 2010). 

Figure 1 - conceptual sketch of a 'thing' 
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3.2 Big Data 

Provost and Fawcett (2013) defines Big Data as datasets that are too large for traditional processing 

systems, and thus requires new technologies for processing. It also includes using new methods for 

storing, managing, analysing and visualizing data (Manyika et al, 2011). Big Data and IoT are tightly 

coupled in the sense that IoT has the power to create access to large amounts of data from various 

sources, and big data methods and techniques can then be used to analyse and visualise the data (Chen 

et al., 2014; Dull, 2014). 

 

When analysing big data, two of the most prominent approaches are classification and regression (Prov-

ost and Fawcett, 2013). When analysing with classification, one attempts to predict, for each instance in 

a population, to which of the ‘classes’ the entity belongs. Once the analysis has been completed, it can 

help to determine a new instance’s place within the given classes. Since classification groups together 

numerical values, the method of ‘binning’ is rather important. A few common methods to do so are the 

equal width binning method, the equal frequency binning method, and looking at the distribution (his-

togram) of a given attribute and binning from that (Sayad, 2011; Kelleher et al., 2015). In contrast to 

classification, regression analysis attempts to estimate the numerical value of some dependant variable 

through a set of independent variables. Once the regression analysis has been completed, it provides a 

value estimation of a particular variable (Provost and Fawcett, 2013). 

 

Although the two methodologies are related, they are different. While the classification analysis can 

help us understand ‘if’ something will happen, the regression analysis estimates ‘how much’ something 

will happen (Provost and Fawcett, 2013). 

 

Of other big data analysis methods, Keim (2002) highlights the benefits of using visual data exploration. 

This technique has the advantages that it is easy to deal with highly inhomogeneous and noisy data. 

Furthermore, visual data exploration is intuitive, and no understanding of complex mathematical or sta-

tistical algorithms is required. In addition, visual data exploration often provides better and faster results. 

Keim (2002) further states that visual data exploration techniques provides a much higher degree of 

confidence, which makes visual data exploration indispensable compared to automatic exploration tech-

niques. 

 

3.3 Epilepsy 

Epilepsy is the tendency to get recurrent, spontaneous epileptic seizures. The condition was defined by 

Highlings Jackson in 1973: “Epilepsy is the name of occasional, sudden, excessive rapid and local dis-

charges of grey matter.” (Alving et al, 2014:15). 
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All seizures have in common that they are based on an abnormal occurring and uncontrollable, non-

functional motivated, bioelectrical neuronal activity in smaller or bigger parts of the brain (Alving et al, 

2014). An epileptic seizure includes that the finely integrated functions in the brain “breaks down” for 

a few seconds or minutes, and is then rebuild shortly after. For most patients, this includes a loss of 

control (Alving et al, 2014). If the abnormal electrical activity begins in a limited area of one of the 

cortex hemispheres, it is called focal seizure. If the abnormal electrical activity in the beginning of the 

seizure involves both hemispheres synchronically, it is called a generalized seizure.  

 

Focal seizures differs in the sense that the epileptic is either conscious or unconscious. By consciousness 

in this context is meant: “that integrating activity by which Man grasps the totality of his/her phenom-

enal field” (Alving et al, 2014:21). The concept of consciousness is divided into awareness, which is 

the ability to perceive and afterwards remember what happened during the seizure, and responsiveness, 

which is the ability to react to stimuli from the environment during the seizure (Alving et al, 2014). 

Focal seizures with secondary generalization are seizures where the whole brain is involved, and this 

will end in a generalized tonic clonic seizure (grand mal), where the body freezes and the patient gets 

into cramps in large parts of the body. Other generalized seizures include absence seizures, which are 

characterized by sudden loss of consciousness, and myoclonus, which are seizures characterized by 

contractions in arms and legs - usually without loss of consciousness (Alving et al, 2014). 

 

In a 2-year study done by Mattson (1991), the frequency of occurrences and possible mechanisms of 

seizures were studied for a group of 177 epileptics. It showed that missing medication (84%), emotional 

stress (58%), sleep loss (56%) and menstruation (54%) were the most frequent factors related with epi-

leptic seizures. Furthermore, mood and psychological stresses such as frustration, worry, anger, and 

stimulating experiences were often reported with worsening seizures (Mattson, 1991).  

 

Apart from the factors above, Elmpt et al. (2006) concluded in a study of 104 epileptic seizures that 

changes in heart rate occur during epileptic seizures. This conclusion is further backed up by Zijlmans 

et al. (2002). Leading physician, Kern Olofsson, elaborates these conclusions and according to him, 

some patients even experience changes in heart rhythm before a seizure (Danish Epilepsy Association, 

2015) 

 

Another factor that has shown to have an effect on epileptic seizures is alcohol. In a study done by 

Gordon and Devinsky (2001), it has been shown that alcohol intake in small amounts (one to two drinks 

pr. day), does not have a significant effect on serum levels for antiepileptic drugs (AED). Furthermore, 

small amounts of alcohol does not increase seizure frequency. However, chronical alcohol abuse signif-

icantly increase the risk of developing seizures, which can incur during intoxication or withdrawal. Ep-

ileptics with a history of noncompliance to AED, prior history of alcohol or substance abuse or patients 
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with alcohol related seizures may experience an increased number of seizures due to alcohol consump-

tion (Mattson et al., 1990). Patients who drink moderate amounts of alcohol (three to four drinks pr. 

occasion) or heavy amounts (more than four drinks pr. occasion) are in increased risk of having seizures, 

especially 7-48 hours after the last drink (Hauser et al, 1988). Coincidences that includes several factors 

of sleep deprivation, missed AED doses, withdrawal from moderate or heavy drinking implies severe 

consequences for epileptics (Gordon and Devinsky, 2001). 

 

Lastly, Fox (1999) found that single bouts of activity could improve sleep quality and mood. Individuals 

who are active are much more likely to rate themselves and their sense of mental well-being positively. 

Paffenbarger et al. (1994) found that healthy men who engaged in high activity reduced the risk of 

becoming depressed with 28 percent, compared to those who engaged in low activity, while Farmer et 

al. (1988) found that women low on exercise over an 8-year period had twice the risk of clinical depres-

sion. Thus, these factors may have either a direct or at least an indirect effect on seizures for epileptics. 

 

3.4 Safety 

One of the greatest enabling factors for using IoT solutions in healthcare is the sense of safety that IoT-

solutions can provide (Danish Journal of Nursing, 2012; Islam et al., 2015; Atzori et al., 2010). A Danish 

telemedicine solution that enables treatment of patients in their own home has proven to provide a strong 

sense of safety for patients (Danish Journal of Nursing, 2012). The solution, which is a combination of 

IoT powered by autonomous decision-making algorithms, allows for more independent life of individ-

uals while still providing a sense of safety (Danish Journal of Nursing, 2012). Islam et al. (2015) calls 

this service ambient assisted living and mentions it as a building block for future healthcare IoT-solu-

tions.   

 

3.5 Quantified self 

According to Swan (2013), the quantified self is defined as any individual who engages in self-tracking 

of any kind of physical, behavioural, biological, or environmental information. The individual takes a 

proactive stance towards obtaining different kinds of information such as mood, sleep quality, health, 

cognitive performance etc., and by looking at data the individual can act. As humans have natural curi-

osity and problem-solving capabilities, health is an important motivator but not the sole focus. Addi-

tionally, many self-trackers have found implementable solutions in areas, which have not been discov-

ered by the traditional health care (Swan, 2013).  

 

According to Swan (2012), effects from IoT and quantified self have been proven through a range of 

examples. By being aware of different factors such as quantity of sleep, heart rate and physical activity, 

the individual can gain greater introspection of oneself. For epileptics, this could potentially lead to a 

better understanding of which factors might influence a seizure.  
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3.6 Ethics 

Tracking of great amounts of personal sensitive data can place users in a vulnerable state in terms of 

ethics. According to Bizer et al. (2006), many users use social services that are risky and privacy inva-

sive, because of lack of information about backend practices. Spiekermann (2011) argues that one should 

consider embedding the ‘Idea of Man’ into the system design process. If it becomes more common with 

increased backend transparency, markets might have to adapt to this change.  

 

Figure 2 shows a conceptual sketch of ethical issues that are present when embedding the idea of man 

into systems design. 

 
Figure 2 - Idea of Man (Spiekermann, 2011) 

 

The figure shows that system designers first decide how a user can interact with a system (1. Manipula-

tion). Secondly, the designers determine how the system treats and contacts humans (2. Contact). 

Thirdly, the designers determine to what extent the back-end behaviour should be transparent for the 

user (3. Back-end behaviour). Lastly, system designers decide how the user can access his/her personal 

profiles as well as influence the link between personal profiles and the system.  

 

In today’s world, personal information is an important currency, and personal data has a continuously 

high monetary value. The value of data has been noticed from the corporate world and companies are 

doing their best to profit from this trend (Schwartz, 2003). Companies treat data as a corporate asset, 

and there is a strong perception of personal data as a commodity. Legal scholars who are interested in 

protecting information privacy have emphasised that concerns should be raised about the issue of treat-

ing personal data as a sort of property (Schwartz, 2003; Martin 2015). 
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Martin (2015) argues that ethical issues exist in the big data industry. In the healthcare sector, big data 

can be very beneficial in treating patients. However, some examples show questionable use that rises 

ethical concern. This could be discrimination in either healthcare or insurance, based on data analysis, 

or gathering data about a patient, which is not directly linked to the treatment of the patient (Martin, 

2015).  

 

Martin (2015) further discusses possible solutions for the big data industry’s ethical issues. More trans-

parency in information supply chains and data collection practices, clearer rules about usage of data both 

internally and externally, and a higher degree of data integrity e.g. displayed through markets that are 

visible to regulators and consumers.  
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4 Methodology 

Our choice of methodology, which is the practical structure of our research process (Burrell & Morgan, 

1979), is the design science methodology. As we describe in the following, we work within the prag-

matic paradigm. 

 

4.1 Choice of paradigm  

According to Kuhn (1970:175), a paradigm constitutes the “entire constellation of beliefs, values, tech-

niques, and so on shared by the members of a given community”. In our project, we work within the 

pragmatic paradigm, which is characterized by the relation between theory and praxis (Van de Ven, 

2007). Furthermore, a common understanding in pragmatism is that in order to be successful, truth 

should be the primary guide in action and prediction (Van de Ven, 2007). The criteria of success can be 

found through the utility of our thesis findings (Hevner et al., 2004). We strive to create relevant impact 

to the world and guide action in ways that would not be possible without the results of our thesis. Ac-

cording to Hevner et al. (2004), truth and utility are inseparable: “Truth informs design and utility in-

forms theory. An artefact may have utility because of some as yet undiscovered truth. A theory may yet 

to be developed to the point where truth can be incorporated into design.” As the quote suggests, truth 

and utility are closely related. In our thesis, we strive to create an artefact that can discover some truths, 

which potentially can lead to the truth being incorporated into a design. 

 

In relation to ontology, which defines the worldview and perception of reality (Burrell & Morgan, 1979), 

we accept both the subjective and the objective approach as valid (Van de Ven, 2007). This means that 

we acknowledge that the world can have single truth, which stresses the need to gather objective quan-

titative data. On the contrary, we also acknowledge the truth being as perceived by actors in the world, 

which stresses the need to gather subjective qualitative data. We take an epistemological view of achiev-

ing knowledge through “making” – meaning, that our way of grasping the social reality and communi-

cate our understanding (Burrell & Morgan, 1979) to other people will take place as we interview epi-

leptics, create an IT artefact for epileptics, and create models based on the collected data from our par-

ticipants (Van de Ven, 2007). We constantly try to strive for the best possible explanation at a given 

time, further underlining our iterative process.  

 

As human nature in the pragmatic paradigm is linked to the epistemological view of the world, we take 

on both a deterministic and a voluntarist view on human nature (Van de Ven, 2007). We therefore re-

spect both views in the sense that we view humans both as products of their surroundings and as creators 

of their own reality (Burrell & Morgan, 1979). We distinguish between these views in both our data 

collection and in our data analysis, with the quantitative part taking a deterministic approach and the 
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qualitative part taking a voluntarist approach. Lastly, we accept that we have prior knowledge and cog-

nitive frameworks that can affect our perception of the world (Van de Ven, 2007). We believe that our 

choice of ontology, epistemology, and human nature is aligned with our choice of design science meth-

odology. 

 

In our thesis, we reason through the abductive approach (Van de Ven, 2007; Blaikie, 2007). By taking 

this approach, we are able to adapt to new knowledge in order to explain the phenomenon that we in-

vestigate. We constantly try to improve our understanding to explain our research questions, working as 

a spiral towards the goal (Van de Ven, 2007; Blaikie, 2007). Furthermore, Neuman (2006:98) argues, 

“A researcher using abduction applies and evaluates the efficacy of multiple frameworks sequentially, 

and creatively recontextualizes or redescribes both data and ideas in the process”. We will work with 

the abductive approach throughout the thesis.  

 

4.2 Design science framework 

In our thesis, we work according to the conceptual framework of behavioural science and design science 

(see figure 3).  

 

 
Figure 3 - information systems research framework (Hevner et al., 2004) 

 

The following paragraphs describe how business needs from the environment and applicable knowledge 

from the knowledge base have influenced our IS research in the thesis.  
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4.2.1 Environment 

According to Simon (1996), the phenomenon of interest lies within the environment. Hevner et al. 

(2004) divides the environment into three components: People, organisations, and technology. In our 

thesis, the Danish Epilepsy Association and their technology partially defines our phenomenon of inter-

est. This part of our phenomenon of interest is what defines the business needs. As mentioned earlier, 

the business needs are specified in our research questions, and throughout our thesis, we attempt to 

answer these. 

 

4.2.1.1 People & organisation 

As presented earlier, the Danish Epilepsy Association represents epileptics through their mission of 

improving the lives of people living with epilepsy (Danish Epilepsy Association, 2016B). In our thesis, 

the environment consists of the Danish Epilepsy Association as ‘organisation’ and Per Vad as ‘people’. 

We do not distinguish between people and organisations as we see Per Vad as a representative of the 

Danish Epilepsy Association. When combining the organisation with people, we find the business needs 

as previously presented.   

 

4.2.1.2 Technology 

At our meeting with Per Vad from the Danish Epilepsy Association, we were informed about a mobile 

application for epileptics published by Danish Epilepsy Association. With that knowledge, we and Per 

Vad discussed the possibility of improving the application in different ways as well as developing the 

application further in our thesis. However, we concluded that we would create a prototype application 

for iPhone users, which could be adopted, at a later stage, if the results in our thesis proved to be viable. 

Thereby, we ensure that any new improvements fit into the current application and infrastructure that 

currently exists in the Danish Epilepsy Association.  

 

4.2.2 Knowledge base 

Apart from studying the environment, we also make use of the current knowledge base. We do so by 

looking at current academic literature as well as methodologies relevant for our thesis. 

 

4.2.2.1 Foundations 

As presented earlier in our literature review, we make use of theories and models from prior IS research 

in order to find applicable knowledge about our research area. We use frameworks such as the infor-

mation systems research framework as well as prior instantiations, published research and our own pro-

ject from 2nd semester, 2015.  
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4.2.2.2 Methodologies 

To help us in the process of conducting our thesis (and learn from prior projects), we make use of the 

knowledge base in terms of methodologies. We use design science research method as a guideline for 

the entire thesis. When conducting our IS research, we use the CRISP-model as a framework for our 

build-evaluate-process by incorporating the CRISP-model into the Information systems research frame-

work. In this way, we use the abductive approach as previously mentioned, to use multiple frameworks 

as well as re-contextualise ideas in the process. The following paragraph describes the stages in the 

CRISP-model and later in this section, we will describe how we combine the two frameworks. 

 

4.2.2.2.1 CRISP 

The CRISP model (see figure 4) is an abbreviation of “Cross Industry Standard Process for Data Min-

ing” (Provost & Fawcett, 2013). The purpose of the model is to extract useful knowledge from data in 

order to solve business problems. The data mining process can be treated systematically by following a 

process of six well-defined stages (Provost and Fawcett, 2013). It should be emphasised that the data 

mining process is iterative, and thus it should not be seen as a failure if several iterations should be 

made, until the problem is solved. In each iteration, the researcher will be ever more well-informed. 

 

 
Figure 4 - CRISP model 

Using the CRISP model allows us to have a constant focus on iterations, between each data-mining step, 

as well as at a higher level throughout our thesis (see figure 4).  

 

The process starts by developing a business understanding. In our thesis, it is essential that we under-

stand the implications of living with epilepsy in order for us to develop a suitable solution. The business 

understanding is closely related to data understanding, as we look at data in relation to business. In 
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understanding epilepsy, it is also important to understand the data that can help us analyse it. The itera-

tive process of understanding data and understanding epilepsy enables us to get a deeper understanding 

of the entire phenomena of interest, and thus how we can answer our research questions. In the data 

preparation step, we convert the data from the original raw format into a usable structured format. This 

will be necessary, as we will work with different data formats in order to create models from our data. 

The modelling step includes building analytical models for capturing patterns in the data. Working with 

the data, we use decision tree, regression and visual data exploration. In order to make sure that data 

models are satisfactory, we evaluate our created models. The deployment step is the results of the data 

mining process. In our thesis, the deployment is less technical than the rest of the data mining process, 

and this is a high-level reflection of considerations regarding a strategy, before deploying an IoT solution 

for epileptics. 

 

4.2.3 IS research 

By balancing prior knowledge applicable to our thesis with business needs, we conduct our IS research. 

As we find the steps within the existing IS research fields to be limiting to our thesis, we choose to 

replace it with the CRISP model, which includes more detailed steps for data-mining purposes.  

 

It is our belief that an interconnection between the elements of the existing IS research field with the 

CRISP model would be unnecessarily complex and confusing. Therefore, we have chosen to replace it 

with the CRISP altogether. However, we still comply with the design science guidelines.  

 

Thereby, we combine the two models, which helps us in our work in addition to serving as a contribution 

to the knowledge base. The overall model of our research therefore looks as displayed in figure 5. 
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Figure 5 - CRISP model integrated in the information systems research framework 

 

With business needs and applicable knowledge from the knowledge base as previously described, the 

following paragraphs will describe how we continued our thesis with the CRISP model incorporated in 

the information systems research framework as our framework for IS research, as displayed in figure 5. 

 

4.2.4 Phenomenon of interest 

As previously mentioned, our phenomena of interest is epilepsy, internet of things, and big data. When 

working within the design science framework, the phenomena of interest is composed by a set of key 

elements defined by the environment. However, as our phenomena of interest is epilepsy, the internet 

of things and big data, our phenomena of interest overlaps the design science environment as well as the 

IS research. This is due to the fact that our phenomena of interest consists of epilepsy which resides in 

the environment represented by the Danish Epilepsy Association, while internet of things and big data 

analytics reside within the IS research field. 

 

When we integrate the CRISP model in the IS research of design science, the phenomena of interest – 

epilepsy, internet of things, and big data – will also be part of the business understanding which is found 

in the CRISP model. The business understanding then goes a level deeper than the overall phenomena 

of interest and the business needs. Apart from covering epilepsy, internet of things, and big data at a 

general level, the business understanding explores the obstacles of living with epilepsy through qualita-

tive interviews with epileptics. Regarding internet of things and big data, the business understanding 
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includes exploring the opportunities of internet of things and big data in regard to epilepsy. The reason 

why the internet of things and big data lies within the IS research field, and not within the environment, 

is that the choice of technology chosen for our thesis is chosen on what the knowledge base has to offer. 

Furthermore, the choice is based on what we believe would help epileptics in the best way possible, 

rather than what already exists in the technological environment of the Danish Epilepsy Association. 

 

Our way of redefining the phenomena of interest compared to how the phenomena of interest is usually 

defined, is an example of how we have worked through abductive reasoning, as stated in our choice of 

paradigm.  

 

4.2.5 CRISP 

The following section describes how we have worked within each step in the CRISP model. 

 

4.2.5.1 Business understanding 

As mentioned earlier regarding the phenomena of interest, the business understanding goes a level 

deeper than the overall phenomena of interest, as the business understanding also consists of under-

standing the users’ obstacles in their everyday lives. As we use the CRISP model as part of our design 

science paradigm, the business understanding is highly interlinked with data understanding. To engage 

in a datamining process, it is important to understand the business context (epileptics living with epi-

lepsy), and the phenomena of interest (epilepsy). Furthermore, the business understanding also includes 

understanding the specific features and possibilities enabled by the internet of things and big data. 

 

4.2.5.2 Data understanding 

When we reach the data understanding step in the CRISP model, we work within the IS research field. 

In order to respond to the business needs of the Danish Epilepsy Association, we attempt to understand 

what format of data we need to collect and analyse regarding the problems faced by the epileptics. We 

acknowledge that data costs can vary and we attempt to pursue the highest possible value from data, 

given our time and cost constraints. When collecting the data, it is important to determine its the 

strengths and limitations, as this can affect the following steps when working in the CRISP model. 

 

4.2.5.3 Data preparation 

When we work within the data preparation step in the CRISP model, we are working within the IS 

research field. This is where we attempt to prepare data for analysis in any given way. This includes 

both our qualitative and our quantitative data, and although the two types of data have to be prepared, 

the way of doing it is very different. 
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The qualitative data consist of interviews recorded with a voice recorder. Relevant phrases of the inter-

views are semi-transcribed and coded (see appendix B – interview coding). This enables us to supple-

ment our quantitative analyses with qualitative data in a structured way. 

 

The quantitative data is collected from different sources and structured in a comparable form. Except 

from our survey, in which Google Forms handles data preparation, we prepared all quantitative data 

gathered about epileptics. The initial data collection and preparation is described when answering the 

first RQ, whereas the final data preparation is described when answering our second RQ.  

 

4.2.5.4 Modelling 

When we work within the modelling step in the CRISP model, we work within the IS research field. 

Once data is prepared, we are ready to model the data. We create models by using classification, regres-

sion and visual data exploration, which is described in our literature review. Furthermore, we supple-

ment our quantitative analysis with qualitative data. This is described when answering our second RQ. 

 

4.2.5.5 Evaluation 

Also the evaluation step in the CRISP model is within the IS research field. When our models are cre-

ated, we evaluate them to measure the success of our study. As we strive to come up with a solution to 

the business need defined by the Danish Epilepsy Association and presented as our research questions, 

we evaluate the correctness, validity, utility and impact of our model and findings. We also make use of 

qualitative data in our evaluation. 

 

For evaluation purposes, we sent out a follow up survey to the users after the data collection period in 

an attempt to evaluate the user satisfaction in regard to the overall thesis process. Our survey questions 

are designed in a later stage, and thereby based on the knowledge we have gained through the interviews 

(see appendix C – survey results). For example, some users stated concerns regarding data security. We 

noticed the concern and incorporated questions about this in the survey. In this way, we work in align-

ment with abductive reasoning and within the design science paradigm as we incorporate new 

knowledge from the field and seek academic knowledge from the knowledge base. 

 

4.2.5.6 Deployment 

The deployment step in the CRISP model, is within the IS research field. In the deployment part of our 

research, we make use of our evaluation and suggest strategic considerations to take into account when 

designing an internet of things solution for epileptics. Although we do not strive to deploy the technical 

solution directly into the Danish Epilepsy Association’s existing infrastructure in this thesis, we suggest 

guidelines and insights from our thesis in terms of ethics and safety, which according to Provost & 

Fawcett (2013) can be considered deployment. 
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4.2.6 Design science guidelines 

Hevner et al. (2004) describes seven guidelines for design science research. In the following, we will 

demonstrate how we follow each guideline in our thesis when using the CRISP model integrated in the 

information systems research framework.  

 

4.2.6.1 Design as an artefact 

The first guideline prescribes that design-science research must produce a viable IT artefact. Further-

more, the artefact must be created to address an organisational problem, and be described in depth, in 

order to be applied to a specific domain (Hevner et al., 2004). Instead of addressing an organisational 

problem, we address the business needs stated by the Danish Epilepsy Association. In our thesis, we 

create several artefacts. When collecting data, we create an iOS application, EpiX, which enables us to 

get insights about the participants’ daily life. We use a Fitbit Charge HR to gather data about daily 

activity, sleep, and heart rate, and we create a back-end that allows for data analysing. By using both 

sources of data combined with seizure calendars from each user, we create big data models, which can 

be seen as other artefacts. By using the CRISP model, we ensure that our artefacts are created to serve 

as tools for a prior obtained business understanding.  

