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Abstract: Ascom is a provider of monitoring systems employed at residential healthcare facilities 

that trigger alarms for the nursing staff to help patients in need of direct care based on pre-set profiles. 

The objective of this study was to develop data mining solutions for the data currently recorded by 

the monitoring systems to provide more insights into the wellbeing of the patients and their monitoring 

requirements. Basic status changes derived from contextual sensor data were, in consult with the 

nursing staff, transformed into meaningful variables. These variables were first used in different 

classification techniques to estimate the monitoring requirements of a patient based on the 

behavioural dissimilarities between patients with and without an active monitoring profile. Next a 

behavioural change detection (BCD) system was developed where clustering techniques are used 

to detect behavioural changes of individual patients. Even the best classifier performs rather poorly 

and it is not advised to use classification models when making monitoring profiling decisions based 

on the basic status changes. The developed BCD system is able to estimate normal behaviour 

patterns for different contents and sizes of input vectors, after which the system continuously 

examines if a new behaviour pattern has emerged. To optimize system performance the research 

was focussed on the input, determining the system’s optimal input vectors for the available dataset. 

The results of the exploratory research to detect behavioural changes looks promising. However, the 

practical employment of the system in combination with further fine tuning and validation is needed 

for the assessment of its full potential. 

Keywords:  Residential Healthcare, Monitoring System, Data Mining, Clustering, 

Classification, Behavioural Change.  
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1. Introduction 

In 2015, 1 in 8 people worldwide was aged 60 years and older and this ratio is growing 

rapidly. It is estimated that in 2050, this ratio will have increased to 1 in 5 people to be aged 

60 years and older (United Nations, Department of Economic and Social Affairs, Population 

Division, 2015). Considering the increasingly aging population it can be expected that 

healthcare cost will continue to increase and research will progressively be dedicated to 

innovation in the healthcare sector. Apart from the aging population, Atallah, Lo, & Yang 

(2012) also mention the increase in chronic and infectious diseases and urbanization as 

global challenges that increase healthcare cost. These global challenges together with the 

decreased costs of computer power and sensors (Chan, Celler, & Lovell, 2006) have led to 

the emergence of research effort towards the remote monitoring of the elderly.  

The latest research efforts in the field of research on remote monitoring of the elderly have 

been focused specifically on different uses of pervasive sensing. The goal of pervasive 

sensing is to continuously monitor an individual without affecting its daily patterns. This is 

achieved with the use of miniaturized sensor networks either worn by that individual or 

integrated into its environment. This results in the transition from snapshot measurements 

to continuous monitoring of behaviour and physiological parameters (Atallah, Lo, & Yang, 

2012).  

Probably the most widely used employment of pervasive sensing is within the concept of 

ambient assisted living. Ambient assisted living aims to aid the elderly who wish to live 

independently for as long as possible with their activities of daily living (ADL’s). Ambient 

assisted living can bridge the gap between independent living and nursing homes. This must 

not be perceived as an alternative to nursing homes, but rather as an intermediate level of 

long-term healthcare (Zapata, Fernández-Luque, & Ruiz, 2010). Another emerging 

employment of pervasive sensing is within smart homes. Smart homes are not developed 

exclusively for elders. They are not only useful for people with long-term health issues but 

for people considered healthy as well. Smart homes are equipped with embedded devices 

(usually sensors) that enhance the functionality of domotic appliances. With the use of 

multiple sensors/devices a smart home can become a more cohesive diagnostic system, 

which provides improved insights into the daily activities of the resident (Augusto & Nugent, 

2006).  
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The important distinction between just pervasive sensing and smart homes is that smart 

homes use a multitude of computers that are embedded in the environment. These smart 

environments are consistent with the prediction of Weiser (1991) that in the twenty-first 

century networks of multiple computing devices will become “so imbedded, so fitting, so 

natural, that we use it without even thinking about it”. He argued that these embedded 

computing devices will become invisible and he called this notion “ubiquitous computing”. 

Traditionally, smart environments and ubiquitous computing were focused on work 

domains. Today, more and more focus and research is directed to monitoring and assisting 

the elderly and other people in need of care. This will eventually evolve into the notion 

ubiquitous healthcare (u-healthcare) (Ziefle & Röcker, 2010). 

1.1. Ascom 

Ascom is a global provider of healthcare ICT and mobile workflow solutions. They envision 

to close information gaps remotely in order to allow the best possible decision making. They 

provide this service through “mission-critical, real-time solutions for highly mobile, ad hoc, 

and time-sensitive environments” (Ascom, 2017a). Apart from healthcare, Ascom also 

provides ICT and mobile workflow solutions for industry, security and retail sectors. Ascom 

employs around 1200 people worldwide and is established in Baar (Switzerland). Their 

Dutch subsidiary Ascom (The Netherlands) B.V. employs about 340 people and is located 

in Utrecht (Ascom, 2017b). 

This project was executed during an internship at the Ascom Solutions division in the 

Netherlands. Currently, this division is aiming to develop healthcare workflow intelligence 

within the next couple of years. In order for this to succeed, extensive research needs to be 

performed on the data their systems currently record and the potential information that lies 

within that data.  

The thesis will be aimed at subtracting information from the data currently recorded by the 

monitoring systems currently employed at residential healthcare facilities with the use of 

data mining. Most of Ascom’s monitoring systems record the basic status of a patient, for 

example: “in bed”, “in room” or “out of room”. These systems also provide active night-time 

monitoring for patients who require such services. The extent of this night-time monitoring 

depends on the patient’s profile, which comes in two options: (1) “Out of bed” profile, and 

(2) “Out of room” profile. At night, an alarm is triggered when a patient exceeds its profile. 

In his bachelor thesis, Kay Hoogland (2016), a former intern at Ascom, has employed 
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classification models to predict the correctness of the triggered alarm based on historical 

data. 

1.2. Problem Statement 

The systems of Ascom continuously record the statuses of all patients (with and without an 

active profile) for 24 hours a day. This recorded data is only used to construct simple 

overviews of the patients’ current and historical statuses for the nursing staff. No further 

analysis is conducted on this potentially valuable data. 

Patients with active profiles trigger alarms and are therefore in frequent contact with nurses. 

Consequently, the nursing staff has less knowledge about the patients without active 

profiles, especially about their night-time behaviour. In regular meetings between patient, 

doctor and nursing staff, the need for an active profile is determined. Currently, these 

decisions are not data-driven although the patient’s behaviour is continuously recorded for 

24 hours a day. The nursing staff would like to use the recorded behavioural data to obtain 

more insights into the wellbeing of their patients and to provide decision support when 

determining the profile needs of a patient. 

1.3. Research Objective 

The objective of this research project is to develop data mining solutions to provide more 

insights into the wellbeing of the patients and their monitoring requirements. First, 

classification techniques will be used to estimate the monitoring requirements of a patient 

based on the behavioural dissimilarities between patients with and without a profile. Second, 

clustering methods are used in a solution that detects behavioural changes of individual 

patients. This will be based on the ideas of Ibrahim, Shao, Keller, & Popescu (2016). They 

designed a system that identifies normal behaviour patterns after which the system actively 

monitors new events and calculates if a new behaviour pattern has emerged. When a new 

behaviour pattern has emerged the nursing staff can be informed by the system who then 

must decide if the new behaviour pattern indicates a change in monitoring requirements 

based on the characteristics of the new behaviour. 

1.4. Ethics and Regulations 

This research is conducted on behavioural data of real people living in a residential 

healthcare facility which raises some ethical and regulatory issues. This subsection 
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discusses two questions: Is it ethical to conduct this research? And will the use of the 

designed system be in compliance with the residents’ rights? 

First of all, it is important to state that the residential patients were not notified of this 

research. They did not grant permission nor will they receive explanation about the goal and 

methods of this research. Most residents are seniors who, due to dementia or the generation 

gap, may not understand today’s progressive technological and computational applications. 

Therefore, they are unlikely to understand the complexities of this research. Fortunately, 

with permission of the team manager of the nursing staff, the data was available in an 

anonymous format, leaving out the names or other information regarding the residents. 

Furthermore, the room numbers were made fictitious in order to make the data untraceable. 

Finally, it is important to emphasize that no adverse consequences can befall the residents 

as a result of this research. 

In order to determine if the application of the designed system will be in compliance with the 

residents’ rights, reference is made to “Wet Bijzonder Opnemingen in Psychiatrische 

Ziekenhuizen” (BOPZ) 1. Among other things, this law regulates the means and measures 

that can be used to impede certain freedoms of residents living in a healthcare facility. For 

example, every time a resident exceeds its profile (e.g. a patient with an active “Out of bed” 

profile steps out of bed at night)) a nurse is notified who will return that patient to bed. In 

practice, this is seen as a limitation of that person’s freedom to move wherever he pleases 

within the residence and as such is regulated within this law.  

Application of the designed behavioural change detection system would lead to nurse 

notifications on the basis of historic and current recorded behaviour of residents with and 

without an active profile. Therefore, using this system could also be perceived as a freedom 

impeding measure. This means that using this system might require approval from all the 

patients2 and not only the ones with an active profile. It is uncertain if this approval is 

required because the use of domotics within healthcare is not adequately regulated. 

Besides, the use of this system would be a very moderate measure since it only notifies 

nurses when there is a significant change in behaviour of a resident.  

At the request of the team manager of the residential healthcare facility, there is no 

                                                             
1 Directly translated as: Law on special admission to psychiatric hospitals. 
2 Or the patients’ doctors and/or family in the case the patient is not able to decide this for themselves 
(e.g. in case of dementia). 
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information about the institution documented in this thesis. 

1.5. Scope 

In order to design a system that recognizes patients’ behavioural changes, at least a few 

months of behavioural data is required. This necessitates the use of structurally recorded 

historical data and rules out the addition of external input variables that are not recorded in 

a structured fashion. The single input source was therefore the logging of Ascom’s systems 

currently in use and no additional input sources or sensors were added for this research. 

Two different residential healthcare facilities have made their data available for this 

research. Both facilities use a control system that registers the patient’s statuses. However, 

these statuses are dissimilar for the facilities and are determined in different manners. Only 

one of these datasets will be used in this research. The selection of the most suitable 

dataset is documented in section 4. 

1.6. Research Questions 

Given the input (the basic status changes) and the desired output (insights in the wellbeing 

and monitoring requirements of patients), the following main research question is defined:

  

RQ:  “How can the wellbeing and monitoring requirements of patients be determined 

based on their basic status changes?” 

In order to answer this question and to direct the research, 4 sub questions have been 

formulated. First, the basic state changes recorded by the control systems are not suited to 

be used directly in most data mining methods. Therefore the following sub question is 

defined: 

SQ1:  “How can the basic status changes be transformed into meaningful input 

variables?” 

As discussed in the research objective, two different kind of data mining methods are used. 

Consequently, two sub questions are formulated:  

SQ2:  “Can classification methods be used to model the patients’ needs for interventions. 
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SQ3:  “Can clustering methods be used to identify change in the behaviour of individual 

patients?” 

This thesis continues with the literature review that was conducted before executing this 

research. Section 3 outlines the research methodology after which the execution of the 

methodology will be described in the implementation (section 4). In section 5 the results are 

documented and interpreted, followed by the summary and conclusions of this thesis in 

section 6. Finally, the limitations of this research and some recommendations for further 

research are documented in section 7.   
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2. Literature Review 

A structured literature review was conducted before executing this research. This review 

focussed on the data sources, data mining methods and monitoring applications used by 

monitoring systems in residential healthcare. It was conducted according to a predefined 

search plan consistent with the principles of the ‘Structured Literature Review’ described by 

Kitchenham & Charters (2007) as is advocated by the Eindhoven University of Technology. 

The plan ultimately resulted in the review of 98 different sources which was synthesized into 

tables included in Appendices I, III, IV and Table 1. These tables provide different overviews 

of the data sources, data mining methods and monitoring applications used in the reviewed 

literature.  

This section is structured following the system characteristics of input – throughput – output. 

First, the data sources found in the literature are reviewed. Second, the data mining 

methods will be elaborated. Finally, the different monitoring applications found in the 

literature are discussed. 

2.1. Data Sources 

This section gives an overview of the input by describing the different data sources that 

were found in the literature on residential healthcare monitoring systems. Following Sow, 

Turaga, & Smith (2013), the data sources are classified into: (1) physiological sensors; (2) 

wearable sensors; (3) human sensors; and (4) contextual sensors. The different kind of 

sensors within these categories will be described in the upcoming subsections as well as 

the extent in which they were used in the reviewed literature. A list of all the possible sensors 

and the literature in which they are used is provided in Appendix I. 

2.1.1. Physiological Sensors 

Physiological sensors measure a patient’s vital signs or physiological statistics (Sow, 

Turaga, & Schmidt, 2013). There are various forms of vital signs that can be measured and 

therefore 11 different kinds of physiological sensors were used in the reviewed literature. 

The ones that are recorded most frequently involve heart, blood and body temperature 

values. As documented in Appendix III, the number one and three most frequently used 

physiological sensors are the heart related measures, namely heartrate sensors and 

electrocardiography (ECG). The second most frequently used sensor records the body 
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temperature and on place four to six are the blood related measures oxygen saturation, 

blood pressure and blood glucose level. Physiological sensors that are used less often are 

weighing scales, fluid intake3, electroencephalography (EEG, i.e. measures brain waves), 

lung function (using a spirometer) and Galvanic Skin Response (GSR, i.e. measures the 

electrical characteristics of the skin).  

2.1.2. Wearable Sensors 

The wearable sensors are sensors that are worn on or close to the body of the patient. This 

has a resemblance to physiological sensors with the difference that these sensors measure 

attributes of gross user activity instead of the narrowly focussed vital signs (Sow, Turaga, & 

Schmidt, 2013). In the reviewed literature, 5 different wearable sensors were used of which 

the accelerometer is by far the most frequently used, sometimes in combination with 

gyroscopes or integrated in smart items. Smart items are technology-enhanced everyday 

objects equipped with sensors, memory and communication capabilities (Ziefle & Röcker, 

2010). In the literature these smart items were used in phones (Abbate, et al., 2012; Jin, 

Jeong, Park, Oh, & Choi, 2012; Majumber, Rahman, Zerin, Ebel jr, & Ahamed, 2013; 

Majumder, 2016; Ng, Wang, Lam, & Han, 2014), shoes (Majumder, 2016) and watches 

(Beunk, 2015; Viswanathan, Whangbo, Lee, & Yang, 2007). Furthermore an alarm button4 

and Ultra-wideband location tags (UWB location tags) were used as wearable sensors.  

2.1.3. Human Sensors 

Human sensors are basically manual registration efforts of humans in a predefined standard 

format. This can be done by the patients themselves through periodical self-reporting or by 

their caregivers during examinations (Sow, Turaga, & Schmidt, 2013). Only Al-Shaqi (2016) 

and Soulas, Lenca, & Thepaut (2013) used human sensors in the form of questionnaires in 

monitoring activities of daily living. It is important to note that this sensor category has a big 

resemblance with the recording of ground truth (mentioned in section 2.2.1) and that most 

of the literature used human sensors to record ground truth based on for example video 

cameras. The reason why these are not categorized as human sensors is that they only use 

                                                             
3 It could be argued that fluid intake and weighing scales are not a part of physiological sensors but 
since a change in these measures would probably indicate a change in a patient’s physiological 
condition they were categorized as physiological sensors.  
4 The alarm button is considered a wearable sensor because it is integrated in a device that is also 
an accelerometer (Chan, Celler, & Lovell, 2006). 
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human sensors during the training period of their monitoring systems and not in the 

application of the final monitoring systems. 

2.1.4. Contextual Sensors 

Contextual sensors are sensors that are embedded in the environment of the patient to 

measure different contextual properties (Sow, Turaga, & Schmidt, 2013). Contextual 

sensors are the most common sensor category in the reviewed literature and also contains 

the largest diversity with 17 different sensors. Velik (2014) provided a rather comprehensive 

list of 15 contextual sensors, 13 of which were found in the reviewed literature. The 4 added 

contextual sensors are air pressure sensors, floor sensors/pressure mat, gas detector and 

smoke/fire detector. These added sensors were all rarely used in the literature. 

As documented in Appendix I, motion/presence sensors are by far the most frequently used 

contextual sensors and even the most frequently used sensor of all sensor categories. This 

is probably because it records the presence of a patient while still retaining the patient’s 

privacy. Most motion/presence sensors are passive infrared sensors which are much less 

intrusive than cameras and microphones which were therefore less frequently used5. 

Another nonintrusive way to measure presence and location is with the use of radio-

frequency identification (RFID tags), this has the disadvantage that it needs to be carried by 

the patient which increases its intrusiveness6. An interesting use of RFID tags, however, is 

to attach it to items in the monitored space like for example a walker (Biswas, et al., 2011). 

Other frequently used contextual sensors are pressure sensors that are placed on items in 

the environment. These are recorded in Appendix I according to the place they were 

positioned. In the reviewed literature, these type of sensors were positioned on doors, 

windows and cabinets (the open/close sensors) but also on furniture like chairs, beds and 

toilets (to record the patient’s presence) and even entire floors (floor sensors/pressure 

mats). Apart from presence and pressure sensors, one other group of contextual sensors 

was identified within the literature, namely sensors that measure the climate and safety of 

                                                             
5 Although, an interesting application for microphones was provided by Istrate, Boudy, Mejahed, & 
Baldinger (2009) who designed a system that was able to recognize distress signs (e.g. a cry for 
help) through microphones. Which makes it an “alarm button system” for which the patient does not 
have to carry an alarm button. 
6 The reason that RFID tags are categorized under contextual sensors is that other sensors that are 
embedded in the environment are imperative to register the RFID signal, this in contrast to the 
wearable UWB-location tags.  
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the monitoring environment. Temperature sensors were most frequently used but humidity-

, smoke/fire-, gas-, and air pressure sensors were also used in the reviewed literature.  

Finally, there were some sensors that do not make part of one of the previous groups of 

contextual sensors, namely electrical-, light-, and water sensors. Electrical sensors 

(measure the usage of electrical appliances) and light sensors (register light intensity) were 

rather frequently used whereas water sensors (measure the amount of water used by the 

patient) was only used once. 

2.2. Data Mining Methods Used in Residential Healthcare 
Monitoring 

Wilbik & Kaymak (2013) describe data mining as an activity that strives to extract useful 

information and knowledge from large databases. It is at an intersection of disciplines like 

statistics, artificial intelligence, machine learning and more. They classify data mining tasks 

into three categories: prediction, association, and clustering. Another possible classification 

of data mining tasks is according to the learning methods used: supervised and 

unsupervised. Supervised learning algorithms use training data in which both the descriptive 

attributes (independent variables) as the class attribute (dependent/output variable) are 

present. In contrast, unsupervised learning algorithms do not include the class attribute in 

their training data. Wilbik & Kaymak (2013) defined a taxonomy for data mining tasks which 

is given in Figure 1. 

 

 
Figure 1: Taxonomy for data mining tasks (Wilbik & Kaymak, 2013, p. 90) 
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The prediction category is used to suggest future events based on historical outcomes. 

Depending on what is predicted, it can be further specified as classification in which the 

predicted variable is a class membership or as regression in which the predicted variable is 

continuous. Association is used to discover relationships between variables in large 

databases. Whereas clustering partitions the data into segments based on similar 

characteristics (Wilbik & Kaymak, 2013).  

Only classification and clustering methods are used in this research and documented in this 

section. 

2.2.1. Classification 

The goal of this supervised learning technique is to build “a concise model of the distribution 

of class labels in terms of predictor features” (Kotsiantis, 2007, p. 249). This model can then 

be used to estimate the class labels of instances where only the predictor values are known. 

In order to use supervised learning methods there need to be a systematically recorded 

outcome variable which can be used to train the model. This is referred to in the literature 

as the ground truth. In the reviewed literature these ground truths were recorded in one of 

two ways: (1) manual recording by experts, observers or caregivers; or (2) with the output 

of another system which is already trained and functioning properly. The disadvantage of 

the first option is that it is a time-consuming process and therefore less training data is 

available (Biswas, et al., 2015). The disadvantage of the second option is that the recorded 

ground truth is approximated and could be erroneous (Stone & Skubic, 2011). It is evident 

that the quantity and quality of the ground truth recordings directly influence the 

performance of the monitoring systems. 

In the reviewed literature, 11 different classification methods7 were identified of which the 

most widely used classification methods were Support Vector Machines (11), Decision 

Trees (8), Artificial Neural Networks (7) and Bayesian Classifiers (7). This section continues 

with a description of the three classification methods used for this research, namely 

Decision Trees, Artificial Neural Networks and the Naïve Bayes Classifier. For the 

motivation, why these classifiers are used, reference is made to the research methodology 

(section 0). 

                                                             
7 Or groups of classification methods. 
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2.2.1.1. Decision Trees 

Decision trees are the second most frequently used classifier in the reviewed literature. This 

classifier designs a tree which works from a root node (first division of data), often through 

several internal nodes, to the leaves (classes). Figure 2 illustrates a decision tree with an 

example of classification between mammals or non-mammals. Decision trees are generally 

built by creating a root node and assigning all of the training data to that node. Next, 

iteratively two steps are executed: (1) the best splitting attribute is selected; (2) the data is 

split into mutually exclusive subsets. When the leaf node is dominated by a single class, the 

iterations are terminated. Although these steps are generally the same for all algorithms, 

many different algorithms exist. These algorithms differ primarily in the way the attributes 

are split (split values, number of splits and order of splits) and their termination criteria 

(Wilbik & Kaymak, 2013). 

 

 

In the reviewed literature, many different decision tree algorithms are present. The most 

frequently used algorithm is the Random Forrest Classifier (RFC) (Dalal, Alwan, Seifrafi, 

Kell, & Brown, 2005; Urwyler, et al., 2015; Tucker, et al., 2015). This classifier composes 

multiple decision trees from the training data and returns the class that was returned most 

Figure 2: Example of a Decision Tree (Tan, Steinbach, & Kumar, 2006) 
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frequently as output by the different trees. This corrects for the overfitting8 nature of decision 

trees (Hastie, Tibshirani, & Friedman, 2008). Other decision tree algorithms used in the 

reviewed literature are C4.5 (Bersch, Azzi, & Khusainov, 2014; Grunerbl, Bahle, Lukowicz, 

& Hanser, 2011; Tucker, et al., 2015), C5.0 (Karthikeyan & Murugan, 2016), Hierarchical 

Action Decision Tree (HADT) (Zhou, et al., 2008) and Fuzzy Pattern Tree (Skubic, Guevara, 

& Rantz, 2015). 

2.2.1.2. Artificial Neural Networks 

An Artificial Neural Network is a brain inspired data mining model that can be used for 

prediction and clustering. An example of an Artificial Neural Network is given in Figure 3. 

The model architecture contains an input layer (x0, x1, x2 and x3) which corresponds with the 

attributes that are used for the classification model, and an output layer with the eventual 

output (y) which corresponds with the class label. Between the input and the output layer 

are one or more hidden layers which contain neurons. These neurons consist of two parts. 

The first part sums up the output of the previous layers multiplied by their individual weights 

(wi,j,k), this is depicted with the summation symbol. The second part uses that summation in 

a function to calculate the output of the neuron (the step-symbol). The neuron in the output 

layer calculates the final classification (y) (Kantardzic, 2011). 

 

Figure 3: Example of an Artificial Neural Network (ANN) (Vladimir, 2017) 

                                                             
8 This phenomenon occurs when the model describes random error instead of the underlying 
relationship (Tan, Steinbach, & Kumar, 2006). In other words, the model is overly adapted to the 
training set and has lost its generalizability. (Carl von Ossietzky Universität Oldenburg, Department 
of Computing Science, 2014) 
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The usual learning process involves three iterative tasks: (1) compute temporary outputs; 

(2) compare outputs with desired targets; and (3) adjust the weights and repeat the process. 

These tasks are executed until the desired output is achieved. Multiple supervised learning 

algorithms exist but backpropagation (back-error propagation) is the most widely used. In 

this algorithm the iteration starts at the output neuron and adjusts the weights back from 

there through the hidden layers to the input layer (Wilbik & Kaymak, 2013). 

2.2.1.3. Naïve Bayes Classifier 

Bayesian classifiers are methods that use the Bayes’ Theorem in order to determine the 

class. Bayes’ Theorem expresses the posterior probability P(Y | X) in terms of the prior 

probability P(Y), the class-conditional probability P(X | Y), and the evidence, P (X):  

𝑃(𝑌|𝑋) =
𝑃(𝑋|𝑌)𝑃(𝑌)

𝑃(𝑋)
 

The Bayesian classifier determines the class based on the highest posterior probability, for 

example, the class is 1 if P (1 | X) > P (0 | X). This way, not all possible combinations of 

class label and attribute values need to be estimated which leads to a reduction in 

computational costs (Tan, Steinbach, & Kumar, 2006).  

When comparing posterior probabilities for the same attributes, the denominator P (X) is 

constant and can be ignored. The prior probability P (Y) can easily be calculated from the 

training data as it is the fraction of the training data belonging to the class. The estimation 

of the conditional probabilities characterizes the different implementations of Bayesian 

classifiers. Two implementations of Bayesian classification methods that are widely used 

are: the naïve Bayes classifier and the Bayesian Network. The naïve Bayes classifier 

estimates the conditional probabilities P (X | Y) by assuming that the attributes are 

conditionally independent, given their class label (Tan, Steinbach, & Kumar, 2006). 

Although this assumption is often not met, naïve Bayes is widely used in the reviewed 

literature (Bersch, Azzi, & Khusainov, 2014; Gupta, 2014; Tucker, et al., 2015; Urwyler, et 

al., 2015; Yang, 2010).  

In order to relief this assumption, Bayesian Networks enable the user to define the 

dependencies of the attributes. This is modelled through a directed acyclic graph encoding 

the dependent relationships among the attributes. These dependencies are estimated and 

added to the graph with tables. An example of a Bayesian Network is given in Figure 4, in 
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which the interdependencies between the difficulty of the course, the intelligence of the 

student, the student’s grade and its SAT-score are used to estimate if the recommendation 

letter of the professor is going to be good or not. From this example, all the states of the 

model can be calculated which can then be used as a classifier. In the reviewed literature, 

only Biswas, et al. (2015) used Bayesian Networks in their research on ADL classification. 

They also used an adapted form of Bayesian Networks to account for influences of time 

granularities: Dynamic Bayesian Network. However, this classifier did not outperform the 

normal Bayesian Network. 

  

2.2.2. Clustering 

Clustering is an unsupervised learning method that aims at decomposing a set of objects 

into clusters based on similarity. The objective of the several clustering algorithms is to 

divide the dataset in such a way that the objects belonging to the same cluster are as similar 

as possible and the objects belonging to other clusters are as dissimilar as possible (Kruse, 

Döring, & Lesot, 2007). Clustering was not part of the structured literature review and 

therefore no analysis on the use of clustering within the different monitoring applications 

was executed. Instead, this section describes 4 most relevant clustering algorithms for this 

Figure 4: Example of a Bayesian Network (Carl von Ossietzky Universität Oldenburg, Department of 
Computing Science, 2014) 
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research, namely k-means clustering9, fuzzy c-means clustering (FCM), possibilistic c-

means clustering (PCM) and automatic merging possibilistic clustering method (AM-PCM).  

2.2.2.1. K-Means Clustering 

All the clustering methods discussed in this section are prototype-based. The set of cluster 

prototypes are denoted by C = {C1, … , Cc} where c is the amount of clusters. Each prototype 

Ci is a multitude of parameters that consist of the cluster centre ai and sometimes some 

additional parameters about the size and shape of the cluster. In order to unify the notations 

of the different clustering methods, the collection of cluster centres is denoted by  

A = {a1, … , ac}. 

With k-means clustering, each data point xj in the given data-set X = {x1, … ,xn}, X ⊆ ℝp is 

assigned to one cluster. The set of clusters P = {P1, … , Pc}, Pi ⊂ X are an exhaustive 

partition of X into c non-empty and pairwise disjoint subsets where 1 < c < n.10 The partition 

is considered optimal when the sum of squared distances between a cluster’s data points 

and its cluster centre are minimal, therefore the objective function is as follows:  

𝐽𝑘−𝑚𝑒𝑎𝑛𝑠(X, 𝑈, 𝐴) =  ∑ ∑ 𝑢𝑖𝑗𝑑𝑖𝑗
2

𝑛

𝑗=1

𝑐

𝑖=1

 

where the c⨯n partition matrix U, 𝑢𝑖𝑗 ∈ {0,1} indicates if xj is part of Ci and dij is the distance 

between xj and ai. Furthermore, the constraints ∑ 𝑢𝑖𝑗 = 1,𝑐
𝑖=1  ∀𝑗 ∈ {1, … , 𝑛} and 

 ∑ 𝑢𝑖𝑗 > 0,𝑛
𝑗=1  ∀𝑖 ∈ {1, … , 𝑐} enforce exhaustive partitions and non-empty clusters, 

respectively (Kruse, Döring, & Lesot, 2007).  

Optimizing the objective function is done using an alternating optimization (AO) scheme 

(Ball & Hall, 1965; Krishnapuram & Keller, 1996) in which the parameters to optimize are 

split into two groups: the cluster centres and the partition matrix. Iteratively one is optimized 

holding the other group constant. It starts with randomly choosing the cluster centres within 

the range of the dataset and holding them fixed while calculating the optimal partition matrix 

as each data point is assigned to its closest cluster centre:  

                                                             
9 This clustering method was not used for this research but serves as a background theory from 
which the other clustering methods were developed. 
10 The notation of k-means clustering is altered to unify the notation with the other clustering methods 
discussed in this section, as was done by Kruse, Döring & Lesot (2007). 
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𝑢𝑖𝑗 = {
1,   𝑖𝑓 𝑖 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑙=1

𝑐 𝑑𝑙𝑗

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                     
. 

Next, holding the partition matrix constant, the optimal cluster centres are calculated as the 

mean of all data vectors in the cluster: 

𝑎𝑖 =
∑ 𝑢𝑖𝑗𝑥𝑗

𝑛
𝑗=1

∑ 𝑢𝑖𝑗
𝑛
𝑗=1

. 