 

4.2.6.2 Problem relevance 

In our thesis, we focus on how we can help people suffering from epileptic seizures. Although this is 

not a business problem in its essence, we find it relevant for two reasons:  

1. Research still strives to find solutions for people struggling with epilepsy 

2. Epilepsy is a problem that incurs large costs on society 

 

Hevner et al. (2004) describes a problem as the gap between the goal state and the current state. When 

attempting to solve a problem, one tries to reduce or eliminate this gap. In our domain, we believe that 

technology potentially can reduce a gap for epileptics, which is why we believe the problem is relevant.  

 

4.2.6.3 Design evaluation 

Overall, we aim to investigate the instantiation of the EpiX application, Fitbit Charge HR as well as the 

models that we create based on our data. We conduct our research as a case study, where we study the 

instantiation in depth through a single project. Simons (2009) as cited by Thomas (2011:512) defines a 

case study as: “(…) an in-depth exploration from multiple perspectives of the complexity and uniqueness 

of a particular project, policy, institution, program or system in a “real life” context. We study the 

artefact for dynamic qualities through a controlled experiment in order to evaluate factors such as fit 

with research domain, performance, and usability. The IT artefacts will be tested both through functional 

testing (testing for functionality), and structural testing, where we tested for usability and coverage of 

the artefact. When evaluating the utility of our IT artefacts, we use the CRISP model to compare our 
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models and evaluate these with the business understanding that we have gained in the beginning and 

throughout our thesis. 

 

4.2.6.4 Research contributions 

Our thesis aims to contribute in terms of both the environment and the knowledge base.  

We contribute to the environment through our instantiation of IT artefacts. As described in the literature 

review, prior research has shown that several factors can influence the frequency of seizures. In our 

thesis, we strive to respond to the business needs from Danish Epilepsy Association by answering our 

research questions, and thereby contribute to epileptics and the environment. 

 

We contribute to the knowledge base by incorporating the CRISP model into the information systems 

research framework. We attempt to prove that the CRISP model can be used as a framework for IS 

research within the datamining field, and throughout the thesis, we show how this can benefit our re-

search. 

 

4.2.6.5 Research rigor 

In regard to research rigor, this part addresses how our research is conducted. Our thesis has foundations 

from several fields. Prior research in designing internet of things solutions for people suffering from 

chronic diseases has increased our knowledge about plausible pitfalls when designing the IT artefact. 

Furthermore, research about epilepsy and expertise knowledge from Danish Epilepsy Association has 

helped us understand epilepsy and how it influences the life of epileptics.  

 

Moreover, we make use of knowledge from our project on our second semester of Cand.merc(it.). Learn-

ings about architecture, user behaviour, measurement of mood, and how to engage/help users with our 

solution has ensured that initial mistakes we made in our previous project were not repeated. 

 

Overall, we believe that our methods ensure rigor in data collection. By using the various sources of 

data, we also ensure that data is triangulated, in order to increase the validity of our thesis. 

 

4.2.6.5.1 Research triangulation 

In our research design and data collection, we have chosen to use triangulation on as many parameters 

as possible (Oates, 2006). We use method triangulation by using the design science framework inte-

grated with the CRISP model. We use location triangulation by interviewing users who live at different 

locations, age triangulation by having a varied group of users in terms of age, and seizure triangulation 

by having ten users, all with different kinds of seizures. As we are two interviewers who conduct the 

research, we use research triangulation, and since we use more than two theories in this thesis, we also 

use theory triangulation. Figure 6 shows how we gather data from different sources and thereby trian-

gulate by using several data collection methods. 
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Figure 6 - data triangulation 

As shown in figure 6, we have made an effort to ensure that we collect both qualitative and quantitative 

data. Furthermore, we collect data from the Fitbit Charge HR, which we argue is a measurement of the 

objective world. We also conduct qualitative interviews, collect quantitative and qualitative data via 

surveys, collect qualitative and quantitative data through the EpiX app, and collect the users’ subjective 

seizure calendars with quantitative data. 

 

4.2.6.6 Design as a search process 

The process of our thesis is iterative. From the start of our thesis, we have considered different alterna-

tives to data collection, data analysis, project content etc. in order to ensure that we come up with the 

most effective solution. In relation to thesis content, we develop the scope in order to create the best 

possible outcome. Initially, we did not intend to discuss safety and ethics in our thesis; however, as we 

gained better business understanding, we realized that the subjects are important to them. We therefore 

decided to include the topic and added a RQ, which deals with this area. 

 

4.2.6.7 Communication of research 

It is important to that we present the findings of our research to different audiences. To communicate 

effectively to various groups with interest in our thesis sets requirements to our communication. Overall, 

we must ensure that the following stakeholders can absorb it: 

 Academics: Master thesis 

 Participants in our experiment: Master thesis and analysis of individual data 

 Danish Epilepsy Association: Complete thesis and executive summary 
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4.2.7 Analysis with CRISP model 

The previous sections described our research method, and how we follow design science by also incor-

porating the CRISP model in the information systems research framework. In this paragraph, we de-

scribe how we use CRISP as our overall framework for IS research, and how each section in the thesis 

answers our research questions. Figure 7 displays how we answer our RQs in relation to the CRISP 

model. Further, see appendix D for project timeline.  

 

  
Figure 7 - Thesis structure displayed in the CRISP model 

 

As seen from figure 7, we start the thesis by obtaining business understanding. This is done in our case 

description, where we dig into the phenomenon of interest and thus cover business understanding. In the 

first RQ, we cover data understanding and present how we can gather data needed to move on to the 

next steps in the CRISP model. We therefore overlap with data preparation, since gathering the data 

through an internet of things solution includes making specific choices in regard to, what data needs to 

be collected and in what format the data should be collected to be ready for analysis in our second RQ. 

In our second RQ, we finalise data preparation by extracting and matching data points, which in itself 

is a complicated analytics problem (Provost & Fawcett, 2013). We move on to analysing the data we 

have gathered with classification, regression and visual data exploration in the modelling step, after 

which we evaluate our results with several technical and non-technical evaluation techniques. Lastly, in 

RQ3, we evaluate how our learnings can be used for a potential deployment on a strategic level.  
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5 Case description  

As we previously described, our phenomena of interest is epilepsy, IoT, and big data. In the following, 

we introduce the users and give an insight to the everyday lives of epileptics. We then present our choice 

of IoT wearable, and finally we cover a visual presentation of how big data is put to use as part of our 

IoT solution. 

 

5.1 Business understanding  

As explained in the methodology regarding the phenomena of interest, business understanding goes a 

level deeper than the overall phenomena of interest, as the business understanding consists of under-

standing the users’ obstacles in their everyday lives. Since we use the CRISP model as part of our design 

science paradigm, the business understanding is highly interlinked with data understanding. In order to 

engage in a datamining process, it is important to understand the business context (people living with 

epilepsy) and the phenomena of interest. Furthermore, the business understanding also includes under-

standing the specific features and possibilities enabled by IoT and big data. 

 

5.1.1 Understanding epileptics 

When commencing our thesis, we needed to gain knowledge regarding our phenomenon of interest, 

while at the same time find participants for our research. With support from the Danish Epilepsy Asso-

ciation, we established contact with users through Facebook as well as on the Danish Epilepsy Associ-

ation website (see appendix 1). We defined the following requirements for the users. 

 Living in Denmark 

 Age 18-50  

 iPhone user 

 Frequent seizures 

 Interest in getting to know oneself better 

 Willing to participate for 1.5 months from February 15th 2016 

 

Given the scope of our study and a limited development time frame, users needed to have an iPhone. A 

total of ten users met our requirements for our thesis. 

 

We conducted interviews across the country in the users’ homes as semi structured interviews (Ander-

sen, 2008). In the interviews, we shed light upon subjects that were structured in a drafted interview 

guide with questions regarding their epilepsy and everyday challenges prior to the interviews (see ap-

pendix 2 for interview guide). When conducting the interviews we used the laddering technique in order 

to go beyond the basic understanding that we would be able to get from just asking questions (Schultze 

and Avital, 2011). Furthermore, we took an explorative approach in our attempt to understand the users’ 
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everyday lives and challenges in an empathetic way. This all served as means to gain a better business 

understanding of the lives of epileptics.  

 

It is our belief that we have met the Danish Epilepsy Association as well as the epileptic users without 

bias and with interest and curiosity. Both the Danish Epilepsy Association and the participants have met 

us with a high degree of openness, which has given us the best conditions for understanding the context. 

 

5.1.1.1 Description of users living with epilepsy 

Ten participants have been part of our thesis. Since we will refer to the users throughout our thesis, we 

will display a user description with anonymous IDs. The aim is to give an insight into each user’s type 

of epilepsy, as well at their everyday lives. See appendix 3 for explanation of seizure types. 

 
Table 1 - User J-01 

User   Age Triggers Seizure duration Seizure frequency 

J-01 27 Alcohol 1-2 min Every 4th-8th week 

Seizure type: Generalized epilepsy - tonic clonic seizures (grand mal) 

Seizure description: Seizures with cramps. I can be drooling and I often bite my tongue. My lips will get blue 

because there is a lack of oxygen. Often I will also get hurt. I got a seizure while sitting in front of a barbeque 

last summer. I stood up, fell and hit my head on the barbeque and got a first-degree burn on my forehead. I have 

also tried getting a seizure while biking, which resulted in a crash and having to wear a brace for 1.5 years. 

Consciousness during seizure (responsiveness, awareness): I lose consciousness and I will go into cramps 

for 1-2 minutes. 

Consciousness after seizure: After the seizure, I do not remember anything.  

Aura/forewarning: No forewarning. People in my life have told me that I just stand still and stare, but when 

that happens, I have already lost consciousness. Sometimes I will reach out with my hands in front of me. It can 

happen about 20 seconds before a seizure. 

 

 
Table 2 - User J-02 

User Age Triggers Seizure duration Seizure frequency 

J-02 46 

 

Stress. Many seizures in a row are stressful, 

because I know it can damage my brain. 

Not more than 10 

minutes 

1-3 each month 

Seizure type: Frontal lobe and perhaps temporal lobe (not sure). Often seizures during sleep. 

Seizure description: Seizures during the night 

Consciousness during seizure (responsiveness, awareness): Do not know. When I have seizures during the 

day, I do not remember anything afterwards. During the seizure, I am unconscious and I cannot react to stimuli. 
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Consciousness after seizure: After a seizure, I do not know who I am or what my name is. It takes an hour 

before I am conscious again. When I have a seizure during sleep, it feels like I have been in very deep sleep and 

my tongue might feel soar. After a seizure, I am very tired and can spend a whole day sleeping. 

Aura/forewarning: I have 20-30 seconds before a seizure, where I have time to sit down. My hearing is en-

hanced and my sense of smell is enhanced - I smell things that others cannot smell. I feel like I can hear every-

thing much louder. I also feel sort of an explosion that ascends in my body from my solar plexus, and then I 

lose consciousness. 

 

 
Table 3 - User J-03 

User Age Triggers Seizure duration Seizure frequency 

J-03 41 Stress, tired-

ness, bad 

sleep, alcohol 

1-1½ minutes for small seizures. When there are 

many in a row, it can last up to 12 hours. It can 

start with absences and turn into cramps. 

I can have 5-8 seizures a 

day and then there can be 

a gap of a week. 

Seizure type: Absences and cramps. 

Seizure description: Absences where I am mentally zoned out. If I have many seizures in a row, it can turn 

into seizure cramps, which it often does. They usually occur in the evening, also when I am stressed or have 

slept poorly. 

Consciousness during seizure (responsiveness, awareness): I can hear what is being said but I do not know 

what is being said, and I am not able to respond. I sometimes reply without knowing I am replying, and I can 

sometimes answer in a way that makes sense. 

Consciousness after seizure: Afterwards I do not remember anything. I might remember having said some-

thing, but I do not remember what I have said. 

Aura/forewarning: A weird ascending feeling that starts in the abdomen and rises up through the body. This 

feeling can occur 10 seconds before a seizure. It occurs before the small absences and the large cramp seizures. 

 

 
Table 4 - User J-04 

User Age Triggers Seizure 

duration 

Seizure frequency 

J-04 35 Too large workload 

as it exhausts me. 

20-30 sec-

onds 

10-15 seizures some months and 5 seizures other 

months. Sometimes I can have 6 seizures in one day, so 

they come in clusters. 

Seizure type: Absence. 

Seizure description: I get two types of seizures. The first type is where I become distant and unconscious. Here 

it is difficult to sense that the seizure is on its way, but I can sometimes experience an aura 5-10 seconds before 

the seizure starts. I feel a weird feeling in the head like dizziness, and then I am out for 20-30 seconds. After 

the seizure, I get a weird feeling in my body. I never fall and I can usually stand and be doing something - 
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continuing something like steering in a pot throughout the seizure. The second type of seizure I get, I am con-

scious and I can usually sense that the seizure is on its way. These seizures only started occurring five years 

ago. With this kind of seizure, I can feel that I become very warm in the one part of my face. Here I can get sort 

of a nauseous feeling, and I am aware of what happens around me. These seizures can last for a few minutes. 

Consciousness during seizure (responsiveness, awareness): For one type of seizure, I am unconscious. The 

other kind of seizures that I get, I am conscious. 

Consciousness after seizure: With the conscious seizures, I can remember what happened afterwards. 

Aura/forewarning: Little or no forewarning 

 

 
Table 5 - User S-01 

User Age Triggers Seizure duration Seizure frequency 

S-01 18 Stress and exhaustion. When I am 

under pressure. 

1 second, but there can 

be more in a row 

They come in periods 

and a appear in clusters 

Seizure type: Myoclonic - a sort of tics in arms or legs. 

Seizure description: The seizures show as twitches in arms and legs. They often occur when I feel stressed. 

They only occur during the day (as far as I know) 

Consciousness during seizure (responsiveness, awareness): Usually fully conscious. 

Consciousness after seizure: Can remember some of what happened after a large seizure, but I do not remem-

ber everything.  

Aura/forewarning: No.  

 

 
Table 6 - User S-02 

User Age Triggers Seizure dura-

tion 

Seizure frequency 

S-02 25 Stress and 

anxiety.  

2 minutes Roughly every month. After a cramp seizure, I can have 

another seizure a week or two weeks later. 

Seizure type: Both cramp seizures and myoclonic seizures. The myoclonic seizures are often an indication that 

I am about to get a cramp seizure. 

Seizure description: Primarily myoclonic seizures where the consciousness is lost for a moment. In periods, 

the seizures will occur frequently. In those cases, it is often a sign that a bigger seizure is on its way. Then I can 

get a whistling sound in the ear and double vision a few days before a seizure. After a cramp seizure, I am 

usually tired and can sleep for 4 hours. I have fewer seizures when I exercise, sleep 8 hours a night, eat well, 

and take my medication on time. 

Consciousness during seizure (responsiveness, awareness): When I have the myoclonic seizures, I am con-

scious. When I have the cramp seizures, I am unconscious, and I cannot hear if someone is talking to me during 

these seizures. 
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Consciousness after seizure: With the cramps seizures, I can sometimes remember what happened right before 

the seizure, but other than that, I cannot remember what happened during the seizure. 

Aura/forewarning: Double vision, myoclonic tics, and whistling sound for the ears. 

 

 
Table 7 - User S-03 

User Age Triggers Seizure dura-

tion 

Seizure fre-

quency 

S-03 22 Sleep deprivation, stress and sitting without focusing. 

If I do not take my medicine, then I will get seizures. 

A few seconds Daily absences 

Seizure type: Absences.  

Seizure description: I get daily absences, which shows as short periods, where I lose consciousness. I some-

times get cramps in my arms. I then drop things or fall if I am standing up. After a seizure, I also forget what I 

was about to say.  

Consciousness during seizure (responsiveness, awareness): Sometimes I am conscious when I am about to 

fall, at other times I am not aware of it happening. I can also react by holding on extra tight to something that I 

have in my hands, when I can feel a seizure is about to occur. 

Consciousness after seizure: When I cramp in my arms I am conscious. When I forget what I am about to say, 

I am conscious as well, I just cannot remember what I was doing or saying. 

Aura/forewarning: No. 

 

 
Table 8 - User S-04 

User Age Triggers Seizure duration Seizure frequency 

S-04 18 Stress, sleep, alcohol, lack of activity. 

Loud sounds can be stressful, for instance 

if too many conversations are going on at 

once. Having to remember many things at 

once. Especially the activities at school.  

About 2 minutes (hear-

ing seizures). When 

sleeping, 3-5 minutes 

during napping. At 

night, the seizures are 

about 30 minutes. 

2 every week but it 

can also be 2 every 

month. Usually after 

3pm when I get home 

from school. 

 

Seizure type: It does not really have a name. It is in the temporal lobe on the right side. Maybe frontal epilepsy. 

The seizures during the night are cramp seizures. 

Seizure description: Seizures on the hearing. It feels like being under water, when others are talking above the 

water. I see things in slow motion like in a movie where everything is blurry and you look around - like being 

high. I can feel my pulse and it feels weird. My eyes cannot focus at all. I only know what my symptoms are 

based on what others have told me. The seizures that occur at night are very intense and often involve an am-

bulance and a visit to the hospital. 
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Consciousness during seizure (responsiveness, awareness): I am somewhat conscious during hearing sei-

zures in my “inner world”. I know that I am having a seizure, but I am not present. I cannot react during a 

seizure, but I can respond and say in a blurry way. When having seizures at night, I am not conscious. 

Consciousness after seizure: Yes and I can recognize people right after the seizure, but I get sad because I 

know that I had yet another seizure. 

Aura/forewarning: I get very confused and feel something in the back of my head. Sometimes I get a headache. 

My hearing starts to deviate. After a minute the seizure starts. When I sleep, the aura is usually a nightmare 

where I dream about spiders at my feet, so I start pulling up my legs to avoid the spiders. After an hour, the 

seizure occurs. 

 

 
Table 9 - User S-05 

User Age Triggers Seizure duration Seizure frequency 

S-05 43 Stress, multi-task-

ing, alcohol, noise, 

hormonal changes 

20 sec - 2 minutes with a cou-

ple of minutes (1-5 minutes) 

of reorientation period. 

 

Sometimes every 7th day, sometimes 

every 16th day. When I get a seizure, 

I usually get 3-5 seizures spread out 

on 2-3 days. 

Seizure type: 2 types of seizures: One type is simple partial seizures and the other one being complex partial 

seizures. My epilepsy is called “difficult to treat” as I have complex and simple seizures. 

Seizure description: When unconscious (complex partial seizures) I usually stare at people while chewing and 

fiddling with my hands. Once I was in the middle of a phone conversation, and then I just slammed down the 

phone. When having the simple partial seizures I just get confused and then I am conscious. I also sometimes 

have conscious seizures where I get hot flashes through my body starting from the toes and the warmth contin-

uous up throughout my body. We also suspect that I sometimes have seizures at night, but it is not something 

we are registering. When I have some of the bigger complex partial seizures, I freeze a lot afterwards.  

Consciousness during seizure (responsiveness, awareness): With the simple partial seizures, I get confused 

but I stay conscious. When having the complex partial seizures, I lose consciousness. I am responsive and can 

reply to questions, but I have no idea what has been talked about afterwards.  

Consciousness after seizure: After a complex partial seizure, I do not remember anything. I can just feel that 

I have been confused in my head and that usually makes me realize that I have had a seizure. After a simple 

partial seizure when being confused, or when having hot flashes, I remain fully conscious. 

Aura/forewarning: No - I wish I did, because then I would have time to sit down. Because often I fall and hurt 

myself. 
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Table 10 - User S-06 

User Age Triggers Seizure duration Seizure frequency 

S-06 21 Pressured situations. I can drink alcohol, but the 

day after I am usually more tired, which can 

trigger seizures. 

5-10 seconds 0-15 seizures daily. 

Usually I get 4-5 pr. 

day. 

Seizure type: Absences. 

Seizure description: I come to a standstill where I zone out. It is like turning on an off a light switch. For a few 

second it is not possible for others to get contact with me. 

Consciousness during seizure (responsiveness, awareness): Usually I am not conscious during the seizure, 

but in very few incidents, I am conscious during the seizure. 

Consciousness after seizure: After the seizure, I know that I have had a seizure. When I am with others I either 

tell them what happened or they just wait for me to come back. 

Aura/forewarning: No forewarning. 

 

In order to give an overview of our participants’ epilepsy, we have summed up the most important data 

in table 11 below. For all the participants, consistent medication intake is important to avoid seizures. 

The column “triggers” in table 11 further shows additional triggers of epileptic seizures for each user. 

 
Table 11 - Overview of users 

User Frequency Duration Seizure type Triggers 

J-01 Monthly 1-2 min.  Cramp Alcohol 

J-02 Weekly 1-2 min., up to 10 min. Unknown Stress 

J-03 Weekly 1-2 min., up to 40 min. Absences, cramp Stress, alcohol, fatigue 

J-04 Bi-weekly 20-30 sec. Absence Fatigue 

S-01 Weekly 1 sec. Myoclonic Stress, fatigue 

S-02 Monthly 2 min. Cramp, myoclonic Stress, anxiety 

S-03 Daily 1-5 sec. Absence, myoclonic Stress, fatigue 

S-04 Weekly 2-5 min., up to 30 min. Absence, cramp Stress, alcohol, fatigue, inactivity 

S-05 Weekly 0.5-2 min. Absence Stress, hormonal changes 

S-06 Daily 5-10 sec. Absence Alcohol, fatigue, anxiety 

 

5.1.1.2 Observing an epileptic seizure 

Most of the users explained how they often feel misunderstood by peers, teachers, co-workers etc. be-

cause of their epilepsy. They explained how a seizure can scare the people watching it. Some of the 

users explained how epilepsy has limited their social interaction with people, and how they feel emo-

tionally hurt and disappointed when they experienced that people get scared by observing their seizures. 
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During the interview with user S-05, we experienced a complex partial seizure. As previously men-

tioned, we have chosen to view the world as both objective and subjective. We acknowledge that we are 

subjective when entering the field although we strive to enter the field without bias. For that reason, we 

will explain, how we experienced the seizure differently. We believe it is important to be aware of our 

different reactions to the seizures, since it can potentially serve as a bias.  

 

5.1.1.2.1 Interviewer 1: Experience of seizure 

At one point during one of our interviews, the user did not answer one of our questions in spite of being 

asked the same question several times. The user started to chew and make monotonous movements and 

sounds. After a little while, I realized that the user was having a seizure. I called for the user’s daughter, 

as I was not sure if there was a possibility that the seizure could develop into cramps. The daughter came 

into the room and calmly held the user’s hands. Then she said: “you have had a seizure” a few times 

without any response from the user.  

 

After a few minutes, the seizure stopped. However, the user was not fully recovered and was now snap-

pier, less calm, and I sensed a sort of passive aggressiveness in spite of the user not talking. After a few 

minutes, the user started talking with short comments and a less friendly facial expression than before. 

This scared me and I could feel my pulse rise. I felt nauseous and wanted to leave immediately, but 

naturally, I stayed and acted professionally. After reflecting upon the situation, it was not the seizure 

that scared me as much as it was the reorientation period that lasted five minutes after the seizure. The 

user showed a completely different personality and a sudden unpredictability in behaviour. After the 

five-minute reorientation period, the user asked: “Did I have a seizure?”, after which the user slowly 

came back to the personality we first met. 

 

5.1.1.2.2 Interviewer 2: Experience of seizure 

When I realized the user was having a seizure, my first thought was to ensure that the user would not 

get hurt from things on the table. Secondly, I was wondering what was going on inside the user’s head 

right in the moment of the seizure. My thesis partner called for the user’s daughter, and the daughter 

came in to the living room. Before she arrived, I was in a “protector mind-set” and instinctively I was 

tense and ready to protect and support if needed. Once the daughter arrived, it was obvious that she 

knew what she was doing and she had everything under control. Therefore, I sensed there was room for 

me to relax and let go of the responsibility and let the daughter take the role of the “protector”. 

 

When the seizure was over, I remember thinking that the user looked like having recovered from the 

seizure. However, when the daughter rhetorically asked the user what we were doing, our user looked 

around with a puzzled expression. Upon looking at me, the user did not recognize me. The whole reor-

ientation period felt longer than I expected, and it took five minutes before the user was fully recovered.  
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5.1.2 Internet of Things – understanding Fitbit Charge HR 

As we are using the CRISP model as part of our design science paradigm, the business understanding 

is highly interlinked with data understanding. Apart from epilepsy, the business understanding also in-

cludes understanding the specific features and possibilities enabled by IoT and Big Data. In the follow-

ing, we will cover the part of the CRISP model, which includes IoT enabling possibilities of the business 

understanding. 