These iterations continue until no change in A or U can be observed (Kruse, Döring, & Lesot, 

2007). An important note is that the k-means clustering method has a tendency to become 

stuck in local minima. This means that it is necessary to run this algorithm several times 

and choose the best clustering results based on the lowest value of the objective function 

(Duda & Hart, 1973).   

2.2.2.2. Fuzzy C-Means Clustering (FCM) 

The main difference between the fuzzy c-means (also called probabilistic clustering) and 

the k-means method is that a data point’s membership can be gradually divided over 

different clusters. This means that data points can belong to more than one cluster and that 

the membership degrees express the extent in which the data point belongs to the 

respective clusters. In this case U is not a binary matrix but instead it consists of n vectors 

that state the data’s membership degrees to the c clusters where 𝑢𝑗 = (𝑢1𝑗 , … , 𝑢𝑐𝑗)
𝑇

, 𝑢𝑖𝑗 ∈

[0,1]. Regarding the objective function, a fuzzifier/weighting exponent m with m > 1 is added 

in order to cope with the ‘hardness’ of the cluster boundaries. With higher fuzzifier-values 

the boundaries become softer, with lower fuzzifier-values the boundaries become harder11 

(Kruse, Döring, & Lesot, 2007). The objective function has changed marginally compared 

to the k-means clustering method, only m was added: 

𝐽𝐹𝐶𝑀(X, 𝑈, 𝐴) =  ∑ ∑ 𝑢𝑖𝑗
𝑚𝑑𝑖𝑗

2

𝑛

𝑗=1

𝑐

𝑖=1

 

where the same constraints for the partition matrix are used as in the k-means clustering 

method: ∑ 𝑢𝑖𝑗 = 1,𝑐
𝑖=1  ∀𝑗 ∈ {1, … , 𝑛} and ∑ 𝑢𝑖𝑗 > 0,𝑛

𝑗=1  ∀𝑖 ∈ {1, … , 𝑐}. Optimizing the objective 

function is again done with an altering optimization (AO) scheme where first c cluster centres 

are selected randomly within the range of the dataset and thereafter iteratively updating the 

                                                             
11 Usually m=2 is chosen for this parameter (Kruse, Döring, & Lesot, 2007). 
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partition matrix and the cluster centres as follows: 

𝑢𝑖𝑗 =
𝑑

𝑖𝑗

−
2

𝑚−1

∑ 𝑑
𝑙𝑗

−
2

𝑚−1𝑐
𝑙=1

       ,       𝑎𝑖 =
∑ 𝑢𝑖𝑗

𝑚𝑥𝑗
𝑛
𝑗=1

∑ 𝑢𝑖𝑗
𝑚𝑛

𝑗=1

. 

The iterations can stop if the amount of iterations exceed a predefined number or when the 

changes in the prototypes are smaller than a predefined termination accuracy (Kruse, 

Döring, & Lesot, 2007).  

The ‘relative’ character of this method gives flexibility to express data points belonging to 

more than one cluster, enabling the membership degrees to provide a much finer degree of 

detail of the partition of the data (Kruse, Döring, & Lesot, 2007). 

2.2.2.3. Possibilistic C-Means Clustering (PCM) 

Although often useful, the fuzzy c-means method can provide misleading interpretations of 

the partition matrix and hence negatively influence the ‘correct’ cluster centres (Timm, 

Borgelt, Döring, & Kruse, 2004). Figure 5 shows an example in which both x1 and x2 have 

membership values of 0.5 to either clusters although x1 has more similarities with both 

clusters than x2. The same phenomenon occurs in the presence of noise and outliers in the 

data-set, this could result in high membership values drawing the cluster centre away from 

its ‘correct’ position (Kruse, Döring, & Lesot, 2007).  

 

Figure 5: A situation of counterintuitive membership degrees of FCM (Kruse, Döring, & Lesot, 2007, p. 10) 
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The possibilistic c-means method (PCM) developed by Krishnapuram & Keller (1993) solves 

this problem by relaxing the constraint that the sum of membership degrees of a single data 

point to all the clusters need to be equal to 1. This means that a data point can have small 

membership degrees to all clusters, implying that it does not belong to any of them. In this 

sense, the membership degrees now resemble the possibility of a data point belonging to 

that cluster (Davé & Krishnapuram, 1997). Without this constraint the objective function of 

the fuzzy c-means method would be minimized when all membership values are zero. To 

avoid this phenomenon, Krishnapuram & Keller added a penalty term to the objective 

function which is as follows:  

𝐽𝑃𝐶𝑀(X, 𝑈, A) =  ∑ ∑ 𝑢𝑖𝑗
𝑚𝑑𝑖𝑗

2

𝑛

𝑗=1

𝑐

𝑖=1

+  ∑ 𝜂𝑖

𝑐

𝑖=1

∑(1 − 𝑢𝑖𝑗)
𝑚

𝑛

𝑗=1

 

where ηi > 0 (i =1, … , c) and ∑ 𝑢𝑖𝑗 > 0,𝑛
𝑗=1  ∀𝑖 ∈ {1, … , 𝑐}. The optimization of this objective 

function is again done with an altering optimization scheme. First, an initial partition matrix 

U is estimated12. Next, for all clusters ηi is estimated according to: 

𝜂𝑖 =
∑ 𝑢𝑖𝑗𝑑𝑖𝑗

2𝑛
𝑗=1

∑ 𝑢𝑖𝑗
𝑛
𝑗=1

. 

After which U is estimated with: 

𝑢𝑖𝑗 =
1

1 + (
𝑑𝑖𝑗

2

𝜂𝑖
)

1
𝑚−1

. 

These two steps are iterated until the change of the partition matrix is below a predefined 

termination accuracy (Krishnapuram & Keller, 1993). The cluster centres A can be 

calculated the same way as with the fuzzy c-means method after the final partition matrix is 

derived (Kruse, Döring, & Lesot, 2007). 

Unlike the fuzzy c-means method, the possibilistic approach has a tendency to let clusters 

coincide with each other because there is no interaction between clusters (sharing weights 

is disadvantageous within the probabilistic approach). In general, the objective function is 

only minimized if all cluster centres coincide. This means that other results are only obtained 

                                                             
12 For example, the fuzzy c-means method can be used to obtain the initial partition matrix. 
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because the algorithm gets stuck in local minima of the objective function (Kruse, Döring, & 

Lesot, 2007). Krishnapuram & Keller (1996) refer to this tendency by stating that this method 

is a rather mode-seeking technique that can be used for finding meaningful clusters. This 

tendency can be exploited when identifying outliers and noise in the dataset, as long as the 

number of clusters c is set higher than the actual number of clusters in the dataset (Ibrahim, 

Shao, Keller, & Popescu, 2016).  

2.2.2.4. Automatic Merging Possibilistic Clustering Method (AM-PCM) 

Despite the functional mode-seeking property of the possibilistic c-means method and its 

robustness to noise and outliers, it still faces parameter selection problems. Specifically, as 

with all the clustering methods discussed in this section, the number of clusters need to be 

predefined. Yang and Lay (2011) developed a possibilistic clustering method that is able to 

determine the amount of clusters present in the dataset. To do this, they added two more 

parameters to the objective function, namely γ and k: 

𝐽𝐴𝑀−𝑃𝐶𝑀(X, 𝑈, A) =  ∑ ∑ 𝑢𝑖𝑗𝑑𝑖𝑗
2

𝑛

𝑗=1

𝑐

𝑖=1

− 𝛾 ∑ ∑ 𝑢𝑖𝑗 (1 −
𝑘

𝑘 + 1
∙ 𝑢𝑖𝑗

1
𝑘)

𝑛

𝑗=1

𝑐

𝑖=1

, 𝑘 > 1,

𝛾 = max
1≤𝑖,𝑗≤𝑛

{𝑑2(𝑥𝑖 , 𝑥𝑗)}. 

The parameter γ13 represents the squared distance of the two points farthest apart in the 

feature space. The update equations for the partition matrix and the cluster centres are as 

follows:  

𝜇𝑖𝑗 = (
𝛾 − 𝑑𝑖𝑗

2

𝛾
)

𝑘

       ,      𝑎𝑖 =
∑ 𝑢𝑖𝑗𝑥𝑗

𝑛
𝑗=1

∑ 𝑢𝑖𝑗
𝑛
𝑗=1

. 

The addition of γ enables the points farthest apart to have a membership of 0 to each other 

and data points on the cluster centre to have a membership of 1. The parameter k works as 

some form of fuzzifier and is re-estimated in every iteration based upon a size measure of 

the clusters and a predefined parameter p (Yang & Lai, 2011).  

The most special part of this method is its merging mechanism that is used to determine the 

number of clusters in each iteration. To avoid bad initials, all data point are set as initial 

                                                             
13 Yang & Lay (2011) calculated a separate γi for each cluster in the iteration but for simplicity they 
considered γi = γ, which is done here as well. 



B. B. Kostermans – July 2017 – Eindhoven University of Technology 
 

21 

 

cluster centres (making c = n). Next, the correlations between all these cluster centres are 

calculated. Finally, starting from the densest cluster centres14, the clusters are merged if 

their correlation coefficient exceeds a predefined parameter ρ. The iterations of re-

estimating the optimal U, A, and c stop when the change in cluster centres is below a 

predefined termination accuracy (Yang & Lai, 2011).  

This algorithm is able to estimate cluster results without predefining the amount of clusters 

it needs to find. Unfortunately, this comes at the cost of increased computational expenses 

and the addition of the parameters ρ and p15. The proposed algorithm Yang & Lai (2011)  

as well as a complete overview of the used formulas is given in Appendix II.  

2.3. Monitoring Applications in Residential Healthcare 

Monitoring systems generally record data from one or more sensors. Monitoring 

applications16 transform this sensor data into useful information. This section first describes 

the different monitoring applications. The final subsection describes what data mining 

methods or sensor categories were used in combination with the monitoring applications. 

2.3.1. Categories of Monitoring Applications 

Alemdar & Ersoy (2010) define five categories of monitoring applications: (1) Activities of 

daily living monitoring; (2) Fall and Movement Detection; (3) Location Tracking; (4) 

Medication Intake Monitoring; and (5) Medical Status Monitoring. These monitoring 

applications are now discussed briefly. 

2.3.1.1. Activities of Daily Living Monitoring 

This type of applications is found most frequently in the reviewed literature. The monitoring 

system is trained to recognize certain patterns from the data sources and classifies those 

patterns to the proper activities. These activities need to be performed frequently in order 

for the system to learn and recognize them. Therefore the number of monitored activities 

are usually small. For example, Al-Shaqi (2016) measures standing (7%), sleeping (45%) 

                                                             
14 These are the clusters which have the highest sum of correlations with the other clusters. 
15 Yang & Lai (2011) do recommend values for these two variables (i.e. ρ ≈ 0.9 and p ∈ [3,4]) 
16 Monitoring applications, in this literature review, represent the concept which the monitoring system 
is trying to measure. This could be for example: a vital sign, an activity, a movement of a patient, 
etcetera. This does not necessarily has to be functioning off-the-shelf computer software but can also 
be an application of a concept in a broader sense. 
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and sitting (20%) which covers about 72% of the total daily activities. Most literature about 

Activities of Daily Living (ADL) recognition are focussed on the proper classification of the 

activities. A special use of this monitoring application is to detect anomalies in daily living 

patterns. This system can generate alarms when significant anomalies occur. This kind of 

research is done by Suryadevara (2014) who developed a monitoring system which 

recognizes ADL’s based upon the usage of household appliances and recognizes outliers 

based on time-series analysis of the events. Another example of such a system is given by 

Ibrahim et al. (2016) whose system was already mentioned in the previous section. 

2.3.1.2. Fall and Movement Detection 

Systems that monitor fall and movement detection can be subdivided into systems that 

detect falls of inhabitants and systems that monitor (sleep) agitation of inhabitants. This 

category accounts for the second largest number of references in the reviewed literature. 

Fall detection is the most popular research subject (6 times), followed by sleep agitation (2 

times) and finally day- and night-time agitation (1 time). Li (2014) was the only one to 

combine the two in her research about the correlation between falling out of bed and sleep 

agitation. She succeeded in developing a system that calculates if a fall has occurred while 

the patient was asleep by monitoring the patient’s brainwaves (used as a proxy for sleep 

agitation). 

2.3.1.3. Location Tracking 

This category holds systems that monitor the wandering behaviour of inhabitants. This 

category has strong links with ADL monitoring because those systems also often use the 

inhabitants location in order to determine the activity that is being performed. The main 

difference is that location tracking applications focus on the location of the patient and not 

on what activity is performed. Only the research of Grunerbl, Bahle, Lukowicz, & Hanser 

(2011) fits into this category. 

2.3.1.4. Medication Intake Monitoring 

Another category that did not receive much attention in the reviewed literature is the 

monitoring of medication adherence. Only Tucker, et al. (2015) applied data mining methods 

to monitor medication intake by analysing data about the gait of patients with movement 

disorders. This category is mostly used by systems that generate reminders for patients and 

their caretakers about when they should take their medication (Beunk, 2015; Lee & Dey, 
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2015). 

2.3.1.5. Medical Status Monitoring 

This category is mainly focussed on the monitoring of one or more of the patient’s vital signs, 

for example: blood pressure, heart rate (or pulse) or brainwaves. These systems use data 

mining methods to determine abnormal values in these vital signs in order to alarm the 

patient or its caregivers. Most of these researches only check for vital signs, only the 

research Florea (2009) crosses categories by predicting a patients pulse based on its ADLs. 

This way the alarm system has more information to properly categorize the vital signs as 

‘normal’ or ‘abnormal’. 

2.3.2. Monitoring Applications vs Data Mining Methods and Sensor 
Categories 

This final subsection describes what data mining methods or sensor categories were used 

in combination with the monitoring applications to explore possible relationships between 

input, throughput and output.  

Appendix III categorizes the literature according to the classification methods and the 

monitoring applications they were used in, providing a full overview of the reviewed literature 

on classification methods. This overview does not show any clear relationships between the 

monitoring applications and the classification methods. 

Appendix IV gives an overview of the sensors used in the different monitoring applications. 

This table gives a biased view because it records every single sensor that was used in the 

reviewed literature. So when one research uses multiple sensors, those sensors get equal 

weights compared with researches that only use one sensor. It is possible that contextual 

sensors are represented excessively compared to other sensor categories because they 

are usually deployed in multitude. To be able to answer questions about the relationship 

between sensor categories and monitoring applications Table 1 was developed. For each 

monitoring application it was documented if they used a certain sensor category or not. This 

way, the table can be read as: “8% of the fall & movement detection applications use 

physiological sensors”.17 

                                                             
17 Note that the total percentage per monitoring application can be larger than 100% if one or more 
of the researches uses sensors from different categories. 
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Table 1: Monitoring applications and sensor categories 

Monitoring Application Physiological 
sensors 

Wearable 
sensors 

Human 
sensors 

Contextual 
sensors 

Total 

 
Activities of Daily Living 

 
11% 24% 5% 82% 38 

 
Fall & Movement Detection 

 
8% 62% 0% 46% 13 

 
Location Tracking 

 
0% 33% 0% 67% 3 

 
Medication Intake Monitoring 

 
0% 100% 0% 0% 1 

 
Medical Status Monitoring 

 
68% 32% 0% 47% 19 

 

Three main conclusions can be drawn from Table 1: (1) there is a strong association 

between the use of contextual sensors and activities of daily living monitoring applications; 

(2) there is a strong association between the use of wearable sensors and fall & movement 

detection applications; and (3) there is a strong association between the use of physiological 

sensors and medical status monitoring applications. The monitoring applications location 

tracking and medication intake monitoring lacked a solid research count in order to make 

proper inferences from this table. 

The theoretical background provided by the literature review will be used for the research 

methodology described in the next section.  
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3. Research Methodology 

The methodology of this research has been derived from a standardized data mining 

process named: Cross-Industry Standard Process for Data Mining (CRISP-DM) (CRISP-

DM, 2015). The research methodology is depicted in Figure 6.The first step, business 

understanding, ensures that there is a good understanding of the business and its need for 

a data mining solution. This was discussed in section 1. The next three steps (i.e. data 

understanding, data preparation, and modelling) will be discussed in this section. The 

evaluation of the data mining solutions will be discussed in section 5. The final step of the 

CRISP-DM model is deployment. However, the deployment of the proposed data mining 

solutions is not part of this research and is therefore not included in Figure 6. 

 

Figure 6: Research Methodology (based on the CRISP-DM model) 
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3.1. Data Understanding 

As explained in section 1.5, two different datasets were made available for this research of 

which only the most suitable one is selected. In order to choose the most suitable facility for 

this research, both their control systems are analysed. Specifically, how the available data 

is constructed and what the advantages and disadvantages of both datasets are. Finally, to 

better understand the selected dataset, heuristics analysis will be conducted with ProM 6.6 

software to reveal what connections between the states are present in the data. 

3.2. Data Preparation 

According to the expression: “Garbage in, garbage out”, it does not matter how solid a 

model’s logic is, the results will be incorrect if the input is invalid. Therefore, it is important 

to properly prepare the data before the deployment of data mining models. The data 

preparation for this research consist of data transformation and data cleaning.  

3.2.1. Data Transformation 

The basic state changes recorded by the control systems of both facilities are not suited to 

be used directly in most data mining methods. Therefore, daily summaries of these states 

will be constructed for each patient individually. A graphical example of such a summary of 

a system with only 4 states (“in bed”, “in room”, “in bathroom”, “out of room”) is depicted in 

Figure 7. 

 

Figure 7: A graphical example of a summary of state changes 
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Even from this simple example, countless variables can be constructed. For instance, 

number of times out of bed, hours spent in bed and amount of time in the room. Furthermore, 

all of these variables can also be subjected to certain constraints like “at night” or “of more 

than 10 minutes”. The large extent of possibilities poses the need for a structural approach 

in deciding the suitable variables for this research. Since the objective of the system is to 

obtain more insights into the patient’s wellbeing and thereby also providing decision support 

when making decisions on the patient’s monitoring profile, nursing staff (as domain experts) 

will be asked what variables they perceive as most important when making this decision. A 

total of 10 variables will be selected for this research. Apart from the content of the variables, 

together with the nursing staff also a decision will be made on the time the summaries start 

and end. Since night-time behaviour is an important factor in the assignment of an active 

profile, it could be logical to construct day summaries of the period between 12:00 and 12:00 

(noon and noon), thereby covering the full night. 

3.2.2. Data Cleaning 

After the initial data is transformed into daily summaries with the intended variables, this 

new dataset needs to be analysed for outliers and noise18. Individual data points that are 

out of the ordinary can have a disproportionate influence on the result. On the other hand, 

excluding ‘inconvenient’ data points could result in cherry picking. Therefore only the daily 

summaries that are deemed extremely unlikely are removed from the dataset or when the 

patient was not in its room for the entire day. In order to keep this research reproducible, 

the parameters that are used to classify a day as extremely unlikely are documented in 

section 4.2.2. Finally, the data is reviewed on a patient level. Patients that show abnormal 

values for the developed variables will be considered for removal from the sample. 

3.3. Modelling 

This research investigates two data mining solutions to solve the research problem at hand. 

First, 3 straightforward classification methods are explored. In this case the population is 

divided into two classes: patients with an active profile and patients without an active profile. 

                                                             
18 Usually data cleaning precedes data transformation and since in this research the data is very 
basic, there is not much to clean. However, the transformation has a large impact on the quality of 
the data which is why the data cleaning is executed afterwards. 
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The data is then used to make prediction models based on the 10 input variables.  19 Next, 

the Behavioural Change Detection System (BCD system) is explored. This solution is more 

sophisticated than the classification solution and is mostly based on clustering and distance 

measures.  

3.3.1. Classification 

This section discusses the intended research methodology of the classification part of the 

research. The classification models determine if a patient has a profile based on all input 

variables developed during the data transformation. In this section first, the input and ground 

truth are clarified. Second, the selection of the classification algorithms is explained. Finally, 

the validation and testing of the models is discussed. 

3.3.1.1. Input and Ground Truth 

For the classification models, the full day summaries of all patients are collectively used as 

input variables. The ground truth (the outcome variable) will be 1 if the patient has an active 

profile on that day and 0 otherwise. This means that when a patient obtains an active profile 

during the measured period or vice versa, a proportion of its days are labelled 1 and the 

rest 0. This is not ideal when trying to predict monitoring requirements of a patient since 

nurses interfere in the behaviour of patients with an active profile (e.g. they are returned to 

bed by the nurse) and less with the behaviour of patients without an active profile. Moreover, 

these assigned profiles are primarily based on the “gut feeling” of the nursing staff and could 

be erroneous from time to time. Nevertheless, the registered profiles of the patients is 

probably the best ground truth for this purpose. 

3.3.1.2. Classification Algorithms 

There is a large number of classification algorithms available which makes it impractical to 

test all of them. Therefore, three algorithms will be selected based on preliminary results 

obtained with RapidMiner software, the classifiers commonly used in courses of the 

Eindhoven University of Technology and the reviewed literature which is described in 

section 2 of this research. 

                                                             
19 It is worth noting that the classification part of the research was added after the BCD system was 
developed. Its addition was intended as an explorative analysis to see if basic classification 
techniques were able to classify the monitoring requirements of patients. 
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3.3.1.3. Validation 

In order to select the best of the three classifiers, the dataset is divided into a model set 

(2/3) and a test set (1/3). The models are estimated and validated with the modelling set 

after which the performance of the model is evaluated with the test set. In order to control 

for disproportionate partitions of the classes, the sampling is done through random 

proportional stratification (i.e. the training and test sets contain the same proportions of class 

labels as in the complete dataset (Tan, Steinbach, & Kumar, 2006)).  

In order to avoid the classifiers to be overfitting to the modelling set, the model can be 

validated with a small proportion of the training set. This means that the modelling set is 

again split into a training set and a validation set. Now the model can be estimated with 

different parameter values on the training set and tested on the validation set. The 

parameters of the model with the best performance can then be used for the final model. 

This way of validating unfortunately does not use the maximum number of records of the 

modelling set. To do that, stratified 10-fold cross validation is used when training the model. 

With stratified 10-fold cross validation, the training set is divided into 10 subsets through 

stratified sampling. Iteratively, one of these subsets is used as the validation set and the 

other 9 are used as the training set. The performance for each parameter setting is then 

calculated as the average performance of the 10 iterations (Tan, Steinbach, & Kumar, 

2006). A graphical example of 5-fold cross validation is depicted in Figure 8. The entire 

validation process of the classification part of this research is depicted in Figure 9. 

 

Figure 8: A graphical example of 5-fold cross-validation (Graz University of Technology, 2006) 
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Figure 9: Validation process for the classification models 

3.3.2. Behavioural Change Detection System (BCD System) 

This second data mining solution is the behavioural change detection system (BCD system) 

which is inspired by the system designed by Ibrahim et al. (2016). Their system uses two 

different clustering methods to identify normal behaviour after which it continuously 

evaluates new inputs and updates the normal behaviour patterns or classifies them as 

abnormal. Ibrahim et al. (2016)  have not yet applied their system to a real-time dataset and 

in their research they do not provide much information about the input of the system. Since 

investigating the optimal input of the system is probably the most critical, the focus in 
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optimizing the BCD system will be on the input instead of the throughput of the system. This 

means that different contents and sizes for the input vectors are analysed iteratively, 

whereas the throughput elements are set fixed at satisfactory intermediate results. In this 

section, first, the input vectors of this system are discussed. Second, the clustering of normal 

behaviour patterns is considered. Next, the update mechanism for the continuous 

monitoring is explained. Finally, the validation methodology for this system is elaborated. 

3.3.2.1. Input Vectors 

Ibrahim et al. (2016) do not provide much information about the input vectors of their system. 

They only mention that their system can be used at a variety of dimensions20. As explained 

in section 3.2.1, 10 variables are derived based on the knowledge of domain experts 

(nursing staff). Still, the optimal size (dimensionality) and content (what variables) of the 

input vectors need to be determined. In total, there are 1023 possibilities21 for constructing 

the input vectors which will all be iterated in several runs of the BCD system.  

3.3.2.2. Cluster Normal Behaviour 

After setting the size and content of the input vectors, the normal behaviour patterns can be 

estimated. Ibrahim et al. (2016) first use the PCM approach (discussed in section 2.2.2.3) 

to filter the abnormal days. They state that when the number of clusters initialized by the 

algorithm is larger than or equal to the actual number of clusters (dense regions) in the 

feature space, only the abnormal days and noise will have small membership degrees to all 

clusters. They use a membership threshold (Tn) of 0.06 which means that days with 

membership degrees below 0.06 to all clusters will be logged into the anomaly history. 

Furthermore, the fuzzifier m is 1.5 and the amount of clusters c is chosen as the rounded 

square root of the number of data points n. 

The result of the previous step is a list with ‘abnormal’ days (anomalies) and a list with days 

considered ‘normal’. Next, the normal days can be clustered into normal behaviour patterns. 

Consistent with Ibrahim et al. (2016), the AM-PCM approach (discussed in section 2.2.2.4) 

will be used in this research.  As a starting point, their recommended settings for the 

parameters will be used: p = 3, ρ = 0.9.  

                                                             
20 They tested their system with up to 10 dimensions. 
21 Total number of combinations =  ∑

10!

𝑘!(10−𝑘)!

10
𝑘=1 = 1023.  
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The combination of these two clustering methods will result in a list with anomalies and lists 

of data points per cluster (the amount of clusters will be determined by the AM-PCM 

algorithm).  

3.3.2.3. Day-by-Day Update Mechanism 

The goal of the system was not only to detect historical behaviour patterns but recent 

behavioural changes as well. The update mechanism, which is also derived from Ibrahim et 

al. (2016), does this by updating the normal behaviour clusters or anomaly list after every 

new entry. In this research a new entry is a new daily summary which means that the 

behaviour of the patients is updated every day. First, the Mahalanobis Distance of the new 

day to each of the normal clusters is calculated. After which, the minimum distance is 

compared with a predefined threshold (Td). Two possibilities remain:  

1. Min MD < Td. In this case the new day is added to the cluster to which it had the 

minimum distance. Since the addition of a new data point to the cluster shifts the 

mean and covariance of the cluster, it is also checked if any data in the anomaly 

records fall into the range of this new cluster. If this is the case, the anomaly is 

relabelled and the anomaly list is checked again. 

2. Min MD ≥ Td. In this case the new day is added to the anomaly history. Next, the list 

of anomalies is checked for an emerged behaviour pattern. To do this, Ibrahim et al. 

(2016) used the PCM algorithm with c = 1. If there were enough anomalies with 

membership degrees > To (outlier threshold), a new behaviour pattern is spawned.  

Ibrahim et al. (2016), recommend using threshold 0.1 < To < 0.5 as a safe and conservative 

threshold to form a new cluster. The distance threshold depends on the dimension, ranging 

from an optimal Td = 3 for 2-dimensional datasets to Td = 6 for 10-dimensional datasets. 
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3.3.2.4. System Validation 

The classification part of this research used a straightforward 

validation methodology, dividing the data into a model set and 

a test set (as described in section 3.3.1.3). This was possible 

because the ground truth (an active profile or not) could easily 

be deducted from the data. Unfortunately, the BCD system 

cannot be validated in the same fashion. The first problem is 

that when the BCD system detects a behavioural change, it is 

difficult to confirm if it has indeed occurred (and vice versa), 

making it hard to accurately set the ground truth. Because of 

this, aim was set at the other objective of the system: aiding 

nursing staff in profile change decisions. It could be retrieved 

from the data when a patient’s profile was changed and if the 

system would have recognized a behavioural change in the 

period before that profile change. Unfortunately, profile 

changes are scarce at the residential healthcare facilities. This 

is the second reason the validation methodology of the 

classification part cannot be used for this system. Since there 

are so few patients from whom the profile has changed, it is not 

possible to find the optimal parameters (in this case the input 

vectors) on one set and consequently testing the full system on 

a separate test set. Therefore, the validation process in Figure 

10 is followed, using two measures to determine the optimal 

content and size of the input vectors: 

Test 1: The system estimates a patient’s normal behaviour based on a standard period of 

30 days after which 15 days will be updated into the system on a ‘day-by-day’ basis. 

When assuming significant behavioural changes to be scarce, the system should 

not detect a lot of behavioural changes when this is tested on a population of 

patients. 

Test 2: The system estimates a patient’s normal behaviour based on a standard period of 

30 days after which 15 days of another resident will be updated into the system on 

a ‘day-by-day’ basis. The system should recognize a behavioural change and notice 

that, in theory, ‘another person has inhabited the room’. 

Figure 10: Validation process 
for the BCD system 
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For the second measure, the ability of the system to detect behavioural changes will depend 

largely on the combination of patients used. If the patients behave similarly, it may not detect 

a behavioural change. In order to keep our goal in mind (a system that aids in making profile 

choices) and avoid cherry picking (choosing combinations that have large behavioural 

differences) it seems appropriate to use patients without a profile for Test 1 and for the 

learning phase of Test 2. Whereas patients with a profile will be updated in the second part 

of Test 2. The standard period for the clustering of normal behaviour (30 days) is probably 

long enough to cluster normal behaviour patterns and short enough to have the system 

quickly functioning in the case of new residents. The argument for the updating period of 15 

days is that the system should detect abnormal behaviour within approximately 2 weeks so 

this can be discussed in the regular meetings between the patient, nursing staff and doctor. 

The optimal size and content of the input vectors of the system will then be determined 

based on the combined result of these two tests, minimizing detection of behavioural 

changes for the first test and maximizing them for the second test. This can provide insight 

into the sensitivity and the accuracy of the system with certain parameter settings. 

Finally, the patients of special interest (the few cases in which a historical profile change 

has occurred) can be investigated closely with the optimal size and content of the input 

vectors. This is expected to provide insights about the ability of the system to recognize 

behavioural change and thereby aid the nursing staff with profile decisions. 

This concludes the research methodology. In order to keep the results of this research 

reproducible, the execution of the research will now be discussed in the implementation 

section.  
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4. Implementation 

This section discusses the execution of the research methodology described in the previous 

section in detail. Most of this execution was conducted in Matlab and it will be mentioned 

when other software was utilized. Furthermore, the classification and clustering techniques 

used in this research as well as some of their notations are discussed in section 2.2. This 

section follows the same chronology as the previous section. Starting with the 

implementation of the data understanding step in the first subsection. Next, the execution 

of the data preparation is described, after which the implementation of the classification 

models and the BCD system are discussed. 