 

For our thesis, we have chosen to use the Fitbit Charge HR as our wearable. We have chosen this wrist-

band monitor, as it is able to monitor heart rate, which as mentioned in our literature review is an im-

portant attribute to monitor, both before and during an epileptic seizure. Furthermore, the Fitbit Charge 

HR monitors physical activity and sleep, which are also important factors according to the knowledge 

base (Fox, 1999; Mattson, 1991; Elmpt et al., 2006) 

 

Table 12 shows an overview of the Fitbit Charge HR specifications (Fitbit, 2016): 

 
Table 12 - Fitbit specifications 

Fitbit Specifications 

Sensors & Components 

- Optical heart rate monitor 

- 3-axis accelerometer 

- Altimeter 

- Vibration motor 

Memory 

- Tracks 7 days of detailed motion data – minute by minute. 

- Tracks daily totals for past 30 days 

- Stores heart rate data at 1 second intervals during exercise tracking and at 5 

second intervals all other times  

Battery and Power 

Fitbit recommends charging 

the device every few days to 

ensure continuous tracking. 

Battery life: lasts up to 5 days 

Battery type: Lithium-poly-

mer. Charge time: One to two 

hours  

Radio transceiver: Bluetooth 

4.0 

Syncing 

Charge HR synchronizes automatically and wirelessly to tablets, computers and 

150+ leading iOS, Android and Windows smartphones using Bluetooth 4.0 

wireless technology. 

Syncing range: 20 feet 

Call notifications via Bluetooth 4.0 

Syncing to computers requires Internet connection and USB port 

Syncing to mobile devices requires Bluetooth and Internet connection 

Syncs with Windows Vista and later, Mac OS X 10.6 and up, iPhone 4S and 

later, iPad 3 gen. and later, and leading Android and Windows devices 
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Figure 8 - Fitbit Charge HR 

 

5.1.3 Big Data – Understanding the data possibilities of the Fitbit Charge HR 

In the following, we will cover the part of the CRISP model, which includes the big data possibilities of 

the business understanding. 

 

As explained in the previous section, we have chosen to work with the Fitbit Charge HR due to the 

enabling possibilities in terms of measuring heart rate, steps and sleep data. As covered in our literature 

review, these factors can have a direct or indirect effect on the number of seizures that an epileptic 

experience. Apart from measuring relevant parameters for the epileptics, we wanted to interrupt the 

users’ lives as little as possible. For that reason, we chose the Fitbit Charge HR as the design is easy and 

intuitive to navigate, even for users who are not used to wearing wrist-worn monitoring devices. Below 

is an example of the navigation bar as well as a visualization of the heart rate data in the Fitbit app. In 

appendix E, the user manual we created for the users to ensure a comfortable user experience can be 

found. 

 

    
Figure 9 - Fitbit application 
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6 Internet of things for collecting data from epileptics 

When answering our first RQ – how IoT can be used to collect data about epileptics – we work within 

the data understanding and data preparation steps within the CRISP model in the IS research field. In 

order to respond to the business needs and help epileptics in their daily lives, we attempt to understand 

what format of data we need to collect in regard to the problems that epileptics face. In the following 

section, we describe how we have used data understanding in determining data collection methods for 

our thesis. Thereafter, we describe how our data understanding has led to collecting data and initial 

preparation of data through consolidation of data sources. Thus in this section we cover data understand-

ing and initial data preparation in the CRISP model.   

 

6.1 Data collection overview 

Table 13 below shows an overview of data collected in our thesis with our IoT solution (see appendix 4 

for an overview of all data collected in the thesis). This solution is composed of our self-developed EpiX 

application for iOS as well as the Fitbit Charge HR wearable. Furthermore, the table describes seizure 

data, which is collected from each participants’ seizure calendar. 

 
Table 13 - Data collection overview 

 Title Description Format Resolution Source 

Quantitative data    

 
Seizure data 

Data about each seizure from 

each participant 

Date/time, type 

etc. 

Daily or at  

minute 

Seizure calendar  

(individual) 

 

Medicine  

intake 

If the participant has taken 

the correct doses of medicine 

(past 24h) 

Binary (Y/N) Daily EpiX application 

 

Feeling of 

stress 

If the participant has felt 

stressed (past 24h) 
Binary (Y/N) Daily EpiX application 

 

Alcohol  

intake 

If the participant has had any 

alcohol (past 24h) 
Binary (Y/N) Daily EpiX application 

 
Mood 

The participant's mood (past 

24h) 
Scale from 0-100 Daily EpiX application 

 
Steps data 

Number of steps walked by a 

participant 

Value at given 

time 
Daily, minute Fitbit Charge HR 

 

Sleep data 
Sleep quantity and sleep qual-

ity of the participant 

Sleep state or 

data point at 

given time/day 

Daily, minute Fitbit Charge HR 

 
Heart rate data 

Data about a participants 

heart rate  

Value at given 

time 

Daily, minute, 

second 
Fitbit Charge HR 

Qualitative data    

 
Comments 

Comments to assist EpiX re-

port 
Free text Daily EpiX application 
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As seen from table 13, we collect data about participants in various ways. The following paragraphs 

describe how we have collected data about epileptics as well as the initial data preparation, where we 

also normalize the data and structure it in our database upon collecting it.  

 

6.2 Data collection 

In the following section, we present the architecture for data collection and give an in depth description 

of each data measurement. With the presentation of our data collection architecture, we show how we 

use data understanding and data preparation to gather data and initially prepare the data for analysis. 

Our quantitative data originates from three sources: each participants seizure calendar, the EpiX appli-

cation, and the Fitbit Charge HR. 

 

6.2.1 Architecture and processes 

Figure 10 displays the overall application architecture for our thesis. 

 

 
Figure 10 - Application architecture 

 

From a system design perspective, our thesis has five overall scenarios, which are handled by the above 

architecture. The following page will describe the figure and show the legends for figure 10.  
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The following describes each application that constitutes our application architecture for collecting data: 

- APNS: Apple push notification service. A service that forwards notifications of third party appli-

cations to the Apple devices. See https://developer.apple.com/library/ios/documentation/Net-

workingInternet/Conceptual/RemoteNotificationsPG/Chapters/ApplePushService.html 

- CRON: A time-based job scheduler. Used for running initiating push notifications at specific 

times of the day. See https://cron-job.org 

- EpiX app: Self-developed app, where participants can register daily reports. Users can input: 

Medicine intake (y/n), alcohol intake (y/n), feeling of stress (y/n), and mood (scale). 

- EpiX back-end: Consists of a webserver running Apache and PHP and an SQL-server. The server 

is the central part of our technical setup in our thesis. It is used for: 

o Receiving and storing daily EpiX reports 

o Sending push notification requests to Parse 

o Monitoring user activity 

o EpiX mail server 

o Hosting FAQ 

o Connecting to Temboo 

- FAQ: As part of the support in our thesis, the FAQ helps users in case they have problems with 

the Fitbit, the EpiX application or anything else in our thesis. See http://lindh.it/epix/faq/ 

- Fitbit app: The Fitbit application for iPhone connects the Fitbit Charge HR wristband to the 

iPhone and thereby to the Fitbit Back-end. See https://www.fitbit.com/dk/app 

- Fitbit Back-end: The Fitbit Back-end represents the Fitbit data storage and the Fitbit API. See 

https://dev.fitbit.com/dk 

- Monitoring: In order to ensure that our system is operating through our data collection period, 

monitoring components have been set up. These include: 

o A password protected admin dashboard, where admins can monitor if EpiX reports are 

submitted daily. 

o CRON-job error handling, where admins are notified if our server fails to send a push 

notification. 

- Parse: A cloud app platform that provides an easy and scalable backend to send push notifica-

tions. See http://parse.com/ 

- Temboo: A tool we use to ease the integration in PHP when collecting data from Fitbit devices 

through the Fitbit API. See https://temboo.com/  
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6.2.1.1 EpiX report 

All participants in our thesis have the EpiX application installed. In the EpiX 

application, all users can report data daily about medicine intake, feeling of 

stress, alcohol intake, mood and comments (see figure 12 for screenshot of 

the EpiX application).  

Once the user has finished his/her report, the user can press “Send” in the 

bottom of the screen. The user is then asked to confirm that he/she wishes to 

send the report (see figure 12).  

 

 

 

 
Figure 12 - Screenshots of EpiX application  

    

Once the user confirms the report by pressing “Ja”, the report is sent from the EpiX application to our 

EpiX Back-end. The report is then received by our webserver, and with a PHP-script, the report is stored 

in the EpiX back-end SQL database.  

 

Figure 11 - EpiX report flow 
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6.2.1.2 Fitbit Data 

All participants in our thesis are wearing a Fitbit Charge 

HR. From the Fitbit wearable device, data is synchronized 

with the Fitbit application for iPhone via Bluetooth. Once 

the data is in the application, data is automatically trans-

ferred to the Fitbit Back-end where it is stored on Fitbit’s 

servers. In order to extract data from Fitbit’s servers to our 

EpiX Back-end, we use a third party software tool, Tem-

boo (a tool we use to ease the integration with Fitbit API), 

and we are thereby able to collect data in JSON format for 

us to analyse. Upon receiving the data in JSON format, we decode the JSON array into a PHP array, 

which allows us to work with the data in PHP. From there, we save the data in our SQL database. The 

process of collecting data from the Fitbit API will be described later with a code example. The specifi-

cations of collecting each attribute available from the Fitbit API will be elaborated in the following. 

 

6.2.1.2.1 Access 

Before collecting the data from Fitbit, we had to create a Fitbit application – a developer application 

needed to process any data through the Fitbit API. Once we were approved by Fitbit, we needed to get 

permission from each of our participants. Fitbit uses OAuth2 authentication, and the approval process 

happens in a three steps: 

1. EpiX Back-end requests and receives a Fitbit authentication instance. The EpiX back-end receives 

a callback ID linked to the authentication instance. 

a. Callback ID: Used to identify the specific authentication instance. 36 characters long, 

< 24-hour lifetime. 

2. The user logs in with his/her Fitbit credentials and allows the EpiX application to get access to 

the user’s data. The EpiX back-end receives an access token and a refresh token. 

a. Access Token: Used to request data once the authentication process is complete. 240 

characters long, 1-hour lifetime. 

b. Refresh token: Used to request new tokens. When refreshing the tokens, the EpiX back-

end receives a new access token and a new refresh token. 64 characters long, eternal 

lifetime.  

3. The user finalizes the authentication process sending the callback ID to Fitbit and thereby allow-

ing access to the user’s Fitbit data. 

 

Once all users had completed the three steps to provide access, we were able to access their data from 

the Fitbit API (see appendix F for how users permitted access to Fitbit API) 

 

Figure 13 - Fitbit data flow 
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6.2.1.2.2 Steps 

When collecting steps data for a participant, Fitbit allows for one-minute resolution of data. When re-

questing a dataset for a day, the Fitbit API returns metadata (date, total steps etc.) as well as an array 

with step data for every minute of the day. Regardless of whether a participant wears the Fitbit Charge 

HR or not, a data point is registered for every minute of the day, even if the Fitbit is not turned on (the 

value is set to zero if the device is not on or the user is not wearing it). A potential problem with not 

wearing the Fitbit is that we are not able to track the user’s data when they might be having a seizure. 

An example of the steps data output from the Fitbit API can be seen in appendix 5.  

 

6.2.1.2.3 Heart rate 

Despite the specifications given by Fitbit (see table 12), we experienced that the Fitbit Charge HR 

measures heart rate every 5-15 seconds (and not every 5 seconds). The Fitbit API allows for either 

second or minute resolution of heart rate data as well as providing the resting heart rate on a daily basis. 

Similar to the process of collecting steps data, once a request is sent to the Fitbit API, it returns metadata 

about the specific day requested as well as an array with data including the time and the value. For heart 

rate data, a data point is only registered if the user is wearing the device. For this reason, we are able to 

exclude steps data points that are registered, when the user is not wearing the Fitbit Charge HR. An 

example of heart rate data output from the Fitbit API can be seen in appendix 6. 

 

6.2.1.2.4 Sleep 

The Fitbit Charge HR changes to sleep mode automatically when detecting low movement and de-

creased heart rate. Fitbit divides sleep data into three categories:  

- Asleep: The user is lying still and heart rate is on its lowest. The asleep state has the value 1 in 

the Fitbit API 

- Restless: The user is moving slightly and heart rate could be higher than when asleep. The restless 

state has the value 2 in the Fitbit API. 

- Awake: The user is moving, heart rate is higher than when asleep and steps could be registered 

by the device. The awake state has the value of 3 in the Fitbit API. 

During a sleep detection period, the Fitbit Charge HR registers data on a one-minute resolution, allowing 

for detection of sleeping patterns throughout the night. An example of sleep data output from the Fitbit 

API can be seen in appendix 7. 
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6.2.1.3 Push message 

One of the challenges from our Mood project, which we con-

ducted in our second semester, was data consistency. Therefore, 

to ensure that participants remember to report data on a daily 

basis, EpiX sends a push notification reminder every evening 

(two users also receive it in the morning to remember medicine 

intake). The push notification is send at a time specified by the 

user. Fogg (2009) argues that it is important to have a so-called 

trigger. “Without an appropriate trigger, behavior will not oc-

cur even if both motivation and ability are high.” Fogg 

(2009:3). Furthermore, if the trigger does not occur at a well-

thought timing, behavioral change will usually not occur. This is the reason why we have suggested that 

the users received their push notifications for sending EpiX reports at the same time as they usually take 

their medication. 

 

When sending a push notification, the following process occurs (see previous description of each appli-

cation used to send push messages): 

1. The push notification is initiated through a CRON-job. The CRON-job runs at a time specified 

by the user and executes a PHP-script in the EpiX back-end.  

2. Once the PHP-script at the EpiX back-end runs, the EpiX back-end sends a request to Parse.  

3. Parse thereafter sends the request to APNS (Apple Push Notification Service), which handles all 

push notifications sent to iPhones.  

4. APNS finally sends the push request to the correct device and the user receives a push notification 

on his/her iPhone. 

 

When designing our push notification service, we considered the language used in the push messages. 

We made use of the learnings made from the creators of Epitalet, who argue that the user should be in 

the center of the solution design, we consulted a language psychologist, who helped us formulate our 

push messages. The overall guidelines in formulating our push-messages were:  

1. Avoid alienation in language and jargon 

2. Be helpful not instructional 

 

The following figure shows a screenshot of a push message sent during the night: 

 

Figure 14 - Push message flow 



Pamela Pedersen Copenhagen Business School 

Joachim Julius Lindholm 2016 

45 

 

 
Figure 15 - EpiX push message screenshot 

 

As seen from figure 15, we start the sentence with a “Hej” to become somewhat personal in our message. 

Then comes the actual message, and the message end with an informal greeting by the use of a smiley. 

Table 14 shows all our push messages that we sent to users: 

 
Table 14 - Push message text overview 

Time of day Message 

Evening Husk at udfylde EpiX appen for i dag, tak :) 

Evening Har du sendt information fra EpiX i dag? Tak for hjælpen 

Evening Husk EpiX :) 

Evening Husk at trykke send. God aften 

Evening Blot en påmindelse om at sende EpiX information i dag 

Evening Hvis ikke du har gjort det - husk EpiX. Tak. 

Evening Her en reminder om at sende fra EpiX i dag. Tak :) 

Evening Påmindelse om at sende fra EpiX i dag. Tak :) 

Evening Hej, jeg er en huskebesked fra EpiX - god aften :) 

Evening/Morning Husk at tage din medicin - god dag :) 

Morning En reminder om din medicin her til morgen 

Morning God morgen - her en lille påmindelse om medicinen :) 

Morning Husk medicinen - god dag 

Morning Husk medicinen fra morgenstunden, hilsen EpiX 

Morning Her en påmindelse om medicinen - god dag 

Morning God morgen - husk medicinen 

Morning Påmindelse om medicin til en god start på dagen 

 

From table 14 we can see that even though the messages vary in formulation, the main point is essentially 

the same in all messages. The push message functionality was further designed so that each message in 
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the table of a given time of the day was put into an array and then randomly selected when the script to 

send the push message executed. This allows for greater variety in the messages received by the user. 

An example could be that when the script was executing in the morning, any of the messages in the 

morning category could be sent. This would randomize for each user and for every message sent.   

 

6.2.1.4 FAQ / Mail 

To ensure that participants in our thesis would get the best possi-

ble experience, we set up support for the users to find help or reach 

out in a structured way. Our support consisted of both a FAQ, 

where users could find a solution by themselves, as well as a built 

in mail-button in the EpiX application where users could get in 

contact with us. 

 

 

6.2.1.4.1 FAQ 

First, we ensured that users could access a FAQ (frequently asked questions), 

where they could see typical issues (see figure 17 for placement in EpiX applica-

tion). Once the user clicked the FAQ button in the EpiX application, the Safari 

browser on their iPhone would open the link: http://lindh.it/epix/faq, where the 

FAQ is to be found (see figure 17 and 18).  

 

Once the user reached the FAQ, he/she would find a series of questions with cor-

responding answers. In the top right of the screen, the user can expand a menu, where all content of the 

FAQ is categorized into questions/answers about Fitbit, EpiX, and other. In the top left of the screen, 

the user can see the EpiX logo, and by clicking it the user returns to the front page with all questions/an-

swers in the entire FAQ (see figure 18).  

Figure 16 - FAQ / Mail flow 

Figure 17 - FAQ but-

ton 
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Figure 18 - FAQ screenshot 

 

6.2.1.4.2 Mail 

In case the FAQ was not sufficient to provide answers for a participant’s issue, 

the user was able to send a mail to a designated EpiX e-mail address: 

epix@lindh.it (see figure 19 for mail icon placement in the EpiX application). 

The e-mail address was installed on both researchers’ personal mobile phones 

enabling a quick response.  

 

Once the participant clicked the e-mail icon, the iPhone e-mail application would open automatically, 

pre-filled with recipient, subject and initial text (see figure 20 for screenshot of pre-filled information in 

an e-mail). 

Figure 19 - Mail icon 

screenshot 
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Figure 20 - Mail screenshot 

 

6.2.1.5 Monitoring 

With a technical setup as shown above, we felt it necessary to 

ensure that we could monitor both system performance and, to a 

certain extent, user participation.  

 

6.2.1.5.1 System performance 

With several applications depending on each other to provide 

user experience, ensuring good error handling was a priority for 

us from the beginning. Our system handles errors related to two 

processes.  

 

First, we monitor the performance of push messages. Our system automatically sends out 12 push mes-

sages every day through four applications, and finding the error can therefore prove to be difficult. As a 

result, we chose a CRON service that enables a high level of error handling. This means that if a CRON 

job fails, we are notified and we can ensure to send the push message manually.  Secondly, when gath-

ering Fitbit data it is important to ensure that no data is overlapping. We therefore set up scripts on the 

server to remove duplicate data values from our server in order to ensure good data quality for our 

analysis. 

 

 

Figure 21 - Monitoring flow 
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6.2.1.5.2 User activity 

To ensure that we could follow user activity in our thesis, we set up a dashboard to show key metrics. 

As this was a “luxury feature”, we limited the dashboard to show: 

- When the latest EpiX report is sent from each participant 

- How often during the past seven days a participant sent an EpiX report  

- All comments sent by the EpiX app throughout the thesis. Sorted to show newest first. 

 

 
Figure 22 - Admin dashboard view 

 

In figure 22 above, we can see that user S-02 has sent four reports during the past seven days, the latest 

sent on April 8 at 18:08. From the admin dashboard, we were able to follow up if users missed reports. 

In the case of figure 22, we did not react as it was eight days past the official data collection period. Our 

dashboard allowed us to monitor user participation and in case a user forgot to send EpiX reports for a 

long period of time, we would be able to notify him/her. However, at no point did we find it necessary 

to remind specific users more than by our automatic push messages. We found that the automatic push 

messages ensured a high rate of activity with a response rate throughout the entire data collection period 

of 89 percent (see table 15).  

 
Table 15 - EpiX system performance 

Title Description number of successes Maximum number  

possible 

Rate (%) 

EpiX reports Reports sent from EpiX app 426 479 89% 

Push messages Push messages sent with EpiX 552 578 96% 

Mails Support mails received 1 1 100% 

Comments Comments in EpiX reports 151 479 32% 

 

The table above shows key performance indicators of our system. Note that the number of successes in 

the comments row is simply amount of comments sent with the daily EpiX report. Thus, 32 percent of 

all EpiX reports was accompanied with a comment. 

 

6.2.1.6 Seizure registration 

Apart from the data we collected through the system described above, we gathered seizure calendars 

from each participant. We decided not to include seizure registration in our EpiX application, because 
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we wanted to reduce our impact on their daily life and thus allow participants to register seizures as they 

usually do. For this reason, we were also aware that the data format would differ for each user. However, 

as we were interested in whether a seizure occurred or not, we were satisfied with this solution. 

 

Once data from each user was received, we inserted all seizures into the EpiX back-end through a manual 

html form. Figure 23 displays a screenshot of our form. 

 

 
Figure 23 - Add seizure screenshot 

 

By using the form as displayed in figure 23 we consolidated all seizures under the same format. This 

portrays an example of the initial data preparation done through data collection. 

 

6.2.2 Uncertainty in measuring instrument 

As presented, we gathered data from three sources – the self-developed iOS application EpiX, the Fitbit 

Charge HR wearable, and the users’ seizure calendars. Although we strive to collect accurate data, our 

measuring instruments can still be subject to uncertainty.  

 

6.2.2.1 EpiX 

For our iOS application, we have identified several factors that can potentially make our measurements 

uncertain. First, all measurements are subjective and therefore, a user can simply register as they wish. 

Moreover, for each binary attribute (medicine intake, alcohol, and feeling of stress) an uncertainty arises 

in the nature of having binary values to measure non-binary factors. An example could be that in our 

application, drinking one beer and drinking ten beers is registered in the same way. Finally, when meas-

uring the mood of each participant, an uncertainty arises due to the fact that mood is rarely considered 

linear.  
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Although the EpiX application measurements might seem uncertain, we designed the application with 

a focus on increasing user participation. We strived to find the balance between motivating users to 

register on a daily basis and getting usable data. 

 

6.2.2.2 Fitbit Charge HR 

In our thesis, we have decided to use the Fitbit Charge HR as our wearable IoT device. Although Fitbit 

has been recognized for creating accurate wearables (Diaz et al., 2015), the devices are considered as 

fitness trackers and thus not as medical devices. This could potentially affect our data. 

 

Furthermore, it is an uncertainty that we are only able to measure the users’ data when they are wearing 

the Fitbit Charge HR with a charged battery.  

 

6.2.2.3 Seizure registration 

As presented earlier, we decided to let users register seizures in the same format as before participating 

in our thesis. This resulted in data coming from different sources, which potentially can lead to inaccu-

racy as data is transformed by us as researchers.  

 

6.2.3 Technical documentation 

In our thesis, we have developed the EpiX application for iOS as well as the EpiX back-end to accom-

pany the application.  

 

6.2.3.1.1 EpiX application 

The EpiX application for iOS is a one-page application for participants to send daily reports. The app is 

developed with the Swift programming language and deployed through a developer license. It consists 

of three classes and a storyboard (see figure 24 for class diagram of the EpiX application). The applica-

tion is built in a 3-layered architecture – model, view, and controller (Deitel & Deitel, 2012).  

First, the storyboard controls the view layer as all screen content is saved in this file such as buttons, 

images etc. Secondly, the classes, ViewController and AppDelegate, represent the controller layer and 

together they are the logic behind the screens in the view layer. These two classes handle user interface 

logic as well as push messages in the application. Finally, the model layer with the DBManager class 

handles data and interaction with the EpiX back-end.  
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Figure 24 - EpiX class diagram 

 

Figure 24 shows the class diagram of the EpiX application. Each class is described below: 

 Main.storyboard: Contains graphics and styling for the screen in the app. 

 AppDelegate: System created class to control events when the app is opened, closed, idle etc. 

Handles the initial user approval of push. 

 ViewController: Controls logic on the EpiX application screen.  

 DBManager: Manages all connection to the EpiX back-end. 