4.1. Data Understanding 

Two residential healthcare facilities made their data available, where only one will be used 

for this research. Ideally, the richest form of input data would be preferable like for instance 

video and audio recordings. One of the two facilities uses a customized camera-based 

Ascom system whereas the other uses the generic sensor-based UAS system. These two 

systems have been analysed for their suitability towards this research. 

4.1.1. Select Residential Healthcare Facility 

4.1.1.1. Customized Camera-Based Ascom System 

As with more of Ascom’s products, this system also provides additional night time 

monitoring based on a patient’s needs. This works with the same ‘profile’ system as 

mentioned in section 1.1. Apart from the “Out of bed” and “Out of room” profile, they 

additionally have a “Lengthy bathroom visit” profile, where a nurse will be notified if a nightly 

bathroom visit takes longer than a predetermined period of time. Another interesting feature 

of this system is that when a profile is exceeded (e.g. a patient with an active “Out of bed” 

profile steps out of bed at night), a nurse is not notified directly. Instead, the footage is 

viewed by a remote service provider. If the alarm is correct and the patient has indeed 

stepped out of bed, a nurse is notified. This detour has the purpose to reduce false alarms 

and to lower the nurse occupancy rate. 
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Figure 11: Layout of a typical bedroom apartment for the camera-based system 

In Figure 11, a typical bedroom apartment for this residential healthcare facility is depicted. 

Two residents both have their own bedroom and share a bathroom and kitchen. The system 

uses three different types of cameras: (1) a camera with infrared function in the bedroom; 

(2) an ‘eagle eye’ camera without infrared function that watches the entire portal; and (3) 

two hallway cameras without infrared function. Agent VI software determines if the patient 

is in the bathroom, in the room or in the hallway based on analysis of the combined footage 

of the three cameras. In order to do so, it detects movements and based on the 

combinations of (prior) movements in other places, it determines the state and the patient. 

Figure 12 shows how this software works, if movement in the red plane is detected, the 

patient is in the room. By now it is easy to understand the loop through the remote care 

provider before the nurse is notified. If the blanket slides of the bed just a little, the system 

would incorrectly recognize that event as an “Out of bed” event22. 

                                                             
22 Kay Hoogland (2016) investigated the possibility to bypass the outsourced remote care provider 
when using a classifier. In this case the remote care provider would only be bypassed if the classifier 
labelled the alarm as correct and a nurse would be notified directly. If not, the remote care provider 
would still view the footage. 
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Figure 12: An example of movement detection areas in a typical apartment 

The camera footage of all the cameras of this residential healthcare facility are stored for 

24 hours. Pictures of the moment of state changes or movements were stored for 1 week. 

The only data that was stored for an indefinite amount of time was the logging of the state 

changes. A sample of the data for a single resident is shown in Table 2. 

Table 2: An example of the dataset from the camera-based system 

callID clientID time comm cameraID 

3389562 99 20-4-2016 04:42 Out of bed alarm from room 3.39   177 

3389451 99 20-4-2016 01:56 Moving person detected 177 

3389443 99 20-4-2016 01:46 Moving person detected 177 

3389439 99 20-4-2016 01:41 Out of bed alarm from Room 3.39   177 

3389425 99 20-4-2016 01:21 Out of room alarm from Room 3.39   180 

3389424 99 20-4-2016 01:21 Moving person detected 177 

3389423 99 20-4-2016 01:21 Out of bed alarm from Room 3.39   177 

3388996 99 19-4-2016 22:45 Toilet alarm from Room 3.39   NULL 

3388913 99 19-4-2016 21:10 Out of bed alarm from Room 3.39   177 

3388375 99 19-4-2016 19:25 Out of room alarm from Room 3.39   180 

4.1.1.2. Generic Sensor-Based UAS System 

The second residential healthcare facility that was evaluated for this research is a more 

generic sensor-based monitoring system provided by Ascom. This system is able to 

recognize five patient states, namely “In bed”, “In room”, “Out of room”, “Multiple persons in 

room, one in bed” and “In bathroom” along with three technical states (error messages). 

Unfortunately, this particular facility does not record the “In bathroom” state. These states 

can be used in order to display an overview for the nursing staff as depicted in Figure 13. 
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This system also works with the profile system discussed earlier, generating night-time 

alarms for patients with an active profile. At the particular residence under review, only the 

“Out of bed” and “Out of room” profiles are used since bathroom presence is not recorded.  

 

Figure 13: An example of an overview of the residents’ states for the nursing staff23 

Ascom provides the sensor network for this system. The sensor networks consist of two 

infrared sensors (one in the room and one above the door) and one bed sensor. Figure 14 

shows a possible layout for the installation of such a sensor network. Another functionality 

of this system that is not used at this particular facility, is an additional sensor placed at 

waist height which generates a fall alarm if sudden inactivity is not followed by a pulse of 

the door sensor or the bed sensor.  

                                                             
23 The names in Figure 13 are fictional. 
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Figure 14: A possible layout for the sensor installation in a bedroom 

This sensor data is transformed into the patient states with UAS (Unattended Autonomous 

Surveillance) software that is developed by Sensara (a subsidiary of Dutch Domotics and a 

business partner of Ascom).  These state changes are logged and stored for 3 months. 

Unfortunately, the sensor data is not stored and can therefore not be used for this research. 

A sample of the available logged state changes is given in Table 3. 

Table 3: An example of the dataset from the sensor-based system 

OldState NewState Time Location 

IN_ROOM OUT_OF_ROOM Mar 2, 2017 12:29:58 PM Room 3 

OUT_OF_ROOM IN_ROOM Mar 2, 2017 12:29:42 PM Room 3 

OUT_OF_ROOM OUT_OF_ROOM Mar 2, 2017 12:19:41 PM Room 3 

IN_ROOM OUT_OF_ROOM Mar 2, 2017 12:15:14 PM Room 3 

IN_BED IN_ROOM Mar 2, 2017 12:13:01 PM Room 3 

IN_ROOM IN_BED Mar 2, 2017 12:12:22 PM Room 3 

OUT_OF_ROOM IN_ROOM Mar 2, 2017 11:59:16 AM Room 3 

IN_ROOM OUT_OF_ROOM Mar 2, 2017 11:58:59 AM Room 3 

IN_ROOM IN_ROOM Mar 2, 2017 11:57:02 AM Room 3 

OUT_OF_ROOM IN_ROOM Mar 2, 2017 11:56:46 AM Room 3 

 

4.1.1.3. Selection of the Residential Healthcare Facility 

As mentioned earlier in this section, preferably the richest form of data would be used for 

this research. The video footage recorded of the first facility would be perfect for this purpose 

but has two major limitations. First, the video is only stored for 24 hours and the pictures of 
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the state changes are stored for 1 week. Even if it would have been recorded from the point 

of selecting this facility for this research, the period (about 6 weeks) will be too short to 

detect changes in behaviour. Apart from this insufficient period of time, analysing camera 

recordings from within residents’ homes comes with major privacy issues and because of 

this, both the institution and Ascom were extremely hesitant to cooperate. Therefore it was 

decided to use state changes as the input for this research. 

The camera-based system has stored its state changes for over a year, whereas the sensor-

based system has its state changes stored for only three months. Furthermore, the camera-

based system is custom made and is specifically made for night-time monitoring. This 

renders the day-time data close to useless since there are a lot of errors in the data24. On 

top of that, even during the night-time there are a lot of faulty alarms. Finally, there system 

does not have an “In bed” state which is probably an important state to detect changes in 

behaviour. Instead it should be derived from inactivity in the room which does not 

necessarily means the person is in bed. 

The sensor-based system uses the more generic UAS software which is not designed 

exclusively for night-time monitoring. UAS systems are widely used in the Netherlands and 

the behavioural change detection system could therefore be widely applied. Furthermore, 

the UAS data contains a lot less errors than the camera-based system. Unfortunately, the 

sensor-based system does not recognizes the “In bathroom” state at the available facility.  

The recognition of the “In bathroom” state and the extended period of data of the camera-

based system does not outweigh the lack of the “in bed” state, proper day-time data and the 

larger amount of errors in the data compared to the sensor-based system. Therefore, the 

latter was selected for use in this research. 

4.1.2. Explore the Initial Dataset 

The initial dataset consisted of state changes, locations and timestamps. The states that 

are recognized by the system are: IN_ROOM (IR), OUT_OF_ROOM (OOR), IN_BED (IB), 

MULTIPLE_PERSONS_ONE_IN_BED (MPOIB). The latter of which signifies a patient in 

bed with another person present in the room (most commonly a nurse). Furthermore, three 

                                                             
24 Because of the increased activity during day-time, the states are often attributed to the incorrect 
residents. 
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technical states can occur, namely: BED_UNPLUGGED (BU), UNDEFINED (U) and 

DEGRADED (D). The latter is an error state that occurs when for example a sensor battery 

is empty.  

In total there are 48 locations at this facility which can all be depicted as traces of events as 

shown in Figure 15. These 5 example traces allready show that a lot of the state changes 

are not state changes at all, instead the old and the new state are identical (e.g. from 

IN_ROOM to IN_ROOM). In order to get more insight into the order of these state changes, 

heuristics analysis was conducted with ProM 6.6 software to see what connections between 

the states are present in the data. 

 

Figure 15: An example of 5 state traces (constructed with ProM 6.6) 

As can be derived from Table 425, nearly 63% of all the state changes in the logged history 

have the same old and new state. Furthermore, some state changes are practically 

impossible to achieve and must therefore constitute some kind of error. For instance, to go 

from OUT_OF_ROOM to the IN_BED state without going in to the room first is not possible, 

still this has happened 8,431 times in the dataset.  For these reasons the data needs to be 

prepared for modelling which is explained in the next section. 

                                                             
25 The original Heuristic Net that was made in ProM 6.6 was an unclear graph due to the large amount 
of links between the different states, therefore this information was summarized in Table 4. 
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Table 4: Connections between states (retrieved from a Heuristic Net using Heuristic Miner in ProM 6.6) 

from/to IR OOR IB MPOIB BU U D 

IR 259.599 104.385 33.215 3.979 104 44 15 

OOR 106.689 226.686 8.431 2.250 88 140 33 

IB 27.271 10.198 39.348 19.415 0 28 37 

MPOIB 7.713 2.672 15.257 54.230 0 7 0 

BU 74 177 0 0 245 11 52 

UD 3 158 35 0 36 8 0 

D 23 65 0 0 34 2 82 

 

4.2. Data Preparation 

After understanding the business and the context of the initial data, the data preparation is 

discussed. First, the selection of the variables and how they are calculated is discussed in 

the data transformation-section. Finally, the implementation of the data cleaning elaborated. 

4.2.1. Data Transformation 

As mentioned in section 3.2.1, the possibilities to define day summaries are endless. 

Therefore, in consult with the nursing staff of the available facility using the sensor-based 

UAS system, 10 variables were defined and ranked according to their relevance to profile 

decisions. The following ranked variables will be considered for this research: 

Variable 1:  How often a patient leaves its bed at night. 

Variable 2:  Average time a patient leaves its bed at night. 

Variable 3:  Amount of time a patient is in bed in 24 hours. 

Variable 4:  How often a patient goes out of the room at night. 

Variable 5:  Average time a patient is out of the room at night. 

Variable 6:  Amount of time a patient is out of the room at night. 

Variable 7:  Amount of time a patient is out of the room in 24 hours. 

Variable 8:  The time the patient wakes up. 

Variable 9:  The time the patient goes to sleep. 

Variable 10: The amount of states the patient has been in during 24 hours. 
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For each day t, all of these variables are derived from the period between day t 12:00 and 

day t+1 12:00. The nursing staff also advised to let the night-time clock start at 21:00 and 

end at 07:00.  Furthermore, a lot of noise or sensor error can be filtered when calculating 

these variables. This was done by setting certain thresholds to ensure that an event like 

leaving the bed actually happened and were not induced by a small sensorial issue. This 

section continues with the explanation of the variable calculations which is graphically 

depicted in Figure 16. 

First, all the double statuses (in which new and old status are the same) are merged 

together. Next, the statuses of interest for that variable are coded 1 (green in the figure) and 

0 (red in the figure) otherwise. Again, if two sequential statuses are of interest (or not), these 

are merged together. The result is a ‘1-0-1-0-1-0-1-0’-like status report with the timestamps 

of these status changes. 

Variables 1 to 7 are calculated in more or less the same fashion. First, the boundaries are 

set (21:00 to 07:00 if the variable is about nights and 12:00 to 12:00 if the variables is about 

the whole day), these are depicted with the vertical black lines. Only the events within these 

lines are relevant. Next, the short states are filtered out with the threshold values. These 

threshold values are 5 minutes for IN_BED26 (variables 1 to 3) or IN_ROOM (variables 4 to 

7) and 30 seconds for out of bed or out of room. This means that if a patient or nurse enters 

the room or touches the bed for less than 5 minutes, that state will not be recognized. 

Conversely, if a patient is in bed or in the room and leaves for less than 30 seconds, the 

departure will not be recognized. An example of this phenomenon is given for the short 

departure of the IN_BED state at 02:00 in Figure 16. Finally, the recognized stages can be 

used to calculate the variable (depicted with numbers if it is a count and with clocks if it is a 

(average) time variable). The time variables are calculated as the total time divided by 24 

hours so they represent the part of the day the patient was out of the room or in bed. 

Variables 8 and 9 (bedtime and the time the patient gets up) are calculated somewhat 

differently. A patient’s bedtime is calculated as the first time the patient enters bed after 

18:00 for more than 2 hours without leaving it for more than 30 seconds. The time a patient 

rises in the morning is calculated as the first time the patient leaves its bed between 0:00 

and 12:00 for more than 1 hour without entering it for more than 5 minutes. The eventual 

                                                             
26 Note that the state MULTIPLE_PERSONS_ONE_IN_BED is also considered as the patient being 
in bed. 
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number was calculated as the time of day divided by 24 hours27. If by some chance these 

conditions were not met on a certain day (e.g. the patient never entered its bed for more 

than 2 hours without leaving it for more than 30 seconds), the average wake up time or bed 

time was appointed to that day in order to not distort the distribution of the variables. The 

approximated average wake up time and bed time were 20:00 and 07:00, respectively.  

Finally, the amount of states the patient has entered in the last 24 hours is calculated. This 

last variable serves as a proxy for the activity or inactivity of the patient. 

 

Figure 16: Graphical illustration of the variable calculations 

4.2.2. Data Cleaning 

A total of 4875 day summaries were constructed from the recorded data recorded in 48 

rooms. A quick scan of the data’s characteristics resulted in the conclusion that there were 

some days that showed very abnormal values for the variables. Most of these abnormal 

                                                             
27 To ensure that going to bed past midnight would not become a small number, +1 was added to 
these bedtimes. 
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values were because the patient was not present that day or was in its bed the entire day. 

These anomalies could adversely and disproportionately influence the outcomes of this 

research and for that reason they needed to be filtered. In order to keep this research 

reproducible a general decision rule was used. For this purpose, the most suitable variables 

on which to exclude days are the amount of time a patient is in bed in 24 hours (variable 3) 

and the amount of time a patient is out of the room in 24 hours (variable 7). Since the 

variables are calculated as a proportion of 24 hours, the following rule for the selection of 

data points was used: 

Include day IF threshold < Variable 3 < (1-threshold) AND threshold < Variable 7 < (1-

threshold) 

In order to properly determine the right threshold, a plot was constructed to determine the 

influence of the threshold on the number of observations left in the sample. Figure 17 shows 

that the number of observations drops from 4875 to 4706 when increasing the threshold 

from 0% to 1%. After which the number of observations drop slightly when increasing the 

threshold until the threshold is about 20%. From there, the days can be considered more or 

less normal, which results in the rapid decrease in the number of observations. 

 

Figure 17: Decrease in observations when increasing the outlier threshold 

In order to be conservative but still remove unlikely daily summaries, a threshold of 10% 
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was used for this dataset. This means that days were excluded from this research when 

patients were out of their room for less than 10% or more than 90% of the day or when 

patients were in their bed for less than 10% or more than 90% of the day. This resulted in a 

total of 4636 observations over 48 patients in the period between 7-2-2017 and 2-6-2017. 

The characteristics of the final dataset is given in Table 5.  

Table 5: Characteristics of the final dataset28 

Variable Mean Median 
Standard 
Deviation 

Minimum Maximum 

1 OOB at night 2,80 2,00 2,31 0,00 29,00 

2 
Average time OOB at night 
(minutes) 

29,15 18,39 35,72 0,00 593,85 

3 In Bed in 24h (hours) 11,22 11,14 2,38 2,44 21,32 

4 OOR at night 2,55 2,00 2,18 0,00 13,00 

5 
Average time OOR at night 
(minutes) 

20,47 9,73 27,89 0,00 345,13 

6 
Total time OOR at night 
(minutes) 

43,37 29,05 49,12 0,00 445,62 

7 
Total time OOR in 24h 
(hours) 

10,76 10,96 2,66 2,41 19,94 

8 Wake Time 06:31:06 06:30:45 01:23:17 00:00:00 10:52:18 

9 Bed Time 19:56:49 19:41:22 01:42:04 18:00:00 06:03:47 

10 Number of states in 24h 60,12 53,00 32,83 3,00 234,00 

 

Now the final dataset is readily available, the only issue that is left in preparing the data is 

the selection of the proper patients for this research. The patient selection depends on the 

data mining solution being used and if and for how long the patients have had an active 

profile. An overview of the profile assignments and the means for the 10 variables for each 

patient is given in Appendix V. 

The UAS system was not working properly in two residences (9 and 45) displaying only 

technical statuses or no statuses at all. For this reason, both were excluded from this 

research. In one room (29) the system was only working properly for 43 days. This location 

will not be excluded from this research given that the means of the 10 variables show no 

abnormal values. The remainder of the locations all had observations ranging from about 

90 to 110 observations.  

For the classification part of this research, the ‘Out of Room’ and ‘Out of Bed’ profiles were 

                                                             
28 The time measures are calculated as a proportion of 24 hours but for this purpose they are 
converted to interpretable values.  
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pooled together. The days in which a patient had an active profile was labelled 1 and the 

days in which a patient did not have an active profile was labelled 0. This means that when 

a patient was assigned an active profile somewhere in the period, the days before and after 

that assignment are labelled 0 and 1, respectively. This resulted in a dataset for the 

classification models of 4636 observations of which 1604 (34,6%) are labelled 1. 

Three rooms (22, 39 and 43) have had two residents in the period between 7-2-2017 and 

2-6-2017. The precise date in which the new resident moved in is unknown. The data for 

these rooms cannot be used for the BCD system since it is uncertain if the measured 

behaviour patterns are from one person.29 Furthermore, it is uncertain if the patient with only 

43 days (29), discussed earlier, had an active profile on other days in the sample period. 

Therefore, this patient is also excluded for the analysis of the BCD system. 

4.3. Classification 

As mentioned in section 3.3.1.2, numerous classification algorithms are available for solving 

binary classification problems. In order to choose the most suitable classification methods 

for this research some preliminary classification analyses were executed with RapidMiner 

software. The 5 most commonly used classification techniques in the reviewed literature 

(see Appendix III) were implemented on the final dataset as described in the previous 

sections. The standard settings of RapidMiner were used to obtain the preliminary results30  

Table 6 shows the results of the 5 classifiers with the accuracy, precision, recall, F1 and 

Cohen’s Kappa measures. Based on accuracy, the k-Nearest Neighbours is outperformed 

by the other classifiers. Support Vector Machines classified all the test cases as 0 resulting 

in a 0% precision and recall and is therefore not useful for this research. The classifiers 

Decision Trees, Artificial Neural Networks and Naïve Bayes were selected for this research 

for three reasons: (1) they are all in the top 4 most used techniques in the reviewed 

literature; (2) they are commonly used in courses of the Eindhoven University of 

Technology; and (3) they outperformed the other classifiers31. 

                                                             
29 This is not an issue for the classification part because the location either had an active profile 
setting for the entire period or none at al.  
30 Apart from the Decision Tree, which made a tree with only one node. The settings for the Decision 
Tree were: criterion = info gain, confidence = 0,001 and minimal gain = 0,001. 
31 In the preliminary results, the performance was largely based on accuracy. 
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Table 6: The performance of 5 classifying models executed with RapidMiner 

Classification Method Accuracy Precision Recall F1 Kappa 

Support Vector Machines 0,65 0,00 0,00 0,00 0,00 

Decision Tree 0,69 0,54 0,56 0,55 0,31 

Artificial Neural Network 0,66 0,66 0,05 0,09 0,05 

Naïve Bayes 0,66 0,52 0,22 0,31 0,13 

k-Nearest Neighbours 0,61 0,43 0,44 0,44 0,14 

 

The validation and testing methodology depicted in Figure 9 will be used for this research, 

leaving one question unanswered: how are the parameters going to be iterated? For the 

decision tree, the standard ‘Fitctree’ Matlab function is used, iterating both the minimal 

parent size and the minimum leaf size from 1 to 1000. Each iteration is evaluated based on 

its cross validated accuracy and eventually the optimal parameter setting is used to 

construct the final decision tree. For the artificial neural networks, the layer sizes are iterated 

from 1 to 10 for 1 to 3 hidden layers, resulting in 1110 different artificial neural networks)32. 

Just like with the decision tree, each iteration is evaluated based on its cross validated 

accuracy and eventually the optimal parameter settings are used to construct the final 

artificial neural network. Finally, no iterations are possible for the Naïve Bayes classifier 

apart from the 10-fold cross validation (as is done with the other two classifiers). 

4.4. Behavioural Change Detection System 

This section discusses the implementation of the BCD system that was largely based on 

the system designed by Ibrahim et al. (2016). The BCD system first clusters normal 

behaviour after which it runs an update mechanism on a day-by-day basis. These two 

elements of the system will be discussed in turn. This section concludes with the 

implementation of the validation of the BCD system. In order to simplify understanding of 

this section, supporting graphs are provided in Appendices VI, VII and VIII. The final BCD 

algorithm that was used in this research is given in Appendix IX. 

 

                                                             
32 10 + 10*10 + 10*10*10 = 1110 
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4.4.1. Cluster Normal Behaviour 

This section explains how the clustering of normal behaviour is implemented in the BCD 

system. This is done by first using PCM clustering to filter the outliers after which the AM-

PCM algorithm is used to cluster the data into one or more behaviour patterns. Finally, the 

deviations from the system designed by Ibrahim et al. (2016) will be emphasized. 

As input for this part of the system a number of days of a single patient is used. The size of 

the input variables can be variated since the system works with data points ranging from 1 

to a multitude of variables. Since the PCM and AM-PCM methods use the Euclidean 

Distance as distance measure, the variables are normalized when using input vector sizes 

of more than 1 (more than 1 dimension). 

4.4.1.1. PCM Implementation 

PCM analysis is conducted on the normalized input vectors in order to obtain the 

membership values. The rounded squared root of the number of data instances is used for 

c (the amount of clusters) and the fuzzifier m is set at 1.5. These settings are consistent 

with the recommendations of Ibrahim et al. (2016, p. 189). The PCM method was initiated 

with the FCM model and both methods used a termination threshold of ε = 0.001. After the 

PCM analysis is conducted, all the variables that have membership values less than the 

membership threshold (Tn) of 0.1 to all clusters are designated as outliers33. 

In order to execute the FCM and PCM algorithms in Matlab a publicly available Matlab code 

was used which was developed by Mahdi Amari from the Sharif University of Technology in 

Tehran, Iran34. Two graphical examples of the BCD system’s outlier analysis are given in 

Figure 1835.These are scatterplots of the first 30 days of a patient with vector sizes of 2 and 

3. The output of this part of the system consist of a list of the outliers and a list values of the 

‘normal’ data. The latter will be used by the AM-PCM algorithm to form a number of normal 

behaviour patterns. 

                                                             
33 The value for Tn used by Ibrahim et al. (2016) was set at 0.06. Based on trial and error, the threshold 
of this system was set to 0.1 because data points that were clearly outliers were designated as 
‘normal’ with lower thresholds. 
34 The Matlab functions can be retrieved from http://ce.sharif.edu/~m_amiri/project/yfcmc/. 
35 These figures are shown in larger scale in Appendix VI. 
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Figure 18: Graphical examples of the PCM implementation 

4.4.1.2. AM-PCM Implementation 

Now the outliers are filtered, the list of data points that are considered ‘normal’ can be used 

to cluster the new behaviour patterns. Consistent with Ibrahim et al. (2016), this system also 

uses the AM-PCM algorithm developed by Yang and Lai (2011) to partition the data into a 

patient-specific amount of clusters. As with the PCM method, the recommended values of 

Ibrahim et al. (2016, p. 189) are used as for the input parameters, namely p =3, ρ = 0.9. 

Furthermore, the same termination threshold is used as with the other clustering methods 

(ε = 0.001). 

Unfortunately, no Matlab code was available for this algorithm and therefore it was written 

for the purpose of this research. Graphical examples of the use of this algorithm is given in 

Figure 1936 for the same data as in Figure 18 which was discussed in the PCM 

implementation. Both the 2 and 3 dimensional examples detect two clusters which are listed 

separately37. Finally, the output of the first part of the BCD system is a list of the original 

values (not the normalized values) of the outliers and a list of data points for each cluster 

(also the original values). 

                                                             
36 These figures are shown in larger scale in Appendix VII. 
37 Note that the AM-PCM algorithm did not use the listed outliers, these were added to graph 
afterwards. 
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Figure 19: Graphical examples of the AM-PCM implementation 

4.4.1.3. Deviations from Ibrahim et al. (2016) 

The implementation of the clustering of normal behaviour patterns was largely done 

according to the system designed by Ibrahim et al. (2016). However, there are three 

deviations were made to improve the system.  

First, because the AM-PCM algorithm is initiated with every data point as an initial cluster 

centre, the system sometimes produced clusters that consisted of one or only a few data 

points. These data points are often remote and should be considered outliers. Apart from 

the intuitive objections of behaviour patterns consisting of only one or a few data points, 

there are also some technical difficulties. The Mahalanobis Distance is used in the second 

part of the system which poses a problem when increasing the dimension. In order to 

measure the Mahalanobis Distance between a new entry and a cluster of data points, the 

cluster size must be at least as large as the size of the input vectors. This issue was solved 

by discarding clusters that did not met the following condition as outliers: size cluster ≥ MAX 

(5, dimension). This means that a cluster size can never be less than 5 or less than the 

dimensionality that is used. 

The second significant deviation was due to the fact that sometimes an outlier has a smaller 

Mahalanobis Distance with a cluster than one or more of the cluster’s own members with 

its cluster. This problem could be solved in two ways: (1) adding the outlier to the cluster; 

or (2) removing the remote data point from the cluster and adding it to the list of outliers. 

The second option makes sense when only one point is further away from the cluster centre 

than the outlier. On the other hand, when an outlier is closer to the cluster centre than, for 

instance, five other data points, all these data points are designated as outliers. In this case, 
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the first option would be more suitable. This means that the second option requires the 

addition of yet another parameter to the system, namely how many data points have to be 

further away than the outlier to add the outlier to the cluster. Since the addition of yet another 

parameter to the system was undesirable and this problem is not encountered often, option 

1 was the preferred solution for this system. 

The final deviation of this system is that, in contrast with Ibrahim et al. (2016), this system 

does not model its clusters as Gaussian Mixed Models. These GMM’s are basically a mix 

of multidimensional normal distributions which memberships to certain sub-populations are 

represented by the weights to each multidimensional normal distribution. The reason for this 

deviation was that only the mean and covariance of these Gaussian components were used 

to calculate the Mahalanobis Distance in the day-by-day Update Mechanism of the system. 

The mean and covariance can also be derived directly from the clusters constructed by the 

AM-PCM method.  

4.4.2. Update Mechanism 

After the normal behaviour patterns are identified in the form of clusters and the abnormal 

behaviour is listed as anomalies, the BCD system evaluates each day separately and 

classifies that new entry as either normal or abnormal. 

As the distance measure, the Mahalanobis Distance is used between the new data point 

and the respective clusters38. These are compared with the maximum Mahalanobis 

Distance of the points within those clusters to the cluster centres. This can result in one of 

three options. (1) The new data point falls out of the maximum range of all clusters (i.e. the 

MD is larger than the MAX MD of all clusters). In this case the new entry will be classified 

as abnormal. (2) The new data point falls within the maximum range of just one cluster. This 

day will be classified as normal and will be added to the respective cluster. (3) The new data 

point falls within the maximum range of more than one cluster. When this happens the new 

day is classified as normal will be added to the cluster with the smallest maximum range. 

Appendix VIII gives an example of 2 dimensional plots of the day-by-day update mechanism 

                                                             
38 Note that since the Mahalanobis Distance also uses the covariance matrix, the original values of 
the data can be used instead of the normalized values. 
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for 15 new days39. Examples of the three aforementioned options are depicted in plot 2, 4 

and 1, respectively.  

This way of classification defers in some extent from the system of Ibrahim et al. (2016). 

They calculated the minimum distance from the new data point to all clusters and compared 

it to a predefined threshold (Td). In this system the maximum MD was chosen as a threshold 

for each cluster because sometimes new days would be classified as abnormal while there 

were cluster members that had a larger MD from the cluster centre. 

After a day is classified as either normal or abnormal, extra analysis is conducted. 

4.4.2.1. The New Day Is Classified as Normal 

When a day is classified as normal and is added to the respective cluster, its maximum MD 

shifts slightly due to changes in the mean and covariance. This could implicate that other 

anomalies are now within the maximum MD range of the cluster and therefore the anomaly 

records are all checked. When a historical anomaly falls within the maximum MD range, it 

is added to the cluster. This again changes the maximum MD of the cluster and therefore 

this process is iterated until no abnormal day falls within the new maximum MD. The 

revisiting of the list of abnormal days is consistent with the system developed by Ibrahim et 

al. (2016). 