 

6.2.3.1.2 EpiX back-end 

The EpiX back-end is a central component in our architecture, both connecting applications and showing 

content to users. Table 16 gives an overview of functionalities handled by our EpiX back-end: 

 
Table 16 - EpiX back-end functionalities 

EpiX  

 

EpiX report 
Receives a report from the EpiX iOS application and stores it 

in the database 

 
Push messages 

Sends a request to Parse.com about a push message upon exe-

cution from a CRON-job 

 
FAQ Hosts and presents the FAQ page for users to get support 

 
Admin dashboard 

Displays the admin dashboard, enabling admins to monitor 

user activity  
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Fitbit  

 
Authenticate EpiX 

Guides the user through the complete authentication flow and 

saves access- and refresh token in the database 

 
Refresh token 

Interview from each participants about their daily life and 

their epilepsy 

 
Get steps data 

Gets a user’s steps data from the Fitbit API within a specified 

date range (minute resolution) 

 
Get heart rate data 

Gets a user’s heart rate data from the Fitbit API within a spec-

ified date range (daily, minute or second resolution) 

 
Get sleep data 

Gets a user’s sleep data from the Fitbit API within a specified 

date range (daily or minute resolution) 

 
Metadata scripts 

Scripts to check for sums and duplicates in the data collected 

from the Fitbit API 

   

Other  

   

 
Insert seizure Creates a new seizure registration in the EpiX back-end 

 
Insert user Creates a new user in the EpiX back-end 

 

When data is sent to the database, it is stored in different tables. Figure 25 displays the complete data 

model in our EpiX back-end. 

 epix_user: Stores information about the user 

 epix_seizure: Stores seizure information manually inserted from each user’s seizure calendar 

 epix_report: Stores data sent from EpiX reports 

 epix_steps_min: Stores steps data collected from the Fitbit API 

 epix_heart rate_resting: Stores resting heart rate data collected from the Fitbit API 

 epix_heart rate_min: Stores heart rate data in minute resolution collected from the Fitbit API. 

 epix_heart rate_sec: Stores heart rate data in 10-second resolution collected from the Fitbit API. 

 epix_sleep_day: Stores daily sleep data collected from the Fitbit API. 

 epix_sleep_min: Stores sleep data in minute resolution collected from the Fitbit API. 
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Figure 25 - data model 

When data is sent to the database, it is stored in different tables as mentioned above (and displayed in 

figure 25). In each of the tables is a primary key (PK) and a foreign key (FK). The primary key uniquely 

identifies a row in each table, e.g. UserID in the epix_user table or Heart rateRestingID in the epix_heart 

rate_resting table. The foreign key in our data model is the AppID, which indicates the ID of the EpiX 

application a user runs on his/her iPhone. In theory, a user (with a UserID) could have multiple EpiX 

applications and thereby multiple AppIDs. However, in our thesis this is not the case.  
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In each of the tables, there is a column with a timestamp called “Created”, which is the date/time that 

we have extracted a given row of data. In the epix_reports table, the “Created” column indicates when 

data is received, and it is thereby used to define the date that a report is sent. By using this structure, we 

avoid sending the date from the user’s smartphone, which eventually could save power for the user’s 

phone. The following paragraph describes detailed information about each table and column. 

 

 epix_user: Stores information about the user. 

o FirstName is the user’s first name. 

o LastName is the user’s last name. 

o Age is the user’s current age. 

o Email is the user’s e-mail address. 

o Phone is the user’s cell phone number. 

o Phonetype is the version of iPhone the user is using, e.g. 5S. 

o AccessToken is a personal token used to request data from the Fitbit API.  

o RefreshToken is a personal token, which can refresh the AccessToken. This is im-

portant as the AccessToken has a lifetime of one hour. 

 epix_seizure: Stores seizure data manually inserted from each user’s personal seizure calendar.  

o Title is the name of the seizure, e.g. seizure affecting hearing, hangover seizure, etc. 

This field consists of user input. 

o DateObserved is the day that the seizure occurs. 

o Time is the time that the seizure occurs. 

o SeizureType is the type of seizure, e.g. cramp or absence seizure. 

o Duration is the amount of time the seizure lasted. 

o Conscious indicates whether the user has been conscious or unconscious during seizure. 

o Asleep indicates whether the user has been awake or asleep during the seizure. 

o Useful indicates the level of usefulness of the registered seizure, and is a categorization 

created after our visual data exploration in our second RQ. It indicates whether a seizure 

is “predictable”, “a seizure”, “plausible seizure”, “not visible seizure”, or whether there 

is too much “missing data” to view the seizure. These categorizations will be described 

later.  

o EstimatedTime is the time where we expect that the actual seizure occurred. 

o Comments is our comments to the seizure, e.g. “HR raises before steps” or “Heart rate 

rises to 171”. 

o Intensity is the intensity of the seizure on a scale from 0,5 to 4. This attribute will be 

elaborate later. 
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 epix_report: Stores data sent from EpiX reports from the EpiX application for iOS. 

o Medicine is a binary value that indicates whether the user has remembered to take their 

medicine or not. 

o Alcohol is a binary value that indicates whether the user has been drinking alcohol dur-

ing the day. 

o Stress is a binary value that indicates whether the user has felt stressed during the day. 

o Mood indicates the level of the users mood from 0-100. 

o Comments is a field where the user can type in any comment. 

 epix_steps_min: Stores steps data collected from the Fitbit API 

o DateObserved is the date that the data point is measured. 

o TimeObserved is the (minute) where the number of steps is measured. 

o Value is the number of steps measured by the Fitbit. 

 epix_heart rate_resting: Stores resting heart rate data collected from the Fitbit API 

o DateObserved is the date that the heart rate data point is measured by the Fitbit. 

o Value is the level of the average resting heart rate during a day. 

 epix_heart rate_min: Stores heart rate data in minute resolution collected from the Fitbit API. 

o DateObserved is the date of the heart rate. 

o TimeObserved is the time (minute) where the heart rate is measured. 

o Value is the level of average measured heart rate pr. Minute. 

 epix_heart rate_sec: Stores heart rate data in 10-second resolution collected from the Fitbit API. 

o DateObserved is the date of the measured heart rate data point. 

o TimeObserved is the time (second) where the heart rate is measured 

o Value is the level of the heart rate at a specific second count (roughly measured every 

10 seconds) 

 epix_sleep_day: Stores daily sleep data collected from the Fitbit API. 

o Logid is an id linked to the specific sleep. 

o MinutesAsleep is the total number of minutes the user has been asleep. 

o DateOfSleep is the date of the sleep data point. 

o Efficiency is the percentage asleep relative to the total hours in bed. 

o RestlessCount is the number of times the user has been restless during sleep. 

o RestlessDuration is the total number of minutes the user has been restless in bed. 

o AwakeCount is the number of times the user has been awake during the sleep period. 

o AwakeDuration is the total number of minutes the user has been awake during the sleep 

period. 

o AwakeningsCount is the total number of times the user has been either restless or 

awake. 

o MinutesAwake is the total number of minutes the user has been either restless or awake. 
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o MinutesToFallAsleep is the total number of minutes from the user lies in bed, until the 

user falls asleep. 

o MinutesAfterWakeup is the total number of minutes the user lies in bed after waking 

up. 

o TimeInBed is the total number of minutes that the user lies in bed. 

o IsMainSleep indicates whether the sleep is the main sleep or whether it is a nap. 

 epix_sleep_min: Stores sleep data in minute resolution collected from the Fitbit API. 

o DateObserved is the date of the sleep. 

o TimeObserved is the time (minute) where the sleep is measured. 

o Value is an indication of the users sleep status. 1 = sleep, 2 = restless, 3 = awake. 

 

6.2.4 Code example 

The following section gives a walkthrough of two system flows – sending an EpiX report and requesting 

and storing heart rate data in second resolution.  

 

6.2.4.1 EpiX report 

The following code example shows the flow of sending an EpiX report from our self-developed appli-

cation for iOS. The process is previously described from a data flow perspective; however, in this section 

we describe the specific code behind sending an EpiX report. This includes the steps as shown in figure 

26: 

 

 
Figure 26 - EpiX report code example 

 

The first step in sending a report happens in the controller layer. Figure 27 displays the code from the 

EpiX application controller layer that handles user interface logic in the application.   
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Figure 27 - EpiX ViewController code 

 

Figure 27 shows the code of the main UI logic for the EpiX iOS application. Line 123 defines an IBAc-

tion function, which represents a function bound to a button, in this case the “Send” button on the EpiX 

app’s screen (see section 6.2.1.1 for screenshots of the EpiX application). From line 127 to 134, the 

basic pop-up, where a user can confirm to send the EpiX report, is built with text in the confirmation 

window and a basic cancel option. Once we reach line 137, we build the “Yes” option, which calls the 

“sendData” method in the DBManager class in line 141-143. From line 146 through 155, we ensure that 

variables and graphical content resets upon sending an EpiX report, so that the interface is ready to be 

used again. 
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As shown in line 141, the viewcontroller calls the DBManager class in the EpiX application. We there-

fore continue to step two as seen in figure 28 by showing how the sendData function in the dbManager 

class sends data. 

 

 
Figure 28 - EpiX DBManager code 

 

Figure 28 displays the entire DBManager class. The class handles all contact with the EpiX back-end 

server, which in this case can be reduced to sending EpiX reports. From the previous class (view con-

troller), data was received upon calling the method, sendData.  

 

In the sendData method, initial setup is made from line 17-19, where we specify the URL to send to and 

the set http method. We send all data between applications by using RESTful web calls, as this archi-

tectural principle is well suited for building IoT solutions (Guinard et al., 2011). In this case, a POST 

request is used as we are sending data. In line 22-24, we insert the body data with each of the attributes 

we are sending as a RESTful POST request. Line 29 executes the asynchronous request, which actually 

sends the data.  

 

Once data is sent from the server, it is received by our EpiX back-end server. The following code shows 

how data is handled on the server-side and it is thereby the third step as shown in figure 29. 
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Once data is sent from the EpiX application, it is received by the EpiX back-end as displayed in figure 

29. The class starts with assigning incoming variables to class variables in line 11-16. Although this 

may seem unnecessary, we decided to be consistent and use the same coding standard as we do in 

classes that are more complex. In line 30-32, the SQL statement to insert data to the EpiX back-end is 

written and upon reaching line 34, the query is executed.  

 

Once the above script has been executed, the data is stored in the epix_report table. See figure 25 for a 

complete data model of the entire EpiX database. 

 

 

Figure 29 - EpiX report back-end code 
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6.2.4.2 Get heart rate data 

The following code example shows the process of collecting and storing Fitbit data from users, which 

we use to analyse. As presented earlier, the process of collecting data from all users’ Fitbits starts in the 

Fitbit Charge HR. Data is synchronized with the Fitbit application for iPhone, after which it is sent to 

the Fitbit back-end. In this code example, we will only describe the process of getting data from the 

Fitbit API, as the process of transferring data from the Fitbit Charge HR to the Fitbit back-end is handled 

by Fitbit. Upon reaching the Fitbit back-end, we collect data in a process consisting of four steps (in this 

example we focus on heart rate data): 

1. Request access- / refresh token  

2. Receive and store access- / refresh token 

3. Request heart rate data  

4. Receive and store heart rate data 

 

Figure 30 displays the process of getting heart rate data.   

 

 
Figure 30 - EpiX Fitbit data code example 

 

As seen in figure 30, all requests are handled by Temboo – a third party library that helps integrating 

IoT solutions. Thus, Temboo handles all connections with the Fitbit API, and we integrate with Temboo 

and use the tool as an intermediary (see previous explanation of Temboo in section 6.2.1).  
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6.2.4.2.1 Request and receive access- & refresh token 

The first thing we have to do when getting heart rate data (or any data from the Fitbit API) is to refresh 

the access token of the user. Figure 31 displays the code of getting the current refresh token from the 

database.  

 

 
Figure 31 - EpiX get refresh token 

 

This class starts with documentation, after which the Temboo library is included in line 12. Thereby, we 

ensure that we can integrate with Temboo. In line 19, the user’s app id is fetched from a URL parameter. 

This means that upon calling the script, we write as the following:  

http://www.epix.com/refreshtokenClass.php?appid=*user* 

When inserting the app id (for user J-01, the app id is *J-01*), we are able to refresh a given user’s 

tokens. From line 22 through 35, we simply select the current refresh token after which we store it in 

the oldRefreshToken variable. 
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Once we have the refresh token for a user, we send a request to the Fitbit API through Temboo. Figure 

32 displays the code for this request. 

 

 
Figure 32 - EpiX to Temboo request to refresh access token 

 

As seen in figure 32, the code for making a full request to the Fitbit API is relatively short. Line 45 

creates a new instantiation of a Temboo session, and by using this session we create an instantiation of 

the refreshtoken method in line 47. In line 50-55 we set security inputs in order to as well as the 

oldRefreshToken variable as previously mentioned. Line 61 executes the query to Fitbit’s API, and once 

executed we are able to get the new access- and refresh token.  

 

Once the new tokens have been received, we save them with a snippet of code similar to the one 

displayed in the previous code example (see figure 29). Once again, we connect to the EpiX back-end 

database and simply use the UPDATE SQL statement to overwrite the user’s current access- and refresh 

token.  

 

6.2.4.2.2 Request and receive heart rate data 

Once the access token is in place, we are ready to request heart rate data from the Fitbit API. The class 

for getting heart rate is split in several parts. Before any requests are made, we set class variables to be 

used in the rest of class (see figure 33). 
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Figure 33 - EpiX class variables for requesting heart rate data 

 

Once again as displayed in figure 33, we include the Temboo library, which is seen in line 13. From line 

20-30, we set variables from that takes their values from URL parameters. Starting with line 20, fre-

quency, we set the resolution of the heart rate data we wish to extract. It is possible to set the frequency 

variable for either “min” (for minute resolution of heart rate data) or “sec” (for second resolution of 

heart rate data). In line 22, we set the appid variable, which decides for which user we wish to retrieve 

data. This variable is similar to prior examples of appid (see figure 29 and 31).  

 

In order to control the dates that we wish to collect data for, we set a start date and an end date. The start 

date is seen as the variable dateObserved in line 24, and it is fetched from the URL parameter “start”.  

Lastly, the end date is set in line 26 and sets the end of the date range we wish to retrieve heart rate data 

from. In many cases, we want to retrieve data for 1 day. Line 28-30 ensures that we gather data for 1 

day by simply setting the “end” URL parameter to “1d”. An example of a URL could therefore look as 

the following: 

http://www.epix.com/getHeart rate.php?appid=J-01&freq=min&start=2016-03-15&end=1d 

By using the above example URL, we call the script and retrieve heart rate data in minute resolution for 

the user J-01 on a single day, namely March 15, 2016.  
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Going back to the code in the class, once the class variables are set, we retrieve the access token from 

the database. Figure 34 displays the code to retrieve the access token. 

 

 
Figure 34 - EpiX retrieve access token from data base 

 

As seen from figure 34, we access the EpiX back-end database in line 39-43, select the lindh_it database 

in line 44 and query for the AppID in line 46. In line 48-51 we retrieve the access token from the result. 

Once we have the class variables and access token in place, we are ready to query for heart rate data 

from the Fitbit API. 

 

 
Figure 35 - EpiX access heart rate data through Temboo 

 

Figure 35 displays the code to access the heart rate data by using the Temboo third party software. First 

thing to notice is the while loop in line 57. As it is only possible to request data from the Fitbit API one 

day at a time, we create a while loop that loops through the range of dates, which is set by the class 
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variables we presented earlier. Line 60-65 creates a new session as well as an object to get intraday time 

series. In line 68-70, we input parameters needed for a heart rate request. First, we set the date to retrieve 

data from, after which we specify the resource path, which can be found in the Fitbit documentation. 

We then set the detail level by using the prior mentioned frequency variable, and finally we set the end 

date to one day, as this is the only possibility with heart rate data in minute or second resolution. Finally, 

we execute the request in line 73-74.  

 

Once the request has been executed, we receive a JSON object with data (see appendix 6 for example 

of heart rate data output from the Fitbit API). Therefore, we move on to decoding the JSON object in 

order to store it in the database. Figure 36 displays how we decode the data and insert it into the EpiX 

back-end database. 

 

 
Figure 36 - EpiX insert data into database 
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As seen in figure 36, we first decode the result from the Fitbit API by using the PHP function json_de-

code in line 80. Thereby we ensure that we can work with the Fitbit data in PHP in an associative array. 

In line 83, we then count the number of JSON objects in the dataset we have received (see appendix 6 

for example of Fitbit output). Line 86-91 displays the code for connecting to the database in our EpiX 

back-end, where we store Fitbit data.  

 

When reaching line 94 we start inserting each data point by creating a for-loop. We count from 0 and 

until we reach the number of iterations, which is stored in the “iterations” variable as previously men-

tioned. In line 95-96, we store the time and value from each data point in the variables “time” and 

“value” (see appendix 6 for example of JSON output from the Fitbit API), which is fetched from the 

previously constructed associative array. In line 98-101, we create the SQL-query, which inserts the 

data into the EpiX back-end. Notice that the frequency is used to choose to name the table that we insert 

data into. Thus, when inserting minute resolution data, we insert into the epix_heart rate_min, while 

second resolution data is inserted into the epix_heart rate_sec table (see figure 25 for complete data 

model). Line 103-107 then actually inserts the data as well as ending the for-loop. Finally, we add 1 day 

to the dateObserved variable, after which the code returns to the while-loop. 

 

Though the above example describes the process of getting heart rate data, the process of retrieving 

steps and sleep data is somewhat similar. These examples will not be presented in the thesis.  

 

6.3 Data understanding and initial preparation 

When viewing our solution in regard to the design science framework, we have shown how the business 

needs can be supported by creating an IoT solution. We have shown how IoT can be used to possibly 

help epileptics, by measuring different parameters in regard to epileptics’ health and habits. Our IoT 

solution has been built on the knowledge we have gained through data understanding, which resides 

within the CRISP model. Furthermore, we entered the initial data preparation stage as we normalize and 

consolidate our data in the EpiX back-end. 

 

As previously mentioned, the data understanding step in the CRISP model calls for a look at the strengths 

and limitations of data with respect to our research. 

 

6.3.1 Strengths of data 

In our thesis, we have collected a strong data set in the sense that we have designed the data attributes 

with the aim to answer the research questions and thereby coming closer to satisfying the business needs 

with the enabling possibilities of IoT. This was only made possible due to our business understanding 

with respect to what it is like to live with epilepsy. Furthermore, we have collected all the data ourselves, 
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and have not had to rely on secondary data sources. As data is collected through an architecture specif-

ically designed for this thesis, we have been able to tailor the collection of data in a way that suits the 

business needs. This further ensures high quality in our data.  

 

6.3.2 Limitations of data 

When designing our data collection, we chose what attributes to collect. By choosing attributes, we also 

acknowledge that we choose to exclude some attributes. This is necessary due to costs of obtaining data. 

An example could be the cost of obtaining data from an EEG scanner through a period of 1.5 months, 

both for the user and for the researcher. It would be interesting data to collect, but due to time imitations, 

financial costs, and inconvenience for the user, we have chosen to limit the types of data we collect. The 

cost of a smartphone application and a Fitbit wearable incurs less cost in terms of time and finance, and 

it is less inconvenient for the user.  

 

As described earlier, we decided to let users register their seizures in their own format. This puts a 

limitation on our data, as we receive seizure calendars in different formats. Furthermore, missing regis-

trations and inaccurate timestamps for each registration was another limitation to the data. We found it 

to have a large impact when analysing our data – especially in our visual data exploration.  

 

6.4 Conclusion of RQ1 

We have presented and described how IoT can be used to collect data about epileptics. More specifically, 

we have shown an architecture that incorporates various applications – centred on the user’s smartphone 

– that with individual purpose serves the overall goal of collecting data about epileptics. Furthermore, 

our IoT solution has enabled us to engage, support and monitor our users, and thereby enabled us to 

collect good quality data about epileptics 

 

Overall, the data collection architecture uses two main data artefacts – the EpiX application for iOS and 

the Fitbit Charge HR. The EpiX application allows users to register medicine intake, feeling of stress, 

alcohol and mood and thereby to measure the daily level of the attributes. To supplement, the Fitbit 

Charge HR gathers data about steps, sleep quantity (and to some extent quality) and heart rate. When 

combining these two data sources, we show how IoT can be used to collect data about epileptics through 

our instantiation.  
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7 Big Data analysis techniques applied on data from epileptics 

Once we had gathered data as described in the first RQ, we continued the data mining process in order 

to answer our second RQ: how big data analysis can be used to help identify factors that influence 

seizures for epileptics. The RQ also involves using qualitative input from epileptics as a supplement to 

the big data analysis. When answering this RQ, we work within the data preparation, modelling and 

evaluation steps in the CRISP model, in the IS research field. 

 

In the following section, we will describe the process of finalising the preparation of data. Once data is 

fully prepared for modelling, we move onto showing our models. Finally, we evaluate our models.  

 

7.1 Data preparation 

According to Provost and Fawcett (2013), the data preparation step is where: “(…) data is manipulated 

and converted to into forms that yield better results”. 

 

In order to prepare for our different analysing methods, we have prepared our data, which is the third 

step in the CRISP model. Overall, we analysed our data on daily resolution and at minute/second reso-

lution.  

 

To analyse our data on a daily basis, we first ensured to extract all relevant data from our EpiX back-

end. We extracted all seizures, EpiX reports, steps (summarized to daily resolution), resting heart rate, 

and details about sleep (see appendix 8 for an attribute overview of attributes analysed on daily basis). 

All datasets were consolidated in an excel sheet structured with three types of sheets to easily indicate 

each sheet’s purpose: 

 Raw data: The raw data as extracted from the database. 

 Staging: Consolidated and corrected datasets. 

 Production: Complete datasets that are ready to be analysed. 

 

When analysing our data on minute/second resolution, we extracted steps, heart rate and sleep data from 

each user’s Fitbit. Each extraction was named with date of the given dataset and placed in a folder named 

after the user.  

 

The following paragraphs first describe how we prepared data with daily resolution, and thereafter how 

we prepared data when analysing in minute/second resolution. 

 

7.1.1 Daily resolution 

The daily resolution analysis covers both classification (decision tree) and regression analysis.  
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7.1.1.1 Raw data 

Before extracting any data from the database, we first looked at all comments to correct any kind of 

data. Several reports from the users explained that a given report was supposed to be sent a day before, 

and all reports registered during the night (after midnight) were moved back to match the date that the 

report was intended to cover.  

 

After correcting data, we extracted the raw data as complete data dumps from the database. Data was 

kept intact without any kind of manipulation or corrections.  

 

7.1.1.2 Staging – classification 

Attribute classification sheets are used to classify numeric data in order for a decision tree analysis to 

be performed. Attribute classifications are generally split into 3-5 categories (‘low, medium/normal, 

high’ or ‘very low, low, medium/normal, high, very high’) if the attribute was in a range of numbers. 

Binary attributes such as medicine or alcohol were classified as Y/N (yes/no). 

 

7.1.1.2.1 Equal width binning 

The first method we used to bin our numeric values for our classification analysis was the equal width 

binning method. As described earlier, the method creates k-number of bins (in our case 3-5 bins depend-

ing on the attribute) and assigns values to each bin based on the values. The following formula is used: 

w = (max-min)/k. 

An example with user J-01’s resting heart rate could be that the user’s minimum resting heart rate is 69 

and the maximum heart rate is 86. When creating five bins the formula looks as the following: 

w = (86-69)/5 => w = 3.4. We therefore split the resting heart rate every time it rises 3.4.   

 

For all instances, the resting heart rate looks as in figure 37. 
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Figure 37 - Equal width binning 

 

7.1.1.2.2 Equal frequency binning 

When binning with the equal frequency binning method, we analysed the users individually. Binning 

was therefore made on individual basis, depending on how each users’ data was distributed. An example 

can be binning user J-01’s mood. As the user has 50 instances, all instances were sorted ranging from 

highest to lowest value. With five classification labels, every 10th instance was classified as either very 

low, low, normal, high or very high. The table below shows how data is distributed among three example 

variables. 

 

 
Figure 38 - Equal frequency binning 

 

Figure 38 shows that for each label of each attribute, an approximate equal frequency is found. The 

variance can be found in that the binning was made on individual basis. Important to note about this 

method is that while the previous method classified ranges, this method classified based on frequency. 
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This means that some instances were classified differently even though they had the same value. An 

example could be that some users had an overweight of the value ‘50’ registered as their mood. This 

meant that some instances with ‘50’ as the mood value would be classified as normal, while other in-

stances with the same mood value could be classified as low or high. 

 

7.1.1.2.3 Histogram-based binning 

For our distribution binning, all classifications are based on an analysis of each attribute and how each 

attribute’s data is distributed among all users (the population). This means that the benchmark for each 

attribute is the complete dataset, and therefore a “Low” score is dependent on how other users scored. 

This is important as the classification of each attribute shapes the decision tree analysis. The following 

example shows how we classified resting heart rate. 

 

As we had a basic assumption (i.e. null hypothesis) that most data is close to be normally distributed, 

we used the Chi-square test for normality (Albright et al., 2010).  

 
Table 17 - Chi-square test of normality details 

Chi-Square Test Resting heart rate 

Mean 70.22 

Std Dev 5.91 

Chi-Square Stat. 23.95 

p-Value 0.001 

 

As seen from table 17, the chi-square value is ~24, with a p-value of 0.001. Although this is not statis-

tically significant at the 0.05 level, we use this as a guideline for our classification of numeric values. 

After knowing the above indicators, we look at the detailed distribution of this particular attribute. 