4.4.2.2. The New Day Is Classified as Abnormal 

When a day is classified as abnormal, the day is added to the list of outliers. When this 

event occurs, the list of outliers is subjected to a clustering analysis to check if a new 

behaviour pattern has emerged. Ibrahim et al. (2016) use the PCM method with c = 1 in 

order to calculate the membership degrees (U). When enough outliers exceed a certain 

threshold (To), a new cluster is spawned. Two important deviations from their system were 

made in the development of this system. (1) Only abnormal days that have occurred within 

the last 2 weeks were subject to this analysis. This was done to prevent that a combination 

of ‘old’ behaviour together with a new abnormal day spawns a ‘new’ behaviour pattern. (2) 

A slightly altered clustering method was used. Unfortunately, the PCM algorithm that was 

used in the clustering of normal behaviour did not work as well when c was set at 1. This 

resulted in extremely low membership degrees except for the data point closest to the 

                                                             
39 The normal behaviour was clustered on the same data as used in Appendix VII and in order to 
save space the axis labels have been removed. 
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cluster centre (which approached a membership degree of 1). Therefore another equation 

was used to calculate the membership degrees which nearly resembles the membership 

equation of the PCM model.  

First, the data was again normalized in order to properly cope with the Euclidean Distance. 

Next, the cluster centre (A) was calculated as the mean of outliers that occurred within the 

last 14 days. The squared Euclidean Distance between all data points and the cluster centre 

is calculated and used in the following equation to obtain the membership values: 

𝜇𝑖 =
1

1+(
𝑑𝑖

2

𝜂
)

 ,          where           𝜂 =
∑ 𝑑𝑖

2𝑛
𝑖=1

𝑁
 

In this case n is the amount of outliers in the last 14 days and N is the total amount of data 

points (including the ones in the normal clusters). This somewhat unconventional clustering 

method tested well on some practice datasets. It is considered out of scope for this research 

to investigate if another method outperforms this one. 

As with the clustering of the normal behaviour in the preceding part of the system, clusters 

are only recognized when they have a size of at least 5 days. Therefore, whenever 5 or 

more days have membership degrees (μi) > 0.3 (To)40, a new behaviour pattern is spawned 

in the form of a cluster. An example of such an event is given in plot 14 in Appendix VIII.  

The full algorithm of the BCD system that was used for this research is given in Appendix 

IX. 

4.4.3. Validation Implementation 

In section 3.3.2.4, the validation process of the BCD system was described. This process 

optimizes the parameters based on two tests. In Test 1, the normal behaviour is clustered 

on 30 days of a patient without an active profile after which the following 15 days are 

updated of that same patient. In Test 2, the normal behaviour is again clustered on 30 days 

of the same patient without an active profile after which the following 15 days are updated 

of a patient with an active profile41. The optimal input vector will consequently be chosen 

                                                             
40 Ibrahim et al. (2016) advised to choose 0.1 < T0 < 0.5. 
41 Note that these are patients that either had an active profile for the entire period or did not have an 
active profile for the entire period. 
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based on the best results of both tests. The same days are used for Test 1 and Test 2 in 

order to control for environmental influences. After the optimal input vector is selected, the 

patients who had a change of profile will be investigated for a behavioural change in the two 

weeks before the profile change. 

4.4.3.1. Test 1 and Test 2 

Unfortunately, it was not practical for this research to test all the profile / non-profile 

combinations due to the large computational cost of computing all the variable 

combinations. Therefore fixed client combinations are used for Test 1 and Test 2. From 

Appendix V can be derived that a total of 23 patients had an active profile for the entire 

sample period. It also shows that 12 patients did and did not have an active profile for the 

entire period.42 For each of the 23 non-profile patients, the 12 profile patients are ranked 

based on dissimilarity43. Ultimately, all 23 non-profile patients are combined with their 6th 

ranked profile patient44. The period of 90 days is divided into 4 periods of 45 days (1 to 45, 

15 to 60, 30 to 75 and 45 to 90), resulting in 92 test cases. To illustrate: 

Test 1: Cluster behaviour of patient X from day 1 to 30 and update with patient X 

from day 31 to 45. If new behaviour is detected Test 1 = 1, else Test 1 = 0. 

Test 2: Cluster behaviour of patient X from day 1 to 30 and update with patient Y 

from day 31 to 45. If new behaviour is detected Test 2 = 1, else Test 2 = 0. 

Score of test case = Test 2 - Test 1, ranging from -1 to 1. 

For each of the possible 1023 input vectors the score of the iteration was calculated as the 

sum of the 92 test cases. The result of the iteration consequently ranges from -92 to 92. 

The optimal input vector was determined using the maximum score. 

4.4.3.2. Analysing Patients with a Profile Change 

Finally, after identifying the optimal input vectors, it was investigated if patients who have 

experienced a change of profile behaved differently in the 2 weeks leading up to the 

change. From Appendix V can be derived that of the 7 patients who had a profile change, 

                                                             
42 Note that some clients have already been excluded from this part of the research in section 4.2.2. 
43 This was calculated as the mean Mahalanobis Distance of each separate day of the profile patient 
to the collection of days of the non-profile patient.  
44 The median was preferred but there is an even number of profile patients. 
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only 4 patients could be used. The normal behaviour needs to be determined based on 30 

days before the two weeks leading up to the profile change. This data was only available 

for 4 patients which were evaluated in the final step of the BCD system validation. 

In the following section, the results of the different data mining solutions will be described.  
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5. Results 

This research used different data mining techniques to obtain insights into a patient’s 

wellbeing and monitoring requirements. The evaluation of these solutions will be discussed 

in this section. First, the classification results will be provided and interpreted. Second, the 

clustering-based BCD system will be evaluated. 

5.1. Classification 

The first data mining solution uses classification models to classify patients as either 

patients with an active profile (1) or patients without an active profile (0). Three classification 

techniques have been trained and tested according to the validation process depicted in 

Figure 9. This section will discuss and evaluate the results. First, the selection of the optimal 

parameters is discussed for the Decision Tree model and the Artificial Neural Network 

model using the training set45. Next, all three classification models are evaluated with the 

test set. 

5.1.1. Parameter Optimization of the Decision Tree 

To optimize the decision tree, the parameter settings were iterated and subjected to 10-fold 

cross validation. Two parameter options were investigated separately, namely the minimal 

parent size (the minimal amount of observations a node must have in order to be split) and 

the minimal leaf size (the minimal amount of observations a leaf must have). These were 

iterated with sizes from 1 to 1000 and the mean classification error (1 - accuracy) of the 10 

folds are used to find the optimal parameter settings. As shown in Appendix X, a minimal 

leaf size of 23 is optimal for this training set, producing a classification error of 29,3%. The 

final Decision Tree is depicted in Appendix XI. 

5.1.2. Parameter Optimization of the Artificial Neural Network 

When optimizing the parameters for the ANN, the parameter settings were again iterated 

and subjected to 10-fold cross validation. Two parameter settings were simultaneously 

evaluated, namely the amount of hidden layers (iterated from 1 to 3) and the size of the 

                                                             
45 No parameter optimization is required for the Naïve Bayes Classifier because this classifier is 
based on the probabilities of the entire training set  
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hidden layers (iterated from 1 to 10)46. This resulted in 1110 possibilities that were all 

evaluated based on their classification error. The optimal layer sizes were [8], [10,7], [8,6,4] 

for ANNs with 1, 2 and 3 hidden layers, respectively. The latter was the optimal combination 

of amount of hidden layers and layer sizes resulting in a classification error of 18,4%. 

5.1.3. Evaluating the 3 Classification Models 

Table 7 provides an overview of the performance for the 3 classifiers that were analysed in 

this research. These are the results of predicting the classes of the test set using the optimal 

classification models. The performance measures were consequently derived from the 

resulting confusion matrices that are given in Appendix XII. Based on accuracy, the neural 

network has the best performance but since the dataset is imbalanced47 precision and recall 

are almost equally important. ANN also performs best considering precision, labelling profile 

patients correctly 70% of the time. This comes at the cost of recall because 59% (1,00 - 

0,41) of the profile patients is incorrectly labelled non-profile. Based on the F1 measure, 

which can be considered a weighted average of precision and recall, the Decision Tree 

outperforms the other classifiers. Cohen’s Kappa statistic takes into account the chance of 

the occurrence of the labels, ranging from below 0 to 1 (perfect). Taking Kappa into 

consideration as well, it can be concluded that ANN is the optimal classifier for this purpose.  

Table 7: Performance of the classifiers 

Classification Method Accuracy Precision Recall F1 Kappa 

Decision Tree 0,70 0,58 0,49 0,53 0,31 

Artificial Neural Network 0,73 0,70 0,41 0,52 0,35 

Naïve Bayes 0,66 0,50 0,23 0,31 0,13 

However, even the best classifier performs rather poorly. A Cohen’s Kappa statistic of 0,35 

will only be characterized as ‘fair’ on the scale of Landis & Koch (1977) or even ‘poor’ on 

the scale of Fleiss (1981). Even though these scales could be arbitrary, the performance 

should be considered in relation to its purpose. An increased monitoring profile will 

significantly impact the patient’s lifestyle. Therefore, it is not advised to use classification 

                                                             
46 Due to the exploratory nature of the classification part of this research in combination with the high 
computational costs of training ANNs, the amount and size of the hidden layers were set at a 
maximum of 3 and 10, respectively. 
47 Days of patients with a profile (labelled 1) make up about 35% of the total data. 
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models when making profile decisions.  

However, the Decision Tree depicted in Appendix XI could provide some insights for the 

nursing staff. Decision Trees rank the importance of the different variables objectively based 

on splitting attributes. This ranking differs from the ranking made by the nursing staff who 

ranked the variables according to their relevance to profile decisions (p. 48-49). The best 

splitting attributes are among the lowest nurse-ranked variables. Even though the 

classification model performed poorly, it might be worth considering these differences when 

making profile decisions. 

5.2. Behavioural Change Detection System (BCD System) 

The second data mining solution investigated in this research is the BCD system inspired 

by Ibrahim et al. (2016). This research focussed on selecting the input vectors for this 

system based on the status changes. First, the optimal input vector is selected based on 

the results of Test 1 and Test 2. Next, the optimal input vectors are used to analyse if the 

BCD system detects different behaviour in the two weeks preceding profile changes. 

5.2.1. Test 1 and Test 2 

After running the BCD system with all 1023 possible combinations of variables for 92 test 

cases (described in section 4.4.3.1). It became clear that for some combination of dimension 

and variables, the system could fail at times. This happened when for example, only variable 

1 (how often a patient leaves its bed at night) was used and the patient never left its bed at 

night for 30 days in a row. Table 8 shows that this phenomenon happened mostly when 1 

dimension was used. For other dimensions the system usually succeeds in completing its 

tasks.  

Table 8: Success rate of the BCD system per dimension 

Dimension  1 2 3 4 5 6 7 8 9 10 

Success rate 45% 88% 95% 97% 98% 99% 99% 100% 99% 98% 

Table 9 shows the top 10 scoring input vectors based on the results over the 92 test cases. 

Since the optimal result (Test 1 - Test2) is not necessarily 92, the scores of Test 1, Test 2 

and the final result are divided by the number of observations on which the system 

succeeded for that input vector. Table 9 shows that there are two optimal input vectors: The 

first one is a 2-dimensional input vector using variables 3 (amount of time a patient is in bed 
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in 24 hours) and 10 (the amount of states the patient has been in during 24 hours). The 

second one is a 3-dimensional input vector using variables 7 (amount of time a patient is 

out of the room in 24 hours), 8 (the time the patient wakes up) and 10 (the amount of states 

the patient has been in during 24 hours). Both input vectors achieved the same end result 

and are the preferred input vectors for the BCD system, however the second input vector in 

Table 9 is a bit less sensitive. 

Table 9: The top 10 scoring input vectors 

Input Vector48 Dimension Test 1 Test 2 Result 
Successful  

cases 

[3,10] 2 10,9% 90,2% 79,3% 92 

[7,8,10] 3 4,3% 83,7% 79,3% 92 

[3,7,8,10] 4 4,3% 82,6% 78,3% 92 

[3,8,10] 3 13,0% 88,0% 75,0% 92 

[7,10] 2 5,4% 78,3% 72,8% 92 

[3,7,10] 3 3,3% 75,0% 71,7% 92 

[3,7,9,10] 4 8,7% 80,4% 71,7% 92 

[2,3,5,6,9,10] 6 17,4% 89,1% 71,7% 92 

[9,10] 2 18,5% 89,1% 70,7% 92 

[3,7,8,9,10] 5 7,6% 77,2% 69,6% 92 

Considering the content of the input vectors, Table 9 shows that variables 3, 7, 8, 9 and 10 

are often in the successful vectors. Appendix XIII plots the mean results per variable for 

each dimension. Even though the variables 1, 2, 4, 5 and 6 are not frequently present in 

Table 9, this plot shows that these variables are not consistently outperformed by the 

frequent variables in the top 10 results. Appendix XIII and Table 9 do provide evidence that 

variable 10 (the amount of states the patient has been in during 24 hours) is the most 

influential variable when detecting behavioural change. 

Interestingly, the top 10 results include vectors of a variety of dimensions, implying there is 

not a single outperforming dimension for the BCD system on this dataset. However, the 

mean result per dimension steadily increases until reaching its optimal dimension of 6, after 

which it steadily declines. This is illustrated by Appendix XIV which shows the mean scores 

for Test 1, Test 2 and the Result for each dimension.  When plotting all the mean input 

vector results against the dimensions, it shows that the mean result variance declines when 

                                                             
48 The input vectors are displayed with their variable numbers, for instance [1,2,3] is a 3 dimensional 
input vector using variables 1, 2 and 3 which are given on page 48-49. 
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increasing the dimension, this is illustrated by Appendix XV. Even though the optimal input 

vectors use 2 and 3 dimensions, these results show that the system becomes more robust 

when increasing the dimension. 

Please keep in mind that these scores are based on the client combinations as they are 

described in section 4.4.3.1. The results shown in Table 9  do not represent the precise 

detection rate since it is unknown if the behaviour of the patient in Test 1 really did not 

change or if the behaviour of the second patient in Test 2 is really different. It merely serves 

as a performance measure which is equal for all input vector iterations to find the optimal 

input vector. 

5.2.2. Analysing Patients with a Profile Change 

After determining the two optimal input vectors, it was analysed if the BCD system was able 

to detect behavioural change in the two weeks leading up to a profile change. If the profile 

changed at time t, the normal behaviour was clustered on the days between t – 45 until t – 

14. After which the day-by-day update mechanism was used on the period between t – 14 

until t. When using input vectors [3,10] and [7,8,10], no behavioural change was detected 

by the BCD system in the 2 weeks prior to the profile change for any of the 4 patients.  

However, the same analysis was conducted for the 2 weeks following the profile change. 

This resulted in the detection of a behavioural change for 2 of the 3 patients49 when using 

input vector [3,10] and no detection of behavioural change when using input vector [7,8,10]. 

The latter could be expected considering that this setting is less sensitive to behavioural 

change. The two patients whose behavioural change has been detected by the BCD system 

had their profiles turned off. It is likely that their behaviour changed a result from this profile 

change.  

                                                             
49 The fourth patient had its profile changed only days before the end of the sample period. Therefore 
it was not possible to check the following two weeks for changes in behaviour. 
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6. Summary and Conclusions 

Ascom is a provider of monitoring systems employed at residential healthcare facilities that 

trigger alarms for the nursing staff to help patients in need of direct care based on pre-set 

profiles. These monitoring systems use the very basic statuses “In Bed”, “In Room” and 

“Out of Room” in order to generate these alarms. However, these statuses could provide 

other valuable information for the caregivers. Therefore, this research was aimed at 

answering the following research question: 

“How can the wellbeing and monitoring requirements of patients be determined based on 

their basic status changes?” 