 
Table 18 - Chi-Square test of normality bins 

Chi-Squared Bins Bin Min Bin Max Actual Normal Distance 

Bin # 1 -Inf 61.00 23.00 21.20 0.15 

Bin # 2 61.00 63.13 17.00 19.85 0.41 

Bin # 3 63.13 65.25 33.00 30.43 0.22 

Bin # 4 65.25 67.38 33.00 41.04 1.58 

Bin # 5 67.38 69.50 41.00 48.70 1.22 

Bin # 6 69.50 71.63 55.00 50.86 0.34 

Bin # 7 71.63 73.75 49.00 46.73 0.11 

Bin # 8 73.75 75.88 49.00 37.78 3.33 

Bin # 9 75.88 78.00 41.00 26.87 7.42 

Bin # 10 78.00 +Inf 16.00 33.54 9.17 

 

From table 18, we can see how close (or far) from normal distribution each bin is. When visualising the 

data, we get the below graph (see figure 39). 
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Figure 39 - Chi-square test for resting heart rate 

The graph (see figure 39) shows that our attribute, resting heart rate, is not entirely normally distributed. 

However, as we can see, it follows the distribution to a certain extent as also indicated by the Chi-square 

value and the p-value. When taking these considerations into account, we use the mean as our middle 

indicator in the dataset and the standard deviation to classify heart rate attribute as shown in table 19. 

 
Table 19 - Seizure intensity categorisation 

Resting heart rate Description Label 

< 58 Very low VL 

59-64 Low L 

65-76 Normal N 

77-83 High H 

> 83 Very high VH 

 

To supplement our Chi-square test of normality, we used the Lilliefors test of normality (Albright et al., 

2010). This test further helps indicating whether the data is normally distributed. We first look at the 

test statistic. From the table below, we can conclude that resting heart rate does not follow normal dis-

tribution. However, we use the knowledge that the distribution is close to normal distribution and take 

this into account when classifying (see table 20).  
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Table 20 - Lilliefors test of normality details 

Lilliefors Test Results    Resting heart rate 

Sample Size 357 

Sample Mean 70.22 

Sample Std Dev 5.91 

Test Statistic 0.073 

CVal (15% Sig. Level) 0.041 

CVal (10% Sig. Level) 0.043 

CVal (5% Sig. Level) 0.047 

CVal (2.5% Sig. Level) 0.050 

CVal (1% Sig. Level) 0.069 

 

Additionally from table 20, we can see the results. Further, we can see from the graph below (see figure 

40) that the resting heart rate line almost follows the normal distribution line. 

 

 
Figure 40 - Lilliefors test of normality of heart rate 

 

7.1.1.3 Staging – regression 

When creating staging sheets for our regression analysis, we simply consolidated the numerical values 

given from the raw data sheets.  

 

However, as mentioned earlier, as regression measures ‘how much’ a dependent variable correlates with 

given independent variables; we decided to give each of the registered seizures an intensity. By speci-

fying a numerical value depending on the type of seizure, we believe our model can better distinguish 

between low intensity seizures (e.g. absence) and high intensity seizures (e.g. cramp). We specified the 
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intensity based on the descriptions of their own seizures as presented earlier. This resulted in the fol-

lowing distribution of intensity (see table 21).  

 
Table 21 - Seizure intensity distribution 

Intensity Frequency Description 

0.5 170 Very low 

1 11 Low 

2 23 Medium 

3 4 High 

4 21 Very high 

 

In table 21, we have divided the users’ types of seizures into 5 categories, based on their seizure inten-

sity. The seizure range starts with the very low intensity seizure of 0.5 in intensity – this will typically 

be the absence and myoclonic seizures, which lasts for a few seconds. The seizures with a very high 

intensity is the category 4 seizures, which are intense cramp seizures that can vary from a few minutes 

to 30-40 minutes. The seizures with intensities ranging from 1-3, are the seizures in between the low 

and high intensity seizures. These seizures are all different types of absence seizures with varying in-

tensity. 

 

As seen in table 21, 0.5 intensity has a relatively high frequency compared to the other intensities. This 

is because participants with very low intensity absence seizures have relatively higher frequency of 

seizures than participants with high intensity seizures. An example could be user S-06, who registered 

103 seizures throughout the period. As described earlier, user S-06 has relatively low intensity seizures 

characterized by absence (with the exception of one cramp seizure, which is categorized as intensity 

three). On the contrary, user J-03 has relatively high intensity seizures as we learned from the interviews. 

Therefore, all of user J-03’s seizures are categorised as intensity 4.  

 

7.1.1.4 Production 

Once data was extracted into raw data sheets and prepared in the staging sheets, we created a sheet for 

production use. In this sheet, all incomplete instances are removed and the output is a sheet ready for 

analysis. By using this method, we ensure that rollbacks are easily performed. This was done for both 

the classification and regression analysis; however, the two methods of analysis were kept at all times.  

 

7.1.2 Minute/second resolution 

As both the classification and regression methods analyse data on a daily basis, we also performed visual 

data exploration, as it allows us to analyse data differently. As mentioned in our literature review, this 

allows us to dig deeper into each seizure, and to watch steps and heart rate down to minute resolution – 

if necessary heart rate down to every ~10 seconds. By looking at higher resolution data, we are able to 

look for patterns around the time of an occurred seizure in detail.  
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As data is stored on an SQL-server in our EpiX back-end, we created an SQL-query to extract heart rate 

and steps data for a given user on a given day (see figure 25 for data model): 

 

 
Figure 41 - EpiX SQL-query for extracting data 

 

In the following, we will go through the SQL-query in figure 41 and describe each line (the number 

indicates which line we describe): 

1. The first part of the query sets an option on the server. As the server is hosted by one.com, it is 

subject to some limitations set by them. In order to make the following SQL-query run, the first 

line is needed allowing us to query large ‘SELECT’ statements. 

2. The ‘SELECT’ statement that indicates what columns we want to see. 

3. The ‘FROM’ statement that indicates what table we get data from. 

4. In this query, we do an ‘INNER JOIN’ statement to compare rows from the heart rate minute 

resolution table, epix_heart rate_min, with the steps minute resolution table, epix_steps_min. 

5. We first match the ‘AppID’ from the two tables. 

6. Secondly, we match the date in the two tables. 

7. Thirdly, we match the time of the day in the two tables. 

8. The ‘WHERE’ clause that allows filtering on a given AppID. 

9. A second ‘WHERE’ clause that allows us to filter on a given date. 

10. As the query requires some server power to run, we ensure that we extract a maximum of 5000 

rows.  

When running the query, we get a full day of data from a given user on a given day. Initially we tried to 

get both the full dataset for all users extracted and a dataset for each user. However, as we experimented 

with this we experienced that the entire one.com server went down, resulting in discussions with their 

support. As a result, we created a query that only extracts data from one day as well as ending the query 

with a limit of 5000 to ensure that any possible typos resulting in a larger query would be stopped by 

the limit.  
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7.1.3 Missing data 

As previously shown, we believe that with an answering percent of 89 in terms of EpiX reports sent 

each day (see table 15 showing response rate), we saw from the staging sheets that we also have a fair 

amount of missing data. This has been handled in two ways. 

 

As some users did not wear the Fitbit through the entirety of the period, our Fitbit data fragmented for 

two of the users. As the Fitbit data is an integral part of the analysis, we decided in our data cleaning 

process that missing Fitbit data would result in a complete deletion of a row in our staging sheet. This 

is because 11 out of 17 attributes are gathered from the Fitbit. When we prepared data, we saw that the 

data of two users, user S-01 and user S-02, were so fragmented that we decided to exclude the users 

from our analysis.  

 

When looking at the EpiX report data, we also found missing data points throughout the period. This 

was solved by adding data to the days, if we had reason to believe that we could add data without 

distorting the result. Given the response rate that can be seen from table 15, it was necessary to add data 

to 35 EpiX reports. We used the following method: 

 Medicine: We first examined the percentage of missed medicine intake instances for a given user. 

However, as our users very often remember their medicine (98.5 percent of the time), we in-

serted a ‘1’ in medicine take every time a user had forgot to send an EpiX report. J-02 was an 

exception as this user does not take medicine, and we therefore only inserted a ‘0’ for this user. 

 Stress: We looked at patterns on the specific user’s previous data. For some users, we saw that 

stress was usually occurring in many consecutive days, while for other users it was more spread 

out. In these cases we chose to match the missing data with the users stress data pattern.  

 Alcohol: When determining the alcohol value, we considered several factors – how the user’s 

habits were, the day of the week and if there were any previous patterns in the user’s data.  

 Mood: The biggest challenge to determine was the mood attribute as the value is numeric between 

0 and 100. We therefore based the value of mood on the average value three days prior and three 

days subsequent to the day, we were determining.  

 

When preparing data for visual data exploration, we found limitations in our data as it occurred to us 

that the users’ seizure registrations were not as accurate as expected. This was due to missing 

timestamps, which limited the amount of seizures that we could analyse with visual data exploration. 

 

7.2 Modelling 

After preparing our data, we built our models and analysed the data. Building the models is the fourth 

step in the CRISP model. The following paragraphs describe how we have modelled with classification 

(decision tree), regression, and visual data exploration.  
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7.2.1 Classification 

As presented in data preparation, we created three decision trees with different binning techniques. All 

decision trees have a single target variable and 16 attributes.  

We have chosen to work with decision trees since they enable us to predict an outcome of the target 

variable: “Did the user have a seizure?” -  YES/NO. The decision tree predicts the outcome of the target 

variable by adding information in order to branch out until reaching a conclusion in the form of a clas-

sification of the segment. The decision tree then creates a model, which generates different paths based 

on the dataset instances. This predictive analysis method is particularly good when working with clas-

sification of binary variables as in our case, where we try to predict whether a seizure will occur or not. 

The following paragraphs describe the details of each decision tree regarding entropy and information 

gain. 

 

According to Provost and Fawcett (2013:51): “Entropy is a measure of disorder that can be applied to 

a set, such as one of our individual segments”. Entropy indicates the impurity of a dataset and it is 

represented by a number between 0 and 1. While 0 entropy indicates that a dataset is pure, an entropy 

of 1 indicates that a dataset is impure. Once the entropy is calculated, we can determine the information 

gain of each attribute. The information gain value of each attribute indicates how much “purer” a da-

tasets becomes by splitting on this attribute in the decision tree. Thus, the more an attribute helps deter-

mining the outcome of the target variables, the higher the information gain will be (Provost & Fawcett, 

2013). Finally, a visual presentation of each decision tree can be found in appendix G. 

 

7.2.1.1 Decision tree with equal width binning 

In the decision tree with equal width binning, we found an entropy of 

0.8823. This is a relatively high entropy indicating that the dataset is rela-

tively impure.  

 

Based on our entropy, the information gain is calculated for each attribute 

(see figure 42). With the information gain, we can see that in this decision 

tree, awake count, mood, restless duration, if napped or not (IsMainSleep) 

and minutes asleep have the highest information gain and thereby highest 

effect on reducing the entropy of the dataset. 

 

Figure 42 - information gain 

for equal width binning 
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7.2.1.2 Decision tree with equal frequency binning 

For the decision tree with equal frequency (figure 43), the entropy resulted 

in 0.8837. Once again, this entropy indicates that the dataset is relatively 

impure. Furthermore, we can see that this entropy is close to the entropy 

presented from the previous decision tree. 

 

Based on the entropy, we also calculated the information gain for our de-

cision tree with equal frequency binning. With this binning, we can see 

that mood, if napped or not (IsMainSleep), awake count, resting heart rate 

and awake duration are the attributes that reduce the entropy most. 

 

7.2.1.3 Decision tree with distribution binning 

In our last decision tree, which was binned based on how data was distrib-

uted in the population (figure 44), our entropy was 0.8668. Although this 

entropy is 0.02 lower than the entropy of the two other decision trees, it is 

considered rather close to the two other entropies.  

 

As with the other decision trees, we calculated the information gain based 

on the entropy. With this binning, we found mood, minutes asleep, steps, 

resting heart rate and if napped (IsMainSleep), to be the most influential 

attributes. Interestingly, with our last binning method, we see information 

gain values that are significantly larger than from the two previous decision 

trees.  

 

7.2.2 Regression 

In contrast to classification, regression analysis attempts to estimate the numerical value of some de-

pendant variable through a set of independent variables. Once the regression analysis has been com-

pleted, it provides a value estimation of a particular variable. As mentioned in our literature review, the 

two methodologies are related, yet different. While the classification analysis can help us understand 

‘if’ a seizure will happen, the regression analysis will help us understand ‘how intense’ a seizure will 

be. As previously mentioned when preparing data, we have classified the seizure intensities on a scale 

from 0,5 (very low) to 4 (very high). 

 

We ran the regression analysis with all variables. The analysis was conducted as a stepwise regression 

analysis in order to ensure a good model fit. We used p-value as our threshold with 0.05 to enter and 0.1 

to leave. This resulted in the following regression equation (see appendix 9 for full regression output): 

 

Figure 43 - information gain 

for equal frequency binning 

Figure 44 - information gain 

for distribution binning 
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Intensity = - 6.54 – 0.02 Mood + 0.000033 Steps + 0.06 efficiency + 0.03 resting hr – 0.27 Stress 

 

This equation presents the relationship between the intensity of seizures (dependent variable) and our 

attributes (independent variables). From this we can conclude that according to our equation, high in-

tensity seizures negatively correlates with mood, positively correlates with steps, positively correlates 

with sleep efficiency, positively correlates with resting heart rate and negatively correlates with stress. 

As an example, if an epileptic has high intensity seizures, the resting heart rate of the day will be 

higher than if otherwise. Interestingly, the stress variable is negatively correlated with seizure inten-

sity, which is opposite of what we found in our literature review and in our qualitative data. This could 

be due to the fact that the users have different seizure triggers as explained in the case description.  

 

When looking at the coefficients in our model, it is important to note that each independent variable is 

analysed from their numerical value. This means that the range of each variable varies. An example 

could be that the steps attribute is the number of steps, which can be a value between a few hundred 

steps and up to many thousand steps. On the contrary, the stress variable is a binary value that can ei-

ther take a form of zero or one.  

 

Table 22 displays two examples of how the each variable influences the intensity of seizures in our re-

gression formula. The column “coefficient” displays each of the variables’ coefficients. The column 

named “value of variable” displays a value given to the variable, while the “contribution” column dis-

plays how much the variable with a given value contributes to the intensity. Keep in mind that the con-

stant -6.54 is subtracted from the sum of the contribution.  

 
Table 22 - Seizure intensity example 1 

  Seizure intensity = 0 Seizure intensity = 1 

Variable Coefficient Value of variable Contribution Value of variable Contribution 

Constant -6.54 - - - - 

Mood -0.02 70 -1.4 40 -0.8 

Steps 0.000033 16000 0.528 16000 0.528 

Efficiency 0.06 93 5.58 93 5.58 

Resting HR 0.03 70 2.1 85 2.55 

Stress -0.27 1 -0.27 1 -0.27 

Intensity     0.0   1.0 

 

In table 22, we can see an example of a day with zero intensity (no seizure). In the second part of table 

22, we then display how a day with a seizure intensity of one can look based on our model. By lower-

ing the mood value to 40 and increasing the resting heart rate value to 85, we can see that our model 

displays an intensity of one. Table 23 displays an example with an intensity three seizure. 
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Table 23 - Seizure intensity example 2 

Variable Coefficient Seizure intensity = 3 

Constant -6.54 Value of variable Contribution 

Mood -0.02 0 0 

Steps 0.000033 25000 0.825 

Efficiency 0.06 100 6 

Resting HR 0.03 90 2.7 

Stress -0.27 0 0 

Intensity     3.0 

 

In table 23 we can see that lowering the mood to zero, increasing steps to 25000, increasing efficiency 

of sleep to 100, increasing resting heart rate to 90, and setting the feeling of stress variable to 0, we get 

an intensity of 3. 

 

The regression model has now been presented and explained. The model will be further discussed 

when we evaluate the model in section 7.3 Evaluation. 

 

7.2.3 Visual data exploration 

As both the decision tree and regression methods analyses data on a daily basis, we use visual data 

exploration as it allows us to analyse data differently. This allows us to dig deeper into the data as we 

can watch data in minute resolution, and heart rate in 10-second resolution. As presented earlier, the 

visual data exploration is made by looking at each seizure and determining if the heart rate could help 

predict/show the seizure. In this part of the CRISP model, the modelling step is supplemented with the 

aspect of the RQ that includes the qualitative input from the users in order to supplement the Big Data 

analysis. 

 

As previously described, the seizures we have detected varied in intensity. As we cannot see the intensity 

of the seizures in the graph, we used the heart rate as an indicator. This is due to the rationale of heart 

rate’s effect on seizures as we presented in the literature review (Elmpt et al., 2006; Zijlmans et al., 

2002). To ensure that we can categorize the graphs into different categories, we have made a list of rules 

that enables us to do so. 

 

Predictable seizure (PS):  

 When the heart rate rises before seizure registration time 

 When we know the exact time of the seizure (given from the user) 

 When there are no/few steps simultaneously 

 When heart rate rises before steps occur 

 >70 percent of data needs to be available for the day (more than 1000 data points pr. day) 
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Seizure (S): 

 When we have an estimated time of seizure/exact time of seizure  

 When the heart rate rises before steps rises OR when the heart rate rises to an extreme degree 

(above 170 bpm) as this can indicate that the step data is actually seizure cramps.  

 When heart rate rises before steps occur 

 >70 percent of data needs to be available for the day (more than 1000 data points pr. day) 

 

This category is typically used when there is an estimated time of seizure, such as “during the afternoon”, 

but no specific time stamp. 

 

Plausible (P):  

 When heart rate rises before steps occur 

 >70 percent of data needs to be available for the day (more than 1000 data points pr. day) 

 

This category is typically used, when there is neither an exact nor an estimated time of seizure, but only 

a date. Hence, we can only use the heart rate as an indicator, but cannot be sure whether our assumption 

of an occurred seizure is correct or not. 

 

Not visible (N): 

 >70 percent (1000 data points) needs to be available pr. day.  

 When it is not possible to see anything visually from the data. 

 

Data missing (M): 

 When less than 70 percent (1000 data points) are available pr. day.  

 

Table 24 below shows an overview of the categorization of graphs, based on the described rules: 

 
Table 24 - Seizure categorisation rules for visual data exploration 

Description of rule PS S P N M 

When heart rate rises before seizure registration time x     

Exact time of seizure is known x     

Estimated time of seizure or exact time of seizure is known  x    

When heart rate rises above 170 bpm (x) (x)    

When heart rate rises before steps occur x x x   

70% of the data needs to be available (more than 1000 data points 

pr. day) 

x x x x  
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The reason why “Heart rate rises above 170 bpm” is only marked as (x), is that this rule is not a require-

ment for the categorization, but can serve as an indicator for a possible seizure. 

 

In the following, we will go through different kinds of seizures. The users’ heart rate will be marked 

with a dark blue colour while the users’ steps will be marked with a lime green (as shown in figure 45). 

 

Heart Rate Steps 

Figure 45 - colour indication of visual data exploration 

Analysis of predictable seizures: 

In the following, we will analyse two graphs which indicate that it might be possible to predict the 

seizures. 

 

User J-01 

Seizure intensity 4 

User J-01 has informed us that the user had been out partying and drinking alcohol on both Friday and 

Saturday, and hence experienced being hungover on Sunday. The user’s heart rate and steps during 

Sunday is visualised in the below visual representation (see figure 46). The user informed us about a 

high intensity cramp seizure at 21.30.00, which is marked with a red line. Interestingly, the heart rate 

rises at 21.08.00 to a level of 152 bpm, which is relatively high compared to the heart rate during the 

day. The heart rate reaches a similar level at 13.07.00, but the difference is that the user is more physi-

cally active at this time, with more steps occurring right up until the peak in heart rate.  

 

 
Figure 46 – User J-01 seizure 
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When we look closer at the steps and heart rate data for each minute (see table 25), we find that the user 

walks 73 steps from 21.06.00 until 21.07.00, with an increase from 107 bpm at 21.07.00 to 152 bpm at 

21.08.00. This is a heart rate increase of 45 bpm during two minutes, with no extreme kind of physical 

exertion. When we look at the heart rate for the next 10 minutes, the heart rate stays at a relatively high 

level between 142 bpm and 109 bpm, while no significant movement occurs. Then at 21.20.00, some-

thing interesting occurs. The user’s heart rate rises 21 bpm from 109 bpm to 130 bpm during 1 minute, 

even though the user is passive and has no steps. The heart rate stays at this high level above 130 bpm 

until the seizure occurs at 21.30.00, even though no steps occurs in the meanwhile. In the following few 

minutes, the user show some activity in steps, which might indicate the seizure cramps.  

 
Table 25 - J-01 seizure details 

 

 

User S-05 

Seizure intensity 2  

User S-05 has explained feeling both physically and mentally stressed on the day for this seizure, which 

occurred at 17.32 (see figure 47).  

Time Heart Rate Steps  Time Heart Rate Steps 

 21:03:00 91 0  21:20:00 109 0 

21:04:00 95 0  21:22:00 130 0 

21:05:00 99 0  21:23:00 134 0 

21:06:00 107 65  21:24:00 137 0 

21:07:00 116 8  21:25:00 137 0 

21:08:00 152 0  21:26:00 135 0 

21:09:00 142 0  21:27:00 136 0 

21:10:00 138 0  21:28:00 133 0 

21:11:00 127 4  21:29:00 132 0 

21:12:00 131 0  21:30:00 133 0 

21:13:00 129 0  21:31:00 133 0 

21:14:00 126 19  21:32:00 139 21 

21:15:00 133 12  21:33:00 132 72 

21:16:00 120 15  21:34:00 131 0 

21:17:00 123 0  21:35:00 125 29 

21:19:00 109 25 
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Figure 47 - User S-05 seizure 

When looking at the data (see table 26), we see that the user has been physically active around 17.04.00 

to 17.24.00, where steps has been registered. The user is then inactive from 17.25.00 with a stabile heart 

rate around 80 bpm, with small deviations. However, from 17.29.00 to 17.30.00, the heart rate increases 

from 80 bpm to 107 bpm, with no increase in steps, and at 17.32.00 the seizure occurs (red line) with a 

heart rate of 100 bpm. After that, the heart rate slowly decreases. The heart rate thereby increases before 

the user has registered the seizure. 

 
Table 26 - User S-05 seizure 

Time Heart Rate Steps 

17:27:00 76 0 

17:28:00 79 0 

17:29:00 80 0 

17:30:00 107 0 

17:31:00 102 0 

17:32:00 100 0 

17:33:00 96 0 

17:34:00 93 0 

17:35:00 84 0 

17:36:00 77 0 

17:37:00 66 0 

 

Analysis of Seizures: 

In the following, we will analyse two graphs, which indicate that a seizure is occurring. 
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User S-06 

Seizure intensity 4 

User S-06 has informed us that the user had been out partying and drinking alcohol on Saturday, and 

hence experienced being hungover on Sunday. The user’s heart rate and steps during Saturday night and 

Sunday morning is visualised in the below visual representation (see figure 48). The user informed us 

of an argument on Saturday morning as well as heavy drinking the following night, where the user was 

out partying until 5am. Upon waking up around 11am on Sunday, the user took morning medicine (a 

few hours later than normal) and 2 minutes later, the user experienced a high intensity cramp seizure, 

which is marked with a red line. This user usually only experiences absence seizures so it is not common 

for the user to experience a cramp seizure. 

 

 
Figure 48 - User S-06 seizure 

 

The first steps are registered at 11.17.00 (see table 27), and up until then the heart rate has been relatively 

stable around 85 bpm. From 11.17.00 to 11.21.00, the user exerts a few steps while the heart rate rises 

to a relatively high level, increasing from 92 bpm to 151 bpm. When viewing the graph (see figure 48), 

this is a relatively high heart rate compared to the low amount of steps occurring at the same time. We 

assume that the seizure occurs at 11.18.00, just as the heart rate starts to increase, and before the steps 

starts to increase. As the steps occurs after the rise in heart rate, it could indicate that the steps are 

actually seizure cramps, and not steps. After the seizure, the heart rate slowly decreases. The reason for 

this seizure to be classified as “seizure” and not “predicted seizure” is that we have only been given an 

estimated time of the seizure, and thereby cannot determine the exact time of seizure impact. 
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It is interesting to note that this seizure is affected by several factors. As mentioned in the literature 

review, coincidences that includes several factors of sleep deprivation, missed antiepileptic drugs doses, 

withdrawal from moderate or heavy drinking can have severe consequences for epileptics (Gordon and 

Devinsky, 2001). In this case the user has slept from 5 am-11 am (6 hours), has been drinking heavily 

the night before and is experiencing alcohol withdrawal as well as being a few hours late with the med-

ication. 

 
Table 27 - User S-06 seizure details 

Time Heart rate Steps 

11:15:00 81 0 

11:16:00 84 0 

11:17:00 89 15 

11:18:00 92 0 

11:19:00 111 36 

11:20:00 141 23 

11:21:00 151 0 

11:22:00 150 0 

11:23:00 132 10 

11:25:00 133 0 

11:26:00 128 0 

11:27:00 120 0 

11:28:00 118 0 

11:29:00 121 0 

11:30:00 116 0 

 

User J-03 

Seizure intensity 4 

User J-03 has reported to have many seizures on this day. Through our qualitative interview with the 

user, we have been informed that the user has many high intensity cramp seizures in general which can 

last from a few minutes and until 40 minutes. We have not been given any specified time stamps of the 

seizure occurrences during the day, which is why this seizure is specified as simply “seizure” and not 

“predictable seizure”. As we do not have a specified timestamp, we have chosen to focus on the most 

obvious peek in the heart rate data (see figure 49).  
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Figure 49 - User J-03 seizure 

When looking at the data (see table 28), we see that the user is inactive at 15.30.00 with no steps and a 

heart rate of 83 bpm. However, from 15.33.00 to 15.43.00, the heart rate increases from 91 bpm to 190 

bpm. As the heart rate begins to rise with no significant increase in steps before the increase in heart rate 

begins, we assume that the seizure starts at 15.33.00, when the heart rate reaches 91 bpm. In the follow-

ing minutes as the heart rate increases, so does the number of steps, which we assume are due to seizure 

cramps (see table 28). Both the heart rate and the steps keeps a steady level until 16.09.00, where the 

steps count reaches 0. We assume that this is the point where the seizure either is over, or on a break, as 

the user has reported this day to be a day with many seizures. 

 
Table 28 - User J-03 seizure details 

Time Heart rate Steps 

15:30:00 83 0 

15:31:00 82 0 

15:32:00 83 0 

15:33:00 91 24 

15:34:00 104 41 

15:35:00 114 10 

15:36:00 124 60 

15:37:00 137 128 

15:38:00 139 129 

15:39:00 156 128 

15:40:00 150 121 
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Time Heart rate Steps 
 Time Heart rate Steps 

15:43:00 190 129 
 15:58:00 106 125 

15:44:00 175 125 
 15:59:00 126 129 

15:45:00 148 123 
 16:00:00 125 121 

15:46:00 139 119 
 16:01:00 111 122 

15:47:00 144 126 
 16:02:00 109 125 

15:48:00 126 122 
 16:03:00 133 126 

15:49:00 136 112 
 16:04:00 149 126 

15:50:00 129 123 
 16:05:00 141 122 

15:51:00 115 123 
 16:06:00 129 122 

15:52:00 111 126 
 16:07:00 113 110 

15:53:00 115 130 
 16:08:00 106 34 

15:54:00 113 124 
 16:09:00 115 0 

15:56:00 112 127 
 16:10:00 111 75 

15:57:00 103 122 
 16:11:00 112 108 

15:55:00 118 125 
 16:12:00 100 92 

 

Analysis of Plausible: 

In the following, we will analyse two graphs, which indicate that it is plausible that a seizure is occur-

ring. The user has registered a seizure on the day/night, but has neither given an exact nor an estimated 

time of seizure, making it difficult to determine whether the seizure is being detected or not. 

 

User J-02 

Seizure intensity 2 

The below graph (see figure 50) is a little different from the previously shown graphs, as it visualises 

user J-02, who only has seizures during night when sleeping. While the dark blue line still indicates 

heart rate and the green line indicates steps, the light blue indicates wakefulness/restlessness. When the 

light blue line reaches 100, it is a Fitbit indication that the user is in awake state, and when it reaches 

80, the Fitbit indicates that the user lies in a restless state. 
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Figure 50 - User J-02 seizure 

The user has a resting heart rate between 60 bpm and 80 bpm throughout most of the night, except when 

restless or awake, where it increases a little (see figure 50). However, between 07.42.30 and 07.43.30, 

the user’s heart rate increases 36 bpm, from 67 bpm to 103 bpm, and then declines rapidly to 64 bpm at 

07.43.30 (see table 29). As we do not have an estimated time of the seizure, this is our best guess, and 

hence it is categorized as “plausible” as we cannot ensure capturing the correct time of the seizure. 

 
Table 29 - User J-02 seizure details 

Time Heart rate Steps 

07:39:30 60 0 

07:40:30 57 0 

07:41:30 59 0 

07:42:30 67 0 

07:43:30 103 0 

07:44:30 64 0 

07:45:30 57 0 

07:46:30 57 0 

07:47:30 56 0 

 

User J-04 

Seizure intensity 1 

User J-04 has two types of seizures, where some are conscious and some are unconscious. In the below 

graph is an example of an unconscious seizure (see figure 51).  
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Figure 51 - User J-04 seizure 

The user has reported to have the seizure at 20.00.00 but when looking both at the graph and at the table 

(see figure 51 and table 30), nothing stands out as something out of the ordinary. The heart rate reaches 

91 bpm and 14 steps have been measured. When looking at the visualization however, an obvious peak 

in heart rate shows at 19.42.00 (18 minutes earlier than reported), where the heart rate reaches a level of 

163 bpm, even though only 6 steps has been reported from 19.38.00 to 19.42.00. During these 5 minutes, 

the heart rate rises from 122 bpm to 163 bpm, a total increase of 41 bpm (see table 30). 

 

The question remaining is whether the seizure did occur precisely at 20.00.00 or perhaps around 

19.42.00. As we cannot be sure, this seizure is categorized as “plausible”. However, if the seizure did 

occur at 20.00.00 and not at 19.42.00 when the heart rate reaches a level of 163 bpm, the rising heart 

rate at 19.42.00 could also indicate a sort of aura. However, more tests on the specific user would have 

to be made to draw such conclusions. 

 
Table 30 - User J-04 seizure details 

Time Heart rate Steps 

19:38:00 122 6 

19:39:00 138 0 

19:40:00 143 0 

19:41:00 154 0 

19:42:00 163 0 

19:43:00 138 34 

19:44:00 122 27 

19:45:00 125 36 
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19:47:00 87 0 

19:48:00 101 24 

19:49:00 104 28 

19:50:00 118 70 

19:52:00 79 0 

19:53:00 79 0 

19:54:00 97 0 

19:57:00 101 9 

19:58:00 98 22 

19:59:00 94 25 

20:00:00 91 14 

20:01:00 85 17 

20:02:00 74 0 

20:03:00 71 0 

 

Example of Not visible: 

In the following, we will give an example of a seizure, where we have difficulty detecting the seizure in 

the graph, even when knowing the time of impact.   

 

User S-04 

Seizure intensity 0.5 

User S-04 has two types of seizures, where some are large cramp seizures (at night) and some are small 

seizures where the hearing is affected. In the below graph is an example of a small seizure where the 

hearing is affected (see figure 52). 
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Figure 52 - User S-04 seizure 

The user has registered the seizure at 19.00.00, but when looking at the graph, the increase in heart rate 

is not significant (82 bpm) compared to the heart rate throughout the day, and a few steps are measured 

at the same time (5 steps) (see table 31). It is thus too uncertain for us to base any conclusions on the 

visual data exploration of this seizure, which is why it is characterized as “not visible”. 

 
Table 31 - User S-04 seizure details 

Time Heart rate Steps 

18:58:00 90 22 

18:59:00 83 0 

19:00:00 82 5 

19:01:00 83 0 

19:02:00 87 20 

19:03:00 88 17 

 

7.3 Evaluation 

Evaluation is the fifth step in the CRISP model. When evaluating our models, we look at evaluation 

criteria from each model, and also from a holistic approach by looking at whether the model can actually 

serve a meaningful purpose for epileptics or not.  

 

7.3.1 Classification 

When evaluating our decision trees we look at how well each decision tree predicts. We test the model 

through two methods: 
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 Holdout data: With this method, we split the dataset in to two parts. The first part is used for 

creating a decision tree, while the second part is used for the decision tree to predict the target 

variable. For each dataset, we use half of the dataset to ‘train’ and build our model, while the 

other half is used to test the model and evaluate.  

 Confusion matrix: The confusion matrix digs deeper into the validation of the holdout data (table 

32 displays a confusion matrix). While the true positives are correct predictions of a user having 

a seizure, the true negatives are correct predictions of a user not having a seizure. This makes 

up the main diagonal. On the contrary diagonal, the false positives are seizures that our model 

predicted to occur but actually did not occur. Lastly, for the false negatives the model predicted 

the user to not have a seizure, although the user did actually have a seizure.  

 
Table 32 - Confusion matrix 

 P N 

Y True positive False positive 

N False negative True negative 

 

 K-fold validation: With this method, we split the dataset in N parts (e.g. 10). First, 9/10 parts of 

the dataset are used to create the decision tree, while the last 1/10 is used for the decision tree 

to predict the target variable. Thereafter, a new decision tree is made with another 9/10 part of 

the decision tree, and once again, the decision tree predicts the target variable – this time at a 

new testing dataset.  

 

7.3.1.1 Decision tree with equal width binning 

When evaluating with holdout data, the first decision tree managed to classify 54 percent of the predicted 

target variables correctly. The following output shows that 95 instances were classified correctly, 80 

instances were classified incorrectly, which leads to a correctness rate of 54 percent:  

 

(95, 80, 0.54) 

 

To look further into the details of how the model predicted the target variable outcome, we created a 

confusion matrix (see table 33).  

 
Table 33 - Equal width decision tree confusion matrix 

 P N 

Y 11 18 

N 55 84 

 

From the confusion matrix we see, that only 16.6 percent (11/66) of the actual days with seizures were 

predicted correctly. Thereby, 83.3 percent of the days that users had seizures, the model predicted that 
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users did not have a seizure. This is a relatively low correctness rate. From the table, we can conclude 

that the model predicts whether users do not have a seizure, more precisely, than whether they actually 

do have a seizure. 

 

When evaluating with k-fold validation, we divided the dataset into 10 equally large parts. We found 

that the model predicted an average of 59.48 percent correctly. The correctness rate can be seen from 

table 34: 

 
Table 34 - Equal width decision tree, k-fold validation 

Fold Correct Wrong Correctness rate 

35 22 12 64.7% 

70 17 17 50.0% 

105 20 14 58.8% 

140 20 14 58.8% 

175 23 11 67.6% 

210 21 13 61.8% 

245 23 11 67.6% 

280 22 12 64.7% 

315 14 20 41.2% 

 

From the table, we can see that the average stays around 60 percent until the evaluation against the last 

part of the dataset. This could be because the last user in the dataset, S-06, has a relatively high frequency 

of seizures with relatively low intensity. As the model only predicts if a user has a seizure or not, all the 

seizures are equal, and no distinction is made in the intensity of the seizures.  

 

7.3.1.2 Decision tree with equal frequency binning 

In our second decision tree binned with the equal frequency method, 49.7 percent of the predicted target 

variables were predicted correctly – roughly 5 per cent less than our decision tree binned with the equal 

width method. 

(87, 88, 0.49) 

 

Once again, we created a confusion matrix to look further into the details of how well the model predicts 

our target variable (see table 35). 

 
Table 35 - Equal frequency decision tree confusion matrix 

 P N 

Y 14 28 

N 53 73 

 

From the confusion matrix, we can see that 14 seizures were predicted correctly, while 53 seizures were 

occurring though not predicted. Once again, this is a relatively low amount of correct predicted seizures. 
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However, although the model performs worse in overall prediction of the target variable, we can see 

that the model predicts seizures occurring more precisely than the previous model.  

 

We further evaluated this decision tree with k-fold validation. Once again, we split the dataset into ten 

parts and with this evaluation method, the decision tree classified 59.68 percent of the target variables 

correctly. The following table shows the correctness rate for each split: 

 
Table 36 - Equal frequency decision tree, k-fold validation 

Fold Correct Wrong Correctness rate 

36 16 19 45.7% 

71 20 15 57.1% 

106 23 12 65.7% 

141 23 12 65.7% 

176 20 15 57.1% 

211 21 14 60.0% 

246 20 15 57.1% 

281 23 12 65.7% 

316 22 13 62.9% 

 

From table 36, we can see a similar pattern as to the one seen in table 34. Most parts of the dataset 

performs with a correctness rate of around 60 percent with the exception of the first part. As with the 

previous model, this could be due to the nature of how the first part is – with relatively few seizures. 

 

7.3.1.3 Decision tree with distribution binning 

Our last decision tree, which was binned based on comparing each instance’s attributes with the distri-

bution of attributes, showed the highest percentage of correct classified target variables. 

 

(103, 72, 0.58) 

 

Once again, we looked into the details of the classification by creating a confusion matrix. The matrix 

is shown in table 37. 

 
Table 37 - Distribution decision tree confusion matrix 

 P N 

Y 13 12 

N 50 90 

 

From the matrix, we can see that although the model has the highest correctness rate, it does not per-

form significantly better than the two previous models in terms of predicting seizures. The majority of 

the correct predictions can be found in the true negatives (90 correct predictions) which is correct pre-

diction that a seizure did not occur. 
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When evaluating the model with k-fold validation, the decision tree performed worse than the two pre-

vious decision trees with 51.11 percent correct predictions of the target variable. Table 38 shows the 

details of the k-fold validation. 

 

 
Table 38 - Distribution decision tree, k-fold validation 

Fold Correct Wrong Correctness rate 

36 13 22 37.1% 

72 18 17 51.4% 

108 20 15 57.1% 

144 19 16 54.3% 

180 22 13 62.9% 

216 21 14 60.0% 

252 16 19 45.7% 

287 19 16 54.3% 

322 13 22 37.1% 

 

From the table, it appears that both the first and the last part of the dataset reduces the correctness rate 

of the model. As explained earlier, this is due to the two users being different in frequency of seizures. 

While the user in the beginning of the dataset has relatively infrequent seizures, the user in the last part 

of the dataset has relatively frequent seizures compared to the rest of the dataset.  

 

7.3.2 Regression 

As presented earlier, our regression formula looks as the following (see appendix 9 for full regression 

output): 

 

Intensity = - 6.54 – 0.02 Mood + 0.000033 Steps + 0.06 efficiency + 0.03 resting hr – 0.27 Stress 

 

From the formula, we can see that the intensity of a seizure is negatively dependent on mood, positively 

dependent on steps, positively dependent on sleep efficiency, positively dependent on resting heart rate, 

and negatively dependent on stress. As mentioned, it is important to note that each variable is analysed 

from their numerical value. This could indicate why the steps variable has a relatively low coefficient. 

Each variable can range as shown in table 39. 
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Table 39 - Coefficient variable range 

Variable Description Minimum value  

(observed) 

Maximum  value  

(observed) 

Intensity Dependent variable, intensity of seizures 0.5 4 

Mood Mood, from EpiX reports 0 100 

Steps Steps taken in 24 hours, from Fitbit 165 41007 

Efficiency Sleep efficiency, from Fitbit 84 100 

Resting hr Resting heart rate, from Fitbit 53 101 

Stress Stress, from EpiX reports 0 1 

 

For our regression model, we find the main indicator of validity and model fit to be the p-value. Table 

40 shows the p-value scheme of our regression model: 

 
Table 40 - Regression model output 

Regression Table Coefficient Standard Error t-Value p-Value 
Confidence Interval 95% 

Lower Upper 

Constant -6.54 2.25 -2.90 0.0039 -10.97 -2.11 

Mood -0.02 0.0027 -5.62 < 0.0001 -0.0204 -0.0098 

Steps 3.3E-05 1.1E-05 3.08 0.0022 0.00001 0.00005 

efficiency 0.06 0.024 2.63 0.0089 0.016 0.110 

Resting heart rate 0.03 0.01 2.61 0.0095 0.006 0.045 

Stress -0.27 0.13 -1.98 0.0485 -0.533 -0.002 

  

As seen from the above table, all p-values are significant at the 95 percent significance level. This is 

due to a regression model built with stepwise regression. We set the p-value threshold to enter at 0.05 

and to exit at 0.1 (Gefen et al., 2000). This means that the model will insert a variable if the p-value is 

below 0.05, and remove a variable in case a p-value rises above 0.1 because of other variables being 

added to the model.  

 

The complete model has a p-value of < 0.0001 and an R2 of 0.125. Although this is a low R2, the 

model is still significant due to the low p-values. This is because a low R2 value simply indicates high 

variation in data around the regression line; however, as the p-value indicates how each individual var-

iable has correlation with the dependent variable, this aspect is of greatest importance (Princeton, 

2007).  

 

As shown above, both the p-value for individual independent variables and the p-value for the model 

as a whole indicates high correlation. This means that we can conclude that our regression model 

shows a strong relationship between the variables and thus a trend in the data (Princeton, 2007).  
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7.3.3 Visual data exploration 

According to Provost and Fawcett (2013), it will be possible to find patterns in any dataset if we look 

hard enough. However, they may not survive careful analysis. In terms of our visual data exploration, 

we hoped that the analysis we made, based on the graphs extracted from the data, would show some 

kind of regularities and not just sample anomalies. However, without further analysis, we cannot be 

sure.  

 

In the below table (table 41) we have created an overview of the different seizures including the descrip-

tion and average intensity of the seizures.  

 
Table 41 - Average seizure intensity 

Seizure labels Description Number of seizures Average of Intensity 

PS Predictable seizures 2 3.00 

S Seizure 12 3.30 

P Plausible 21 2.62 

N Not visible 152 2.40 

M Missing data 42 2.20 

Total   229 2.60 

 

As shown in table 41, only 2 out of 229 seizures showed signs of being predictable, based on the rules 

we had created. Moreover, 12 out of 229 seizures were possible to categorize as seizures, while 21 

seizures were categorized as plausible. We were not able to detect 152 seizures out of 229 seizures, as 

they were simply too difficult to identify on the graph as previously shown when using visual data 

exploration for detecting seizures.  

 

It is important to notice that when looking at table 41, we can see a tendency that the higher intensity a 

seizures has, the more likely it is that we can either categorize it as a predictable seizure or seizure. One 

could therefore argue that we should have focused on choosing users with high intensity seizures, rather 

than high frequency seizures. However, with only 1.5 month to collect data, we focused on ensuring that 

we had some seizures to detect.  

 

Aside from that, one could also criticize that this approach to detect seizures is very subjective and not 

very objective. However, as described in our methodology, we have chosen to accept both the subjective 

and the objective approach as valid in terms of ontology (Van de Ven, 2007). It is also a very simple 

approach, as we have only looked at the users’ heart rate and steps, which can also be criticized. A 

positive aspect is that we have been thorough in our approach and have gone meticulously through each 

seizure to determine whether a seizure could possibly be detected or not. The outcome is our best guess. 
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Looking isolated at the method it can be difficult to use in reality, as it is time consuming, not scalable, 

and it is difficult to detect steps from cramps. For some of the seizures, where we do not have an exact 

time of impact, we cannot be sure, whether the users’ heart rate is rising due to a seizure, or because the 

user is merely being very active. In addition, the exact time of the seizure can be difficult for the user to 

determine, as they after the seizure can have a reorientation period, which might last for a few minutes, 

or the user might feel groggy or confused before they are back to normal and able to register a seizure. 

 

7.3.4 Evaluation against business understanding 

As presented earlier, the CRISP model calls for an evaluation against business understanding upon 

reaching the evaluation step in the model. 

 

First, it is interesting that both medicine and alcohol appears to affect seizures very little. For medicine, 

we believe that this is due to the high compliance with medicine intake. Throughout the dataset, we can 

see a 98 percent success rate, when accounting for user J-02 not taking any medicine.  

 

For alcohol, we believe this is due to a relatively little alcohol intake, roughly 14 percent of instances in 

the entire dataset. However, this is not the only explanation. As mentioned in RQ1 – Uncertainty in 

measuring instrument, we explain how an uncertainty arises in the nature of having binary values to 

measure non-binary factors. An example could be that in our application, drinking one beer and drinking 

ten beers is registered in the same way. As stated by Hauser et al. (1988) in the literature review, the 

amount of alcohol consumed – heavy vs. light drinking – has different impact on seizures. 

 

When taking these factors into account, it makes sense that our regression and classification models 

show that alcohol has little significance in terms of seizures. However, the visual data exploration com-

bined with the qualitative input from the users shows a significant impact on seizures, when the users 

has been drinking heavily. 

 

Secondly, after observing the seizure, as described in the case description - Observing an epileptic sei-

zure, we saw that it was difficult for user S-05 to register the exact time of a seizure. As the user was 

unconscious during the seizure, had a reorientation period of five minutes and did not remember the 

time up until the seizure, we experienced that the user struggled to remember when the seizure occurred. 

We believe this could be the case for other users as well. This heavily influences our data, as we rely on 

relatively precise registrations of seizures. Therefore, this could affect our results when looking at the 

visual data exploration.  

 

Finally, we see that the mood attribute highly affects seizures across our models. This is not something 

that users have explicitly described. However, some users have described that having a seizure can have 



Pamela Pedersen Copenhagen Business School 

Joachim Julius Lindholm 2016 

101 

 

a negative impact on their mood. It is important to note that we do not find cause-relationships with our 

models, but rather dependencies. Thus according to our business understanding, it is perhaps more likely 

that a seizure can have a negative impact on an epileptic’s mood instead of a negative mood increasing 

the likelihood of having a seizure. However, we interpret that one can cause the other and that the cause-

relationship can go both ways. 

 

When viewing our solution in regard to the CRISP model, we have shown how the evaluation benefits 

from being connected to the business understanding step in the CRISP model. This further shows how 

we have incorporated the CRISP model into the IS research field in the information systems research 

framework.  

 

 

7.4 Conclusion of RQ2 

In this section, we showed how big data analysis could help identify factors influencing epileptics. For 

this task, we used classification, regression and visual data exploration. After presenting the models, we 

evaluated each model for validity and significance.   

 

First, when analysing epileptic seizures with classification, we created three decision-trees by using 

different binning techniques. We then evaluated the decision trees by creating a confusion matrix as 

well as k-fold validation. Although the three decision trees managed to predict seizures with 49-60 per-

cent correctness rate, the confusion matrix for each decision tree showed that a relatively small part of 

seizures were predicted. Instead, the decision tree managed to guess “non-seizure days” correctly.  

 

Secondly, when analysing epileptic seizures with regression we found that the dependent variable – 

intensity of seizures – was negatively dependent on mood, positively dependent on steps, positively 

dependent on sleep efficiency, positively dependent on resting heart rate, and negatively dependent on 

stress. As the regression model showed a strong relationship between the variables, we can conclude 

that these variables do indeed have an impact on seizures based on our data.  

 

Finally, when analysing seizures with visual data exploration, we found that high intensity seizures were 

more likely to be able to predict or see than was the case for low intensity seizures. We presented ex-

amples on how it potentially can be possible to spot a seizure before it occurs, based on an increase in 

heart rate. Furthermore, the visual data exploration combined with qualitative input from users showed 

how heavy drinking of alcohol can have an effect on seizures. As previously described, we found limi-

tations to our analysis, as it occurred to us that the users’ seizure registrations were not as accurate as 

expected. Since many of them had missing timestamps, the amount of seizures that we could analyse 

with visual data exploration was limited. 
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Throughout our big data analysis, we supplemented the analyses methods with qualitative data in order 

to triangulate data as previously described in the methodology section. This helped us with better un-

derstanding of how the big data analysis should be conducted. It gave us a basis for decisions related to 

data preparation such as classifying variables that we needed to make our analyses. In our visual data 

exploration, the qualitative data helped us particularly well with understanding how the user acts and 

what the user did at the time of the seizure. Finally, the qualitative data helped us in the evaluation of 

our models, both for the decision trees, the regression analysis, and the visual data exploration. 
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8 Considerations for an internet of things solution 

According to Islam et al. (2015), IoT-based systems can be applied to a diverse range of fields in the 

healthcare field. As mentioned earlier, one of the ways this can be done is through smartphone healthcare 

solutions. As presented thus far in our thesis, we have developed, instantiated, and evaluated a prototype 

for collecting and analysing data – with the smartphone as a driver – for a healthcare IoT solution for 

epileptics. Throughout our process of working with the instantiation, we have made some useful learn-

ings that we believe can benefit future work. The following section evaluates our instantiation from our 

users’ perspective, in order to justify our considerations that we believe can be useful for future work 

within the area.  

 

When considering our design science framework, we will use our third RQ to evaluate our instantiation.  

When answering our third RQ, we work within the evaluation and deployment steps within the CRISP 

model, in the IS research field. In the deployment part of our research, we make use of our evaluation 

and suggest strategic considerations to take into account when designing an IoT solution for epileptics. 

Although we do not strive to deploy the technical solution directly into the Danish Epilepsy Associa-

tion’s existing infrastructure, we suggest guidelines and insights from our thesis in terms of ethics and 

safety. 

 

8.1 Evaluation of instantiation 

As presented so far, we have created an IoT solution for epileptics. In order to evaluate our process from 

a user perspective, we asked our participants of their opinion of the process. Figure 53 shows the result 

of how satisfied users were with participating in our thesis (see appendix C for full survey results). 

 

 
Figure 53 - User satisfaction in thesis 

 

Very satisfied
50%

Satisfied
50%

How satisfied have you been with participating in the 
project?

Very satisfied Satisfied Neither satisfied or dissatisfied Dissatisfied Very dissatisfied
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As seen from figure 53, participants were either satisfied or very satisfied with participating in our thesis. 

We thereby interpret the result as a successful instantiation of an IoT solution for epileptics, and we 

believe that learnings from our thesis can be useful if one was to consider a similar project. In the fol-

lowing paragraphs, we describe what considerations we found in terms of personal needs and ethics.  

 

8.2 Personal needs 

The following paragraphs describe elements that users have expressed to be valuable. These include 

safety, trust and quantified self. 

 

8.2.1 Safety 

As mentioned in our literature review, IoT solutions for healthcare can provide individual care while at 

the same time ensure a sense of safety. In our thesis, we have made findings regarding safety that can 

be important to keep in mind when designing an IoT solution for epileptics. The following paragraphs 

will describe our findings. 

 

8.2.1.1 Alerts  

As seizures can appear without any sort of warning, some of our users expressed a sense of fear of 

suddenly having a seizure. It can limit their daily life activities such as cooking due to sharp objects, 

biking and more. As S-03 mentions:  

 

“Sometimes I fall on the street and hurt myself. That can be a bit awkward.  

I fear having those sudden seizures, they make me nervous.” 

 

As this user mentions, it can be awkward to fall on the street. However, it can also be dangerous if no 

one is aware of a fall. During our interviews, some users suggested that a system to alert or notify friends 

or family members if an epileptic person falls would be very attractive. As user J-03 mentions:  

 

“An alarm would be great. If it could register the seizures and be coupled with a home nurse.  

This would give a kind of security and feeling of safety.” 

 

For J-03, the feeling of safety would be increased with an alarm to contact a nurse in case of seizures. 

This could be due to the nature of J-03’s seizures that are relatively intense when comparing to the rest 

of the users in our thesis.  

Another user, S-05, also mentions that falls often hurt. S-05 mentions that the realization of being dis-

abled has been a hard part and that a seizure alarm would be nice. S-05 says: 
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“It would be nice with a button I could press when having a seizure (red. a seizure alarm)  

so my family members could be informed of my seizures.” 

 

We believe this could be an important consideration when designing a future IoT solution for epileptics. 

Notifying friends, family, or nurses of a possible fall would empower epileptics to a more individual life 

by increasing the feeling of safety in their daily life. Furthermore, we find the consideration feasible, as 

a similar solution can be found in the market. A fall detector was developed in Australia by students 

from University of Sydney under the name Edisse, which we believe fit very closely to the description 

of what our users mention as desired (Incubate, 2013). We believe a solution similar to this should be 

an aspect to consider if a future prototype was to be built.  

 

8.2.1.2 Notifications 

Based on our interviews, we found that a large part of our users often forget things in their everyday 

life. Most users had strict routines with alarms on their phones to remind themselves about things e.g. 

medicine intake; however, this was not the case for all users. User J-04 explains: 

 

“I usually have a very strict routine I follow due to bad memory. I forget many things in my everyday 

life - both at work and at home. (…) At work it was so bad at one point that I was relieved of many of 

my responsibilities, simply because I forgot too many things.” 

 

User J-04 also mentioned that the user could forget the daily medicine intake. This is an important factor 

in limiting the amount of seizures for the epileptics, since missing medication has proved to influence 

frequency of epileptic seizures as described in our literature review. With our solution, we have sent out 

simple reminders to two users via the EpiX application, and other users have set up a vibrating alarm on 

their Fitbit, which has proven valuable. S-04 mentions: 

 

“Fitbit is good to remind me of taking my pills (red. Epileptic medicine).” 

 

We believe that a reminder service, where users can remind themselves either through a wearable device 

(such as the Fitbit Charge HR in our thesis) or through their smartphone would prove valuable to epi-

leptics. The fact that two out of ten users chose to have notifications about medicine indicates to us that 

they trust our system with reminding them about medicine. 

 

8.2.1.3 Ambient assisted living 

According to Islam et al. (2015), ambient assisted living (AAL) is be defined as: “An IoT platform 

powered by artificial intelligence that can address the health care of aging and incapacitated individu-

als”. For epileptics, this could mean creating a platform with IoT, possibly somewhat similar to the one 
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presented previously in our thesis, however powered with artificial intelligence. This would allow for a 

sense of safety, as users would be interacting with an intelligent agent and thereby users would possibly 

feel that they were ‘looked after’ (Islam et al., 2015) 

 

Although our back-end is not powered with artificial intelligence, we have experienced that some users 

feel a sense of safety by using our solution. For some users, the sense of safety was due to the Fitbit 

reminders that are possible to set up. Some users used this feature to remind themselves about medicine 

intake. Two users, J-03 and J-04, preferred EpiX to send push-messages to their iPhone as reminders 

for both morning and evening medicine. We interpret that by giving away control to a system, the system 

enables a sense of safety, because decisions are trusted in the system.  

 

Apart from the above-mentioned users, a user explicitly mentioned that our solution gave a sense of 

safety. In a comment sent on 30th of March (two days before the official data collection period ended), 

S-02 mentions:  

 

“It bothers me a little that the project is coming to an end, because I feel it is a comfort to me.” 

 

After reading the comment, we decided to contact the user to get a more elaborate answer. Upon talking 

to the user, S-02 said that the push-messages we sent were the main reason for the sense of safety that 

S-02 felt. This could be due to our way of formulating our messages that we sent out both as reminders 

for medicine and as reminders to send the EpiX report (see table 14 for list of push messages sent with 

EpiX). This finding was somewhat surprising to us, but after talking to the user again, we believe that 

an underlying reason could be a sense of safety by knowing that ‘someone’ is monitoring user S-02.  

 

Apart from the EpiX application, S-02 also replied our survey with a comment that the Fitbit wearable 

gave S-02 a sense of comfort: 

 

"The bracelet (red. Fitbit Charge HR) gives me comfort to wear, so I have chosen to keep it on." 

 

This further suggests that an IoT-solution can possibly create a sense of safety. Furthermore, we believe 

that it can be an important aspect to consider when designing an IoT solution targeted to aid epileptics.  

 

8.2.2 Trust 

The increasing focus on privacy that is seen in recent times also applies to the privacy of epileptics. In 

our interviews with participants, S-04 expressed some of the issues of trust that can exist for epileptics. 

This could be from employers, insurance companies or the municipalities. Epileptics can often become 

victims of stigmatization and this has led them to – for several of our participants – being aware of who 
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they share their data with, and conscious about the concept of privacy. We therefore decided to ask our 

users about how much they considered privacy in their daily life. Figure 54 shows how our users re-

sponded. 

 

 
Figure 54 - User survey privacy of epileptic data 

 

Our survey showed that our participants answered very differently to the question of whether privacy of 

their epileptic data is important. This could be due to the experience and thereby perception of the Dan-

ish healthcare system. From our interviews, we learned that some users perceived the ‘system’ very 

positively, while others expressed a sort of distrust against the system. S-05 mentions:  

 

“It would be nice if my doctors could have direct access to my diary/journal in the app.” 

 

As seen from the comment, S-05 places a big trust in the system and wants the doctors to have direct 

access to all data. However, other users with answers in the other end of the scale in figure 53 emphasize 

that specific hospitals or other public and private institutions should not have access to their data. This 

could be because information can be shared between institutions, which could make it difficult for the 

epileptic to find a job or receive payments from his/her insurance.  

 

We further asked the users about how important it is for them that data is not given to any third parties. 

Figure 55 shows how users responded.  

 

 

10%

10%

30%30%

20%

To what extent do you think about privacy of your 
epileptic data?

To a very high extent To a high extent To some extent To a small extent Not at all
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Figure 55 - User survey data to third-parties 

 

When looking at the interviews and the answers from the survey, two groups seem to form. One group 

that has trust in the system with mainly positive experiences. This group believes that sharing data will 

be convenient, as it reduces administrative work. The second group has less trust in the system, and 

therefore privacy is a larger issue for them. This group could have had a negative experience, and there-

fore they believe it is best to keep data private. 

 

When looking at the concept of trust in our solution, we believe that it is an important aspect of a solution 

for epileptics. We believe to have received honest answers in both our EpiX reports and our survey and 

due to the high satisfaction among our participants, we believe that we created a solution with relatively 

high degree of trust. From our learnings, we can learn that the privacy issue is individual, and therefore 

a solution must be able to support different user requirements.  

 

8.2.3 Quantified self 

As mentioned earlier, self-monitoring of patients (and epileptics) can give a sense of safety, as individ-

uals can keep track of their own health, both in present time and historically. Apart from making users 

feel safer, the responses in our survey from the users also show that users find it interesting to monitor 

themselves. In our survey, user J-02 mentions: 

 

“It has been very interesting to follow the data it (red. Fitbit Charge HR) registers” 

 

This shows that users did find it interesting with self-monitoring. Another user, J-01, was even more 

active in analysing personal data. J-01 explains: 
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“I have been able to see a pattern in the development of my resting heart rate, which has been inter-

esting for me to observe. My heart rate has been rising during weekends where I have been drinking a 

lot of alcohol and have not been sleeping so much, and then the heart rate has been declining during 

the week.” 

 

This is interesting as user J-01 mentioned in our interview that seizures for the user were more frequent 

when J-01 had been drinking alcohol. Furthermore, this comment is aligned with the ideas of the quan-

tified self as mentioned previously in our literature review, where we explained how the individual can 

take a proactive stance towards obtaining different kinds of information such as heart rate, sleep quan-

tity, or activity. User J-01, further explains: 

 

“The step counter has been a great tool, and especially in the beginning where I competed  

against myself to reach the 10.000 steps!” 

 

It is interesting that J-01 has only had one seizure during our 1.5 months of data collection. It is not 

possible to determine whether this is due to an increase in activity, or whether it is just a coincidence. It 

is however aligned with the findings in our literature review, where is has been found that physical 

activity can have a positive effect on mood, stress levels and sleep quality, and thereby have an indirect 

positive effect on epileptic seizures. 

 

8.3 Ethics in an IoT solution 

As we move into an era of ubiquitous computing (Ferscha, 2012), where IoT becomes part of the tradi-

tional internet, it may be beneficial to include the idea of man into system design (Spiekermann, 2011). 

Furthermore, Martin (2015) points out the importance of having an ethical approach when working with 

big data, mainly in the health sector. The currency of big data gives rise to questionable uses of health 

data, such as discrimination in the healthcare or discrimination by insurance companies. Martin (2015) 

further discusses possible solutions to the big data industry’s ethical issues, such as: 

 Transparency in information supply chains  

 Transparency regarding data collection practices 

 Clear rules about usage of data both internally and externally 

 High degree of data integrity e.g. displayed through markets that are visible to regulators and 

consumers 

 

In the following, we will first cover ethical concerns presented with the idea of man when working with 

IoT (Spiekermann, 2011). Secondly, we will discuss the guidelines and ethical concerns stated by Martin 

(2015) when working with big data. 
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8.3.1 The Idea of Man 

In regard to the current IoT solution, there is plenty of room for improvement in terms of handling user 

data in an ethical way. So far, our solution has been built upon what has been possible in a pragmatic 

way, rather than what would be ideal seen from an ethical perspective. In an ideal world, it would be 

optimal to follow the guidelines of the idea of man, where tree areas of system design can be differenti-

ated: 1. Manipulation, 2. Contact, 3. Back-end behaviour (see figure 56). 

 
Figure 56 - Idea of man in EpiX context 

 

8.3.1.1 Manipulation 

When incorporating the idea of man into systems design, the first step is to determine how people should 

interact with the machines as well as influence the machine actions (1. manipulation). In this case, the 

IoT solution should be built in a way that gives the user the ability to manipulate the system e.g. to turn 

on/off messages sent from the system. In our prototype system, this could be EpiX reminders of medi-

cine. As it is now, the users have been able to contact us and thereby request not to get reminders any-

more. 

 

In a more established system, it would make sense to have a more established process for such changes 

rather than sending an email with a request, every time a user wants a change. The user should also be 

able to determine what part of their data should be allowed to pass on to a third party. Should all data 

be stored in the back-end when it is created, or should it be possible for the user to manipulate the data 
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and pass it on to a third party without the back-end getting to store the data? This is the case with the 

mobile application from the Danish Epilepsy Association, where the user through the application can 

store seizures locally on their phone, and afterwards generate a pdf-file with the collected seizures to a 

third party, without any storing of data occurring in the backend of Danish Epilepsy Association’s sys-

tem. In this case, the user has full control of their data. At the other end of the spectrum, Fitbit allows 

the user little control over their data, and further chooses to use it (non-personalized). Ensuring that 

users have the ability to choose how their data is handled is previously described as an important feature 

to keep in mind when discussing trust. This can also be seen in how our users responded with respect to 

data privacy as seen in figure 54 and 55. 

 

8.3.1.2 Contact 

Designers and scientists should determine how the system treats, contacts and interacts with the users 

(2. Contact). In our prototype solution presented in this thesis, EpiX interacts with the users via push 

messages, reminding them of sending EpiX reports, as well as reminding some of the users to take their 

medication. This has proven positive to our users. However, in a future project with a self-developed 

wearable, a possibility would be to send messages via the system to the users’ wearable in the form of 

vibrational signals through the actuator as some users described as useful to help remember medication. 

However, the users have shown positivity towards our way of contacting them with positive and helpful 

push messages when reminding them of their EpiX reports.  

 

In our system, we have put great thought into creating push messages written in a positive, encouraging 

and playful tone of voice, rather than in a technical, mechanical, demanding, impersonal and alienating 

tone of voice. It has been important for us that the messages are seen as friendly, and not as a source of 

stress or annoyance. We also wanted to create a space that encouraged the users to learn about them-

selves by making the messages informative and helpful, rather than instructional and condescending. 

Overall, the contact to the user should be on the users’ terms and not on the systems terms. This is 

especially important as the messages can affect the users’ mood in a positive or negative direction, and 

hence have an indirect effect on the number of seizures. 

 

8.3.1.3 Back-end behaviour 

Thirdly, in our role as system engineers, it is our responsibility to determine to what extent the back-end 

behaviour should be transparent for the users (3. Back-end behaviour). As our thesis is a research project, 

the system is built in a way that allows us access to the system, while the users are not allowed access. 

This means that the users are neither allowed access to the EpiX reports they send on a daily basis, nor 

to influence e.g. delete their data. According to the ethical approach of the idea of man, users should 

both have access to the data and influence on how it is handled in the system. It would then be up to us 
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as system engineers to decide to what degree the users should be able to influence their personal profiles 

as well as decide what links between personal profiles should exist. 

 

In a future solution, an optimal back-end behaviour would include using a self-developed wearable for 

measurement. This would prevent any third party company to have access to user data; such is the case 

with Fitbit in our current solution. 

 

As our system is designed now, the user can easily avoid informing their doctors about their true habits 

in regard to alcohol intake, medicine intake, number of seizures etc. The possibility for the user to share 

data should be present, and it should be up to the users’ to choose with what stakeholders they want to 

share their private health data. Examples could be a municipality, a personal health practitioner or an 

insurance company. 

 

8.3.2 Big data guidelines and ethical concerns  

As mentioned in the literature review, Martin (2015) argues that ethical issues also exist within the big 

data in the healthcare sector. Big data can be very beneficial to treat patients; however, questionable 

uses of data give rise to an ethical concern. An ethical concern could be discrimination in either 

healthcare services or insurance products based on data analysis or data gathering about patients, which 

may not be directly linked to the treatment of a patient.  

 

8.3.2.1 Transparency in information supply chains 

When working with data, which can be categorised as an abstract artefact, it is important to take an 

ethical approach in terms of transparency. One way to do this is to make the supply chain visible and 

thereby clearly identify a firm’s position in the chain. This will enable the firm to take responsibility for 

the upstream and downstream practices of others (Martin, 2015). In this thesis, our supply chain is con-

nected to Fitbit. However, when working with them, we do not have any control over how they choose 

to use the users’ data. This is an aspect that can be criticized, as is means that the supply chain is not 

transparent for the user, and hence they cannot control how their data is used internally within the Fitbit 

Corporation, nor can they control or observe how Fitbit chooses to treat the data externally. It would be 

ideal for the user to be able to identify and choose trusted and certified supply chains. 

 

8.3.2.2 Transparency regarding data collection practices 

Just as it is important to have transparency in the information supply chain, it is also important to have 

transparency in terms of how the data collection practises takes place. It should be transparent to the 

user exactly how data is collected from the user, as well as which data is collected. The user has a right 

to know what information is being used and what it is being used for.  
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In our thesis, we ensured to inform all participants of what the collected data would be used for. This 

was done through e-mails and interviews, where we described the meaning of our thesis. Further, as 

previously mentioned we made a contract to ensure that users had a legal document to enforce in case 

of any breaches (see appendix H for the user contract). We interpret that this could have had a positive 

effect towards trusting our system. 

 

8.3.2.3 Clear rules about usage of data both internally and externally 

When working with big data, data stewardship is of great importance, as it includes internal treatment 

and external sharing of information for different types of data. When collecting data about the epileptics’ 

behaviour, it is important to have a strategy for how the data should be treated internally. This evokes 

questions such as, is it allowed to perform internal analysis of the users collected data? Is it allowed to 

use data for research projects and statistical purposes? Is it allowed to do analysis of the users’ collected 

metadata? It is also important to determine the rules regarding external sharing of information. Is it ok 

to sell the data and build a business model based on profiting from users’ data? Alternatively, would it 

be more ethical to create a business model, which puts the user at the centre, and gives the user authority 

of the users own data? Another possibility is to assume that the user is not able to foresee the conse-

quences of sharing private health data and thereby make a business model that does not allow users to 

share any data, and thereby prioritise ethical concerns over profit. 

 

In our thesis, we defined that data is used for research. We ensured that data is anonymous when pre-

sented and that it is not shared with any third parties at any point without a given user’s consent. There-

fore, the discussion mentioned above addresses some of the ethical issues that one is faced with, if a 

commercial solution was to be built.  

 

8.3.2.4 High degree of data integrity  

When companies work with large amounts of data, it imposes requirements to the collected degree of 

data integrity in the company. It is important to make internal rules and regulations – data governance – 

regarding which employees should have access to data. It is also important to have built in incentive 

structures that do not encourage unethical behaviour when working with private health data. The degree 

of data integrity in the company should be displayed through markets and thus be visible to regulators 

and consumers. This enables the consumers to make informed choices when choosing which data com-

panies to collaborate with and trust. 

 

To deal with data integrity in our thesis, we strictly ensured that data is not analysed on different com-

puters. We treated users’ data with respect and avoided showing any data that could potentially lead to 

breaches in privacy. An example could be that we only analysed data within closed rooms and not in 

public spaces.  
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8.4 Deployment 

When considering our design science framework, we have followed the stages in the CRISP model, 

residing in the IS research field, and answered our third RQ within the evaluation and deployment steps. 

We have evaluated our process from a user perspective. In the deployment stage of our research, we 

make use of our evaluation and suggest strategic considerations to take into account when designing an 

IoT solution for epileptics.  

 

These strategic considerations are based on the users’ feedback as well as the guidelines addressed in 

the Idea of Man (Spiekermann, 2011). These are important guidelines as they ensure that the ethical 

perspective of a user is respected when designing a system. Furthermore, it consists of insights gained 

from our data mining process as well as data gathered from our coded interviews with users. 

 

Even though we do not strive to deploy our technical IoT solution directly into the Danish Epilepsy 

Association’s existing infrastructure, we do state a set of guidelines and insights from our thesis in terms 

of ethics and safety, which we believe are important strategic considerations when developing an IoT 

solution for epileptics. 

 

8.5 Conclusion of RQ3 

In this section, we discussed and presented important considerations in terms of personal needs and 

ethics, when designing an IoT solution for epileptics. In terms of personal needs, we found that safety, 

trust, and the concept of the quantified self are personal needs that epileptics found important in our 

solution. Interestingly, we also found that a large degree of the users did not think much about the pri-

vacy of their epileptic data, and the majority of the users indicated that whether their personal data about 

epilepsy was given to any third-parties or not, was not really important to them. Moreover, we found 

that the idea of man could be beneficial as a guideline for designing ethical IoT solutions for epileptics.  

 

Regarding personal needs, we found that safety is an important factor for epileptics. IoT can enable a 

sense of safety and allows for a more independent life, which was also stated by Danish Journal of 

Nursing (2012) in our literature review. 

 

A possible improvement to consider in order to increase the safety of a system expressed by several 

users is an alert to notify friends, family, or medical staff when having a seizure. This would increase 

safety according to our study. In addition, we found that trust – both in terms of trusting a system to 

send notifications as well as in terms of trusting the system with private data – is an important need for 

epileptics. This gave us the idea to consider ambient assisted living in a future IoT solution for epileptics. 

The last personal need we identified was that some users learned about themselves by observing their 

own data in accordance to the concept of quantified self. This is also in alignment with findings of Swan 
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(2012) as mentioned in our literature review, who states that an individual can gain greater introspection 

of oneself by being aware of different factors such as quantity of sleep, heart rate and physical activity. 

 

Secondly, when reflecting upon our own system, we found important ethical considerations in terms of 

system design. We conclude that the idea of man can be beneficial to incorporate into systems design as 

it allows the system designer to consider several aspects in the design. We found that it is important to 

consider the amount of control that the user should be given with respect to manipulating data. Moreo-

ver, we found that the feedback (contact) from the system could affect epileptics and potentially influ-

ence seizures indirectly. Lastly, we found that it is important to determine and be clear about access and 

influence on the back-end behaviour of a system. Clear guidelines in terms of what data the users are 

allowed to view, handle, delete, and share with other stakeholders should be considered.  

As our thesis is built with a pragmatic approach, these considerations were only partially incorporated 

in our solution. Nevertheless, we see them as important ethical considerations for future IoT solutions 

for epileptics, even if the users do not find data privacy particularly important themselves. 

 

Finally, we found important guidelines to consider when working with big data. Ensuring that the user 

is aware of how their data is used and thus creating transparency in data was a concern for several users. 

Moreover, transparency regarding data collection practices is also important, as the user should have the 

right to know how data about them is collected. We further conclude that clear rules about usage of data 

both internally and externally is another important aspect. In addition, users have a right to know how 

their data is handled inside the organisation, and whether their data is being sold to other companies. 

Lastly, high degree of data integrity is important and should be facilitated by making rules and regula-

tions regarding which employees should have access to the data and ensure healthy incentive mecha-

nisms. In our thesis, we strived to follow the guidelines in relation to big data as described in the section.  

 

 

  



Pamela Pedersen Copenhagen Business School 

Joachim Julius Lindholm 2016 

116 

 

9 Contributions of this study 

Our thesis presents an innovative design science research project that contributes both to the environ-

ment as well as to the knowledge base.  

 

9.1 Contributions to environment 

In our thesis, we have designed and created an IoT solution to collect and analyse data about epileptic 

seizures. The solution consists of an iOS application as well as a Fitbit Charge HR. We created a back-

end that integrates with the Fitbit back-end and thereby enables modelling of data from various sources. 

With this solution, we managed an 89 percent response rate on our iOS application reports over the 

course of 1.5 months as well as a high participation in terms of wearing the Fitbit Charge HR. This was 

due to both system design and system features such as push messages to remind users.  

 

Furthermore, we have analysed the data and created models with classification, regression and visual 

data exploration that enables us to present dependency among variables influencing epileptic seizures. 

For classification, we created three models with up to 59 percent correctness rate in predicting days with 

seizures. For regression, we created a model with a p value equal to > 0.0001, which enables to help the 

Danish Epilepsy Association gain potentially new knowledge as to what factors influence seizures. For 

visual data exploration, we were able to classify two seizures as predictable. Our thesis thereby contrib-

ute to the goal of predicting epileptic seizures.  

 

Our last contribution consists of considerations that we – through our thesis – found to be important 

when designing an IoT solution for epileptics. Due to a well-designed solution, we managed to create a 

solution that enriches our participants with a sense of trust and safety as well as a better understanding 

of their own epilepsy. Moreover, our contributions can aid future system designers when building an 

ethical system that embody epileptics’ personal needs.  

 

Although our thesis is created as an experiment, we anticipate that solutions similar to the one we have 

presented will become common for epileptics in the future. For this purpose, we hope that our work can 

help contribute to this development in a positive manner.  

 

 

9.2 Contributions to the knowledge base 

In our thesis, we have chosen to work with the information systems research framework within the 

design science framework. As a contribution to the knowledge base, we have showed how it is possible 

to replace the existing elements from the IS research field, with the CRISP model, while still maintaining 
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the design guidelines. Figure 57 displays the CRISP model integrated in the information systems re-

search framework.  

 

 
Figure 57 - CRISP model integrated in the information systems research framework 

 

We have also showed how it is possible to combine the phenomena of interest, so it captures elements 

both from the environment and from the IS research field. We have done this by having a phenomena 

of interest consisting of epilepsy, which resides in the environment represented by the Danish Epilepsy 

Association, while the internet of things and big data analytics resides within the IS research field. 

 

When we combined the problem by epileptics with the possibilities enabled by the internet of things and 

big data, we composed a combined business need: Help epileptics by using the Internet of Things and 

big data analytics. 

 

When we further integrated the CRISP model in the IS research of design science, the phenomena of 

interest, epilepsy, internet of things, and big data also became part of the business understanding which 

is one of the stages in the CRISP model. We then used the business understanding in a way where we 

went a level deeper than the overall phenomena of interest and the business needs. This was done in a 

way where we, instead of covering epilepsy, internet of things, and big data on a general level, used the 

business understanding to explore the obstacles of living with epilepsy, through qualitative interviews 

with epileptics. 
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Regarding internet of things and big data, these research fields were used in a way where the business 

understanding included exploring the opportunities of internet of things and big data in regard to epi-

lepsy.  

We chose to place the internet of things and big data within the IS research field, and not within the 

environment. This is due to the fact that we chose which technology to utilize in our thesis, based on 

what the knowledge base had to offer and on what we believed would help epileptics in the best way 

possible, rather than what already existed in the technological environment of the Danish Epilepsy As-

sociation. 
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10 Conclusion 

In our first RQ, we asked: How can internet of things be used to collect data about epileptics? We have 

described how this can be done by showing an architecture that incorporates various applications – 

centred on the user’s smartphone – that serves with individual purposes to the overall goal of collecting 

data about epileptics. Furthermore, our internet of things solution has enabled us to engage, support and 

monitor our users, and thereby enabled us to collect good data about epileptics. 

 As a sub question, we asked: How can data about daily activity, sleep quantity, heart rate, medi-

cine intake, stress, alcohol intake, and mood be measured? Our architecture uses two main data collec-

tion artefacts – the EpiX application for iOS, which we have created for the purpose and the Fitbit 

Charge HR. The EpiX application allows users to register medicine intake, feeling of stress, alcohol and 

mood and thereby to measure the daily level of the attributes. To supplement, the Fitbit Charge HR 

collects data about steps, sleep quantity (and to some extent quality) and heart rate. When combining 

these two data sources, we show how internet of things can be used to collect data about epileptics 

through our instantiation.  

 

In our RQ2, we asked: How can big data analysis help identify factors that influence seizures for epi-

leptics?  To answer this question, we used classification, regression and visual data exploration. After 

presenting the models, we evaluated each model for validity and significance.  

 When analysing epileptic seizures with classification, we created three decision-trees by using 

different binning techniques. We then evaluated the decision trees by creating a confusion matrix as 

well as k-fold validation. Although the three decision trees managed to predict seizures with 49-60 per-

cent correctness rate, the confusion matrix for each decision tree showed that a relatively small part of 

seizures were predicted. Instead, the decision tree managed to guess “non-seizure days” correctly.  

 Secondly, when analysing epileptic seizures with regression we found that the dependent variable, 

intensity of seizures was negatively dependent on mood, positively dependent on steps, positively de-

pendent on sleep efficiency, positively dependent on resting heart rate, and negatively dependent on 

stress. As the regression model shows a strong relationship between the variables, we can conclude that 

these variables do indeed have an impact on seizures based on our data.  

 Finally, when analysing seizures with visual data exploration, we found that high intensity sei-

zures were more likely to predict or see than was the case for low intensity seizures. We presented 

examples of how the heart rate can potentially spot a seizure before it occurs. 

 As a sub question for our second RQ, we asked: How can qualitative input from epileptics sup-

plement a Big Data analysis? Throughout our big data analysis, we supplemented the analyses methods 

with qualitative input from the users. This helped us with better understanding of how the big data 
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analysis should be conducted. It gave us a basis for decisions related to data preparation such as classi-

fying variables that we needed to make our analyses. Furthermore, the qualitative data helped us in the 

evaluation of our models, both for the decision trees, regression analysis and the visual data exploration. 

 

In our third RQ, we asked: What considerations are important in terms of personal needs and ethics 

when designing an internet of things solution for epileptics? Regarding personal needs, we found that 

safety is an important factor for epileptics. A possible improvement to consider in order to increase the 

safety of a system expressed by several users is an alert to notify friends, family or medical staff when 

having a seizure. This would increase safety according to our study. In addition, we found that trust – 

both in terms of trusting a system to send notifications as well as in terms of trusting the system with 

private data – is an important need for epileptics. This gave us the idea to consider ambient assisted 

living in a future internet of things solution for epileptics. The last personal need we identified was that 

some users learned about themselves by observing their own data in accordance to the concept of quan-

tified self.  

 Secondly, when reflecting upon our own system, we found important ethical considerations in 

terms of system design. We conclude that the idea of man can be beneficial to incorporate into systems 

design as it allows the system designer to consider several aspects in the design. We found that it is 

important to consider the amount of control that the user should be given with respect to manipulating 

data. Moreover, we found that the contact (feedback) from the system affects epileptics and potentially 

influences seizures indirectly. Lastly, we found that it is important to determine and be clear about access 

and influence on the back-end behaviour of a system. Clear guidelines in terms of what data the users 

are allowed to view, handle, delete, and share with other stakeholders should be considered. As our 

thesis is built with a pragmatic approach, these considerations were only partially incorporated in our 

system. Nevertheless, we consider them to be important ethical considerations for future internet of 

things solution for epileptics. 

 Finally, we found important guidelines to consider when working with big data. Ensuring that the 

user is aware of how their data is used and thus creating transparency in data was a concern for several 

users. Moreover, transparency regarding data collection practices is also important, as the user has the 

right to know, how data about them is collected. We further conclude that clear rules about usage of data 

both internally and externally is another important aspect. In addition, users have a right to know, how 

their data is handled inside the organisation, and whether their data is being sold to other companies. 

Lastly, high degree of data integrity is important and should be facilitated by making rules and regula-

tions regarding which employees should have access to the data and ensure healthy incentive mecha-

nisms. In our thesis, we strived to follow the guidelines in relation to big data as described in the section.  
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12.1 Appendix 1: Danish Epilepsy Association website post 

 

 

The original post can be found at: 

http://www.epilepsiforeningen.dk/nyheder/vis/testperson-til-smart-armbaand/ 
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12.2 Appendix 2: Interview guide 

 

Om projektet 

Vi er to speciale studerende fra Copenhagen Business School der studerer cand.merc(it.) - Joachim og 

Pamela. Vi skriver speciale inden for feltet Internet og Things (sammensætning af forskellige ”things” 

såsom en mobil app, et wearable, en cloud løsning mm., til at indsamle data fra forskellige kilder) og 

Big Data (Hvordan man kan bruge støre mængder af data til at vise sammenhænge), og vi er derfor ikke 

eksperter i epilepsi. Vi er interesserede i hvordan man kan bruge teknologi til at hjælpe mennesker og 

gøre deres hverdag nemmere. Derudover håber vi på at den data vi indsamler fra jer brugere, kan vise 

nogle tendenser såsom at hjerterytmen stiger på en bestemt måde op til et anfald, at søvnkvaliteten har 

en betydning for mængden af anfald eller at mængden af fysisk aktivitet i løbet af en dag, har indflydelse 

på mængden af anfald. Derudover vil vi også gerne undersøge hvordan alkohol indtag og stress påvirker. 

Vi håber det er okay at vi stiller en række spørgsmål vedr. din epilepsi. Noget af det har du måske 

allerede svaret på, så vi håber det er okay at der vil være lidt gentagelse.  

 

Spørgsmål til brugere 

Er det okay at vi optager? 

 

Introduktion 

Fortæl om app’en og fitbit app’en. 

 

Hvad laver du til hverdag? 

 

Brugerens epilepsi og anfald 

Hvornår fik du epilepsi? 

 

Oplever du at epilepsien begrænser dig i din hverdag? 

 

Hvordan registrere du dine anfald? 

 

Hvilken type anfald får du/typen af epilepsi? 

 

Hvad kan typisk trigge et anfald? 

 

Hvor ofte får du anfald? 

 

Hvor længe varer anfaldene? 
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Har du både anfald om dagen og om natten når du sover? 

 

Opfatter du når der sker et anfald? (Bevidsthed, awareness)  

 

Kan du bagefter huske hvad der skete under anfaldet? (Bevidsthed, awareness) 

 

Kan du reagere på stimuli fra dine omgivelser under et anfald - fx hvis nogen siger noget til dig eller 

beder dig om at gøre noget bestemt under anfaldet? (Responsiveness) 

Der er tale om fokale anfald hvis bevidstheden ikke er påvirket under anfaldet – ved intakt bevidsthed 

skal begge delfunktioner (awareness og responsiveness) være bevarede) 

 

Hvor længe varer anfaldene typisk? 

 

Aura 

Oplever du at få aura? 

 

Hvordan oplever du den? 

 

Hvor lang tid inden et anfald oplever du aura? 

 

Medicin 

Hvilken type medicin får du? Kan du stave det? 

 

Hvornår på dagen tager du medicin? Hvor mange gange om dagen? 

 

Hvornår vil I have reminders/Vil I have reminders? 

 

Afslutning 

Har du selv nogen ideer til hvad der kunne gøre din hverdag nemmere? (eksempler) 

 

Hvis du kommer i tanker om nogle ting der kunne gøre din hverdag nemmere, så må du meget gerne 

maile dem til os. 
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12.3 Appendix 3: Seizure types 

In order to create a better understanding of the complexity and diversity of epilepsy, we have included 

an overview of the variety of seizures that fall within the epilepsy frame. The seizure description is based 

on findings by Alving et al. (2014). 

 

I: Focal seizures 

These seizures are cortically triggered and the abnormal electrical activity begins in a limited area of 

one of the cortex hemispheres. The symptoms will thus be dependent on the anatomical location in the 

brain. 

During a focal seizure, the consciousness can either be effected or not. If the epileptic is aware during 

the seizure, the person is able to remember what happened during the seizure. If the epileptic is respon-

sive, the person is able to react to stimuli from the surrounding environment during the seizure. 

IA: Focal seizures with intact consciousness – simple focal seizures 

 With motoric symptoms: localized clonic contractions (series of rhythmic cramps), which might 

spread systematically or sporadic. 

 With sensory symptoms: Feeling cold or warm, pain or specific sensory smell-/taste-/vision-/hear-

ing impressions.  

 With psychic symptoms: “psychic seizures” – changed ability to recognize other people, percep-

tion disturbances, change in perception of time, affective symptoms (anxiety, depression, feel-

ings of lust), dreamy state, hallucinations, etc. 

 With autonomous symptoms: paleness, flushing, goosebumps, stomach pain 

IB: Focal seizures with effect on consciousness (dyscognitive focal seizures/complex focal seizures) 

 These seizures can turn into the continuation of a focal seizure, which initially did not have any 

effect on the consciousness. 

 These seizures can also start out with an effect on the consciousness, often accompanied with 

automatisms (chewing, fumbling, messy movements, sounds, words and perhaps talking that 

does not make any sense.  

 Some patients only experience that their consciousness is effected (staring, coming to a standstill, 

mental freeze) 

 Confusion in the reorientation period 

IC: Focal seizures with secondary generalization 

In these cases the seizure activity spreads to such a degree that all of the brain is involved in the end. 

The seizure will end in a generalized tonic-clonic seizure (grand mal). Tonic clonic seizures includes 

that the body freezes and the patient gets cramps in large parts of the body. The lips often turns blue and 

the patient gets foam around the mouth. Involuntary urination can occur. 

II: Generalized seizures 
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A1: Absence seizures, typical: Sudden loss of consciousness, abrupt beginning and end, sometimes ac-

companied with discrete motoric phenomenon.  

A2: Absence seizures, atypical: More gradual beginning and end, often loss of tone (hearing). 

B: Myoclonic: Contractions in arms and legs. Usually without loss of consciousness. 

C: Generalized clonic cramps: Rhythmic repetitive twitches. 

D: Generalized tonic cramps: Short with increase in tonus (hearing) 

E: Generalized tonic clonic: generalized cramps with initial loss of consciousness as well as tonic cramps 

and then clonic cramps. 

F: Astatic/atonic: very short whiled loss of tonus and fall, sometimes only with head nodding.  

 

Aura: 

An aura is the very first part of a seizure, and is by the patient felt in a way that is “difficult to describe”. 

However, it is only some patients who experience this kind of forewarning. It can evolve into a “real” 

seizure with influence on the consciousness, abnormal motoric coordination or a fully generalized sei-

zure. The aura is of great practical importance, as it gives the patient the possibility to seek safety before 

the seizure evolves, and thereby avoid getting injured. Unfortunately, it is not always possible to act 

during the aura, as a loss of control can already be happening or the aura can take place only mere 

seconds before the seizure starts. 

The aura can be perceived in many forms, depending of the effected area in the brain: 

 With focus posteriorly in the parietal lobe, especially in the non-dominant hemisphere, disruptions 

in the perception of own body (out-of-body-experiences) can be seen.  

 Specific sensory seizures  can be triggered in the occipital lobe (visual, often unshaped but col-

oured hallucinations) or the temporal lobe (the lateral part: acoustic with a humming, whooshing 

etc., as well as uncus: smell and taste hallucinations – often uncomfortable) 

 The psychic experienced phenomena are often strongly complex and multimodal – involving mul-

tiple senses. It can take place as a deja-vu, change in the familiarity quality, changed perception, 

changed perception of time (fast or slow), affective symptoms (anxiety, depression, pleasure, 

ecstasy) as well as dreamy state with an intense short experience of pictures or storyline. 

These episodes are often short – 1-2 minutes, and usually alike each time. 
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12.4 Appendix 4: Data sources 

The below table shows an overview of the interviews with the users and our epilepsy expert, Per Vad, 

from the Danish Epilepsy Association: 

 

Interview format Informational  

interview 

  

Semi structured 

interview 

Semi structured 

interview 

Semi structured 

interview 

Interview length 00.49.08 00.15.14 00.27.54 00.15.41 

Interview date 01.12.15 13.02.16 13.02.16 13.02.16 

Name Per Vad, 

Danish Epilepsy 

Organisation 

Anonymous Anonymous Anonymous 

User Id N/A J-01 J-02 J-03 

Age N/A 27 46 41 

Number of       

seizures 

N/A 1 11 19 

Location Funen Jutland Jutland Jutland 

 

Interview format Semi structured 

interview  

Semi structured 

interview 

Semi structured 

interview 

Semi structured 

interview 

Interview length 00.20.15 00.18.34 00.19.06 00.11.21 

Interview date 13.02.16 15.02.16 15.02.16 15.02.16 

Name Anonymous Anonymous Anonymous Anonymous 

User Id J-04 S-01 S-02 S-03 

Age 35 18 25 22 

Number of  

seizures 

15 - 3 51 

Location Jutland Sealand Sealand Sealand 

 

Interview format Semi structured 

interview  

Semi structured 

interview 

Semi structured 

interview 

Interview length 00.51.53 01.12.20 00.10.44 

Interview date 16.02.16 16.02.16 17.02.16 

Name Anonymous Anonymous Anonymous 

User Id S-04 S-05 S-06 

Age 18 43 21 
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Number of  

seizures 

8 18 103 

Location Jutland Sealand Sealand 

 

 

Apart from our qualitative data, we have gathered quantitative data. The following tables gives an over-

view of our quantitative data sources in our thesis.  

 

 

In the below is an overview of the survey we have sent out to the users (see appendix C – survey results): 

 

 

 

 

 

 

 

  

Table name Description Source # of rows 

epix_report Daily EpiX reports from iOS app EpiX app 426 

epix_seizure Seizures from user calendars Seizure calendars 229 

epix_sleep_day Sleep data in daily resolution Fitbit 485 

epix_sleep_min Sleep data in minute resolution Fitbit 7658 

epix_steps_min Steps data in minute resolution Fitbit 689760 

epix_heart rate_resting Heart rate data in daily resolution Fitbit 544 

epix_heart rate_min Heart rate data in minute resolution Fitbit 498215 

epix_heart rate_sec Heart rate data in second resolution Fitbit 152999 

Survey form Google form 

Send out date 04.04.16 

Number of respondents 10 

Numbers answered 10 

Number of questions 8 

Number of qualitative comments 11 
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12.5 Appendix 5: Steps output in JSON format 

 

See http://json.org/ 

 

{ 

  "activities-steps": [ 

    { 

      "dateTime": "2016-03-03", 

      "value": "8304" 

    } 

  ], 

  "activities-steps-intraday": { 

    "dataset": [ 

      { 

        "time": "14:00:00", 

        "value": 23 

      }, 

      { 

        "time": "14:01:00", 

        "value": 43 

      }, 

      { 

        "time": "14:02:00", 

        "value": 50 

      }, 

      { 

        "time": "14:03:00", 

        "value": 39 

      }, 

      { 

        "time": "14:04:00", 

        "value": 109 

      }, 

      { 

        "time": "14:05:00", 

        "value": 117 

      } 
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    ], 

    "datasetInterval": 1, 

    "datasetType": "minute" 

  } 

} 
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12.6 Appendix 6: Heart rate output in JSON format 

 

See http://json.org/ 

 

{ 

    "activities-heart": [ 

        { 

            "customHeart rateZones": [], 

            "dateTime": "today", 

            "heart rateZones": [ 

                { 

                    "caloriesOut": 2.3246, 

                    "max": 94, 

                    "min": 30, 

                    "minutes": 2, 

                    "name": "Out of Range" 

                }, 

                { 

                    "caloriesOut": 0, 

                    "max": 132, 

                    "min": 94, 

                    "minutes": 0, 

                    "name": "Fat Burn" 

                }, 

                { 

                    "caloriesOut": 0, 

                    "max": 160, 

                    "min": 132, 

                    "minutes": 0, 

                    "name": "Cardio" 

                }, 

                { 

                    "caloriesOut": 0, 

                    "max": 220, 

                    "min": 160, 

                    "minutes": 0, 

                    "name": "Peak" 
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                } 

            ], 

            "value": "64.2" 

        } 

    ], 

    "activities-heart-intraday": { 

        "dataset": [ 

            { 

                "time": "00:00:00", 

                "value": 64 

            }, 

            { 

                "time": "00:00:10", 

                "value": 63 

            }, 

            { 

                "time": "00:00:20", 

                "value": 64 

            }, 

            { 

                "time": "00:00:30", 

                "value": 65 

            }, 

            { 

                "time": "00:00:45", 

                "value": 65 

            } 

        ], 

        "datasetInterval": 1, 

        "datasetType": "second" 

    } 

} 
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12.7 Appendix 7: Sleep output in JSON format 

 

See http://json.org/ 

 

{ 

    "sleep": [ 

        { 

            "isMainSleep": true, 

            "logId": 29744, 

            "efficiency": 98, 

            "startTime": "2011-06-16T00:00:00.000", 

            "duration": 28800000, 

            "minutesToFallAsleep": 0, 

            "minutesAsleep": 480, 

            "minutesAwake": 0, 

            "minutesAfterWakeup": 0, 

            "awakeningsCount": 0, 

            "timeInBed": 480, 

            "minuteData": [ 

                { 

                    "dateTime": "00:00:00", 

                    "value": "3" 

                }, 

                { 

                    "dateTime": "00:01:00", 

                    "value": "2" 

                }, 

                { 

                    "dateTime": "00:02:00", 

                    "value": "1" 

                } 

            ] 

        }, 

        { 

            "isMainSleep": false, 

            "logId": 29745, 

            "efficiency": 93, 
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            "startTime": "2011-06-16T14:00:00.000", 

            "duration": 3600000, 

            "minutesToFallAsleep": 20, 

            "minutesAsleep": 38, 

            "minutesAwake": 0, 

            "minutesAfterWakeup": 2, 

            "awakeningsCount": 0, 

            "timeInBed": 60, 

            "minuteData": [ 

                { 

                    "dateTime": "14:00:00", 

                    "value": "3" 

                } 

            ] 

        } 

    ], 

    "summary": { 

        "totalMinutesAsleep": 518, 

        "totalSleepRecords": 2, 

        "totalTimeInBed": 540 

    } 

} 
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12.8 Appendix 8: Attribute overview 

 

Attribute Description Possible values Used for 

Intensity* Intensity of seizures 0.5-4 Regression 

HasSeizure If a user has a seizure Y or N Classification 

Medicine If a user has taken medicine Y or N Regression and Classification 

Stress If a user has felt stressed Y or N Regression and Classification 

Alcohol If a user has been drinking alcohol Y or N Regression and Classification 

Mood A user’s mood on a scale 0-100  Regression and Classification 

HR Resting The daily resting heart rate value Number  Regression and Classification 

Steps The daily/minute number of steps Number Regression and Classification 

minutesAsleep The amount of minutes asleep Number Regression and Classification 

Efficiency The sleep efficiency in percent 0-100 Regression and Classification 

restlessCount Number of times restless during 

sleep 

Number Regression and Classification 

restlessDuration Duration of restless during sleep Number Regression and Classification 

awakeCount Number of times awake during sleep Number Regression and Classification 

awakeDuration Duration of awake during sleep Number Regression and Classification 

awakeningsCount Number of times restless / awake 

during sleep 

Number Regression and Classification 

minutesAwake Minutes awake during sleep Number Regression and Classification 

minutesToFallAsleep Minutes before falling asleep Number Regression and Classification 

minutesAfterWakeup Minutes to wake up Number Regression and Classification 

TimeInBed Total time spent in bed during sleep Number Regression and Classification 

IsMainSleep (didNap?) If a sleep is the main or a nap 0 or 1 Classification 

 

* The seizure intensity is given by the table below: 

Intensity Frequency Description 

0.5 170 Very low 

1 11 Low 

2 23 Medium 

3 4 High 

4 21 Very high 
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12.9 Appendix 9: Regression output 

 

 

Stepwise Regression for Intensity 
Multiple 

 

R 

R-Square 

Adjusted 

 

R-square 

Std. Err. of 

 

Estimate 

Rows 

 

Ignored 

 

Summary  

 0.3539 0.1252 0.1127 1.012966827 0  

       

 Degrees of 

 

Freedom 

Sum of 

 

Squares 

Mean of 

 

Squares 

F p-Value 
 

ANOVA Table  

Explained 5 51.26 10.25 9.99 < 0.0001  

Unexplained 352 358.11 1.03    

       

 
Coefficient 

Standard 

 

Error 

t-Value p-Value 
Confidence Interval 95% 

Regression Table Lower Upper 

Constant -6.537 2.252 -2.902 0.0039 -10.97 -2.11 

Mood -0.015 0.003 -5.615 < 0.0001 -0.02 -0.01 

Steps 0.00003 0.00001 3.083 0.0022 0.00001 0.00005 

efficiency 0.063 0.024 2.631 0.0089 0.0160 0.1105 

HRResting 0.026 0.010 2.606 0.0095 0.0063 0.0448 

Stress -0.267 0.135 -1.980 0.0485 -0.5326 -0.0017 

       

       

Regression Equation        

Intensity = - 6,53669197 - 0,01508135 Mood + 0,000033 Steps + 0,06321494 efficiency + 

0,02552678 HRResting - 0,26716029 Stress 

 

 

 

Step information when running stepwise regression analysis: 

 

 Multiple 

 

R 

R-Square 

Adjusted 

 

R-square 

Std. Err. of 

 

Estimate 

Enter or 

 

Exit Step Information 

Mood 0.22 0.05 0.04 1.05 Enter 

Steps 0.28 0.08 0.07 1.03 Enter 

efficiency 0.32 0.10 0.09 1.02 Enter 

HRResting 0.34 0.12 0.11 1.02 Enter 

Stress 0.35 0.13 0.11 1.01 Enter 
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Correlation matrix for all variables in regression analysis: 

 

Correlation Matrix Intensity Mood Steps efficiency HRResting Stress 

Intensity 1.000 -0.216 0.175 0.108 0.121 -0.003 

Mood -0.216 1.000 0.027 0.231 0.211 -0.188 

Steps 0.175 0.027 1.000 0.070 0.230 0.181 

efficiency 0.108 0.231 0.070 1.000 0.176 -0.047 

HRResting 0.121 0.211 0.230 0.176 1.000 0.159 

Stress -0.003 -0.188 0.181 -0.047 0.159 1.000 

 

 

 

 

 