In order to answer this question, first the basic status changes were converted into daily 

summaries of the period between 12:00 and 12:00 (encompassing the night). In consult with 

the nursing staff, 10 meaningful variables were constructed from the initial data to fill these 

daily summaries. These variables were used as input of two data mining solutions. First, the 

research objective was considered as a classification problem. For this solution multiple 

classification methods were investigated for their ability to classify patients with or without 

increased monitoring requirements based on their dissimilarities. Second, a behavioural 

change detection (BCD) system was developed consisting of multiple clustering methods 

which estimates normal behaviour patterns and continuously examines if new behaviour 

patterns have emerged. The second solution is largely based on the research of Ibrahim et 

al. (2016) who designed a similar system for artificial datasets. 

Decision Trees, Artificial Neural Networks and Naïve Bayes were selected as the most 

promising classifiers for this research. The parameters (if any) of these models were 

optimized using 10-fold cross validation on the training set after which all models were 

evaluated using the test set. ANN slightly outperformed the other classifiers, however it still 

performed rather poorly. This performance combined with the significant impact an 

increased monitoring profile will have on the patient’s lifestyle, it is not advised to use 

classification methods to model the monitoring requirements based upon the basic status 

changes. 

The poor classification results stresses the necessity of a more sophisticated data mining 

solution. The developed BCD system uses historical days of an individual patient to estimate 

its normal behaviour patterns. Using PCM clustering, first the abnormal days are separated 
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from the normal days. Next, these normal days are clustered with the AM-PCM method to 

obtain a number of clusters (the proxy for normal behaviour patterns) specific to the patient. 

Given the list of abnormal days and the normal behaviour clusters, the system classifies 

each day as normal or abnormal. When the day is classified as normal, the system updates 

the normal behaviour cluster it belongs to. When the days is classified as abnormal, the 

system will examine the list of abnormal days for the emergence of a new behaviour pattern 

with a possibilistic clustering method.  

In order to test the system’s ability to detect changes in behaviour, it was assessed if the 

system would notice if a different resident suddenly inhabited the room for 15 days. 

Furthermore, it was determined if the system would have detected a change in behaviour if 

the original resident stayed in the room for the same 15 days. In most cases, this should 

result in the detection of behavioural change in the first example and no detection of change 

in the second example. This testing principle was applied to all possible input vectors (i.e. 

1023 combinations of the 10 variables). The test cases were held constant for all iterations 

and therefore the optimal input vector could be derived. A 2-dimensional and a 3-

dimensional input vector, demonstrating different detection sensitivity, obtained the same 

optimal results. Additional analyses into the preferable dimensions showed that the 

developed BCD system became more robust when increasing the dimensionality (lowering 

variance). Additionally, it showed that the 6-dimensional input vectors obtained the highest 

mean results. Finally, the most distinctive variable for the system to detect behavioural 

change was the amount of state changes between 12:00 and 12:00. 

The two optimal input vectors were used to examine if behavioural changes were detected 

in the two weeks before and after the change of a monitoring profile. Only with the 2-

dimensional input vector (which was the most sensitive) the system detected behavioural 

change 2 weeks after the patients’ profiles were turned off.  

This is the first time the system methodology is applied to real-life behavioural data. The 

BCD system showed great potential in recognizing difference in behaviour based on the 

basic status changes. Furthermore, this system’s applicability is not specific to residential 

healthcare facilities but to a variety of purposes. When the principle of this system are 

implemented correctly, it could also be used to monitor the elderly living at home. When 

their behaviour suddenly changes, a notification could be send to their families or care 

provider. This kind of solutions gives substance to the notion of ubiquitous healthcare.   
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7. Limitations and Recommendations for Further 
Research 

When interpreting the results, two validation limitations must be taken into account. The 

classification was aimed to find those patients who are in need of an active profile but do 

not have one yet. The classification was based on daily summaries of 10 variables and the 

ground truth was based on the assigned profiles of each day. The results must be 

interpreted carefully. Nurses often interfere in the behaviour of patients with an active profile 

(e.g. they are returned to bed by the nurse) and less with the behaviour of patients without 

an active profile. The same nurse interference is not presence with the patient that the model 

is trying to classify (i.e. one with no profile but require one). Therefore, the ground truth that 

was used in the research might not be optimal. The optimal ground truth can be found in 

the period preceding the day a patient got an active profile. However, the dataset showed 

only very few examples of this event which makes it highly unbalanced. Furthermore, the 

period the patient was in need of a profile but did not had one yet should be taken into 

consideration. 

The second validation limitation concerns the BCD system. For the historical dataset used 

in this research, it is uncertain if a behavioural change actually occurred or not. Testing with 

Test 1 and Test 2 was used to provide some insights into the sensitivity and accuracy of the 

system. However, it is not known if the behaviour of the second patient is similar to the 

behaviour of the initial patient. Nor is it known if the patient in Test 1 did not change its 

behaviour. Furthermore, testing if another patient inhabited the room or if a person changes 

its own behaviour are two very different events and it might be incorrect to combine the 

results. Thus, however promising the results are in detecting different behaviour it is not 

possible to assert the full potential of the system’s ability of detecting behavioural change. 

There are two possibilities to improve the validation of the BCD system. First, the system 

could be deployed in a controlled environment. In this case, the controlled people could 

purposely change their behaviour to examine the true detection rates of the system. The 

second possibility is to run a pilot with close collaboration with the residential healthcare 

facility. When a new behaviour pattern is detected, the patient could be interviewed and 

closely observed in order to confirm if the new behaviour pattern actually emerged.  
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Appendix I: Sensors Used in the Reviewed Literature 

Physiological Sensors 

Sensor Count Literature 

Heart rate 

 
11 

 
Al-Shaqi (2016); Baig (2014); Cherbumroong, Cang, & Yu (2014); 
ElHelw, et al. (2009); Florea (2009); Karthikeyan & Murugan 
(2016); Kemis, et al. (2012); Lawrence, Navarro, Hoang, & Lim 
(2009); Sakr, Elhaij, & Huijer (2010); Seepold, et al. (2016); Shin, 
Lee, Shin, & Shin (2013) 
 

Body 
temperature 

 
9 

 
Baig (2014); Chan, Celler, & Lovell (2006); Chatterjee, et al. 
(2013); Cherbumroong, Cang, & Yu (2014); ElHelw, et al. (2009); 
Karthikeyan & Murugan (2016); Palumbo (2016); Sakr, Elhaij, & 
Huijer (2010); Shin, Lee, Shin, & Shin (2013) 
 

ECG 

 
7 

 
Chan, Celler, & Lovell (2006); Chuah, Fu, & Yang (2008); Hu, 
Jiang, Celentano, & Xiao (2008); Hu, Xiao, & Hao (2009); 
Karthikeyan & Murugan (2016); Seepold, et al. (2016); Shin, Lee, 
Shin, & Shin (2013) 
 

Oxygen 
saturation 

 
6 

 
Baig (2014); ElHelw, et al. (2009); Karthikeyan, & Murugan 
(2016);Lawrence, Navarro, Hoang, & Lim (2009); Palumbo (2016); 
Shin, Lee, Shin, & Shin (2013) 
 

Blood pressure 

 
5 

 
Baig (2014); Beunk (2015); Chan, Celler, & Lovell (2006); Florea 
(2009); Palumbo (2016) 
 

Blood glucose 
level 

 
3 Baig (2014); Chatterjee, et al. (2013); Palumbo  (2016) 

Weighing scale 

 
3 Beunk (2015); Chatterjee, et al. (2013); Palumbo  (2016) 

Fluid intake 

 
2 Beunk (2015); Palumbo  (2016) 

EEG 

 
1 Hu, Xiao, & Hao (2009) 

Galvanic skin 
response (GSR) 

 
1 Sakr, Elhaij, & Huijer (2010) 

Lung function 
(spirometer) 

 
1 Baig (2014) 
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Wearable Sensors 

Sensor Count Literature 

 
Accelerometer 

 
21 

 
Abbate, et al. (2012); Augustyniak, Smolen, Mikrut, & Kantoch 
(2014); Baig (2014); Bersch (2014); Bersch, Azzi, & Khusainov 
(2014); Bieber & Peter (2008); Biswas, Jayachandran, Shue, 
Gopalakrishnan, & Yap (2009); Chan, Celler, & Lovell (2006); 
Chatterjee, et al. (2013); Cherbumroong, Cang, & Yu (2014); 
Gjoreski, Lustrek, & Gams (2012); Gupta (2014); Jiang (2015); 
Jin, Jeong, Park, Oh, & Choi (2012); Majumder (2016); Majumber, 
Rahman, Zerin, Ebel jr, & Ahamed (2013); Marcén, Carro, & 
Monasterio (2016); Sahaf (2011); Soto-Mendoza, Garcia-Macias, 
& Chavez (2015); Tucker, et al. (2015); Yuan, Lee, & Koh (2015) 
 

 
Smart Items 

 
8 

 
Abbate, et al. (2012); Beunk (2015); Jin, Jeong, Park, Oh, & Choi 
(2012); Majumder (2016); Majumber, Rahman, Zerin, Ebel jr, & 
Ahamed (2013); Ng, Wang, Lam, & Han (2014); Viswanathan, 
Whangbo, Lee, & Yang (2007) 
 

 
Gyroscope 

 
3 

 
Gjoreski, Lustrek, & Gams (2012); Majumder (2016); Majumber, 
Rahman, Zerin, Ebel jr, & Ahamed (2013)  
 

 
Alarm button 
 

 
2 

 
Beunk (2015); Chan, Celler, & Lovell (2006) 

 
UWB-Location 
tag 
 

 
2 

 
Gjoreski, Lustrek, & Gams (2012); Grunerbl, Bahle, Lukowicz, & 
Hanser (2011) 

Human Sensors 

Sensor Count Literature 

 
Questionaires 
 

 
2 

 
Al-Shaqi (2016); Soulas, Lenca, & Thepaut (2013) 
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Contextual Sensors (1) 

Sensor Count Literature 

 
Motion/presence 
detector 

 
31 

 
Beunk (2015); Biswas, et al. (2015); Biswas, et al. (2011); Botia, 
Villa, & Palma (2012); Chan, Celler, & Lovell (2006); Chatterjee, et 
al. (2013); Cook (2006); Dalal, Alwan, Seifrafi, Kell, & Brown 
(2005); Das & Cook (2004); Fatima, Fahim, Lee, & Lee (2013); 
Florea (2009); Jain (2006); Jakkula (2007); Jakkula & Cook 
(2008); Jiang (2015); Jin, Jeong, Park, Oh, & Choi (2012); Kealy, 
McDaid, Loane, Walsh, & Doyle (2013);  O’Brien, McDaid, Loane, 
Doyle, & O’Mullane (2012); Palumbo (2016); Popescu & Florea 
(2008); Shah (2016); Singla, Cook, & Schmitter-Edgecombe 
(2008); Skubic, Alexander, Popescu, Rantz, & Keller (2009); 
Skubic, Guevara, & Rantz (2015); Soto-Mendoza, Garcia-Macias, 
& Chavez (2015); Soulas (2016); Suryadevara (2014); 
Suryadevara & Mukhopadhyay (2014); Urwyler, et al. (2015); Velik 
(2014); Zapata, Fernández-Luque, & Ruiz (2010) 
 

 
Open/Close 
sensor (door, 
cabinet, 
window, etc.) 

 
17 

 
Beunk (2015); Biswas, et al. (2011); Botia, Villa, & Palma (2012); 
Chatterjee, et al. (2013); Cook (2006); Dalal, Alwan, Seifrafi, Kell, 
& Brown (2005); Fatima, Fahim, Lee, & Lee (2013); Jain (2006); 
Jakkula (2007); Jakkula & Cook (2008); Lee & Dey (2015); 
Palumbo (2016); Shah (2016); Singla, Cook, & Schmitter-
Edgecombe (2008); Soulas (2016); Velik (2014); Zapata, 
Fernández-Luque, & Ruiz (2010) 
 

 
Camera 

 
14 

 
Al-Shaqi (2016); Augustyniak, Smolen, Mikrut, & Kantoch (2014); 
Chen (2010); Das & Cook (2004); ElHelw, et al. (2009); Jin, 
Jeong, Park, Oh, & Choi (2012); Klonovs, et al. (2016); Li (2014); 
Shah (2016); Skubic, Alexander, Popescu, Rantz, & Keller (2009); 
Velik (2014); Zhou, Jiao, Chen, & Zang (2011); Zhou, et al. (2008); 
Zhou, et al. (2009) 
 

 
Bed occupancy 
sensor 

 
13 

 
Beunk (2015); Biswas, et al. (2015); Biswas, et al. (2011); Botia, 
Villa, & Palma (2012); Chan, Celler, & Lovell (2006); Dalal, Alwan, 
Seifrafi, Kell, & Brown (2005); Palumbo (2016); Popescu & Florea 
(2008); Pouyan, et al. (2013); Skubic, Alexander, Popescu, Rantz, 
& Keller (2009); Skubic, Guevara, & Rantz (2015); Suryadevara 
(2014); Zapata, Fernández-Luque, & Ruiz (2010) 
 

 
Temperature 
sensor 

 
12 

 
Al-Shaqi (2016); Cook (2006); Dalal, Alwan, Seifrafi, Kell, & Brown 
(2005); Fatima, Fahim, Lee, & Lee (2013); Guettari, et al. (2016); 
Jakkula (2007); Jakkula & Cook (2008); Lawrence, Navarro, 
Hoang, & Lim (2009); Singla, Cook, & Schmitter-Edgecombe 
(2008); Soulas (2016); Suryadevara (2014); Urwyler, et al. (2015) 
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Contextual Sensors (2) 

Sensor Count Literature 

 
Chair/sofa 
occupancy 
sensor 
 

 
8 

 
Beunk (2015); Biswas, et al. (2011); Botia, Villa, & Palma (2012); 
Chan, Celler, & Lovell (2006); Chatterjee, et al. (2013); Jiang 
(2015); Suryadevara (2014); Zapata, Fernández-Luque, & Ruiz 
(2010) 
 

 
electrical sensor 

 
8 

 
Jain (2006); Jiang (2015); Lee & Dey (2015); Palumbo (2016); 
Shah (2016); Singla, Cook, & Schmitter-Edgecombe (2008); 
Suryadevara (2014); Suryadevara & Mukhopadhyay (2014) 
 

 
Humidity sensor 

 
7 

 
Al-Shaqi (2016); Cook (2006); Jakkula (2007); Jakkula & Cook 
(2008); Palumbo (2016); Singla, Cook, & Schmitter-Edgecombe 
(2008); Urwyler, et al. (2015) 
 

 
Light sensor 

 
7 

 
Cherbumroong, Cang, & Yu (2014); Cook (2006); Fatima, Fahim, 
Lee, & Lee (2013); Jakkula (2007); Jakkula & Cook (2008); 
Lawrence, Navarro, Hoang, & Lim (2009); Velik (2014) 
 

 
RFID tag 

 
7 

 
Al-Shaqi (2016); Biswas, et al. (2011); Chan, Celler, & Lovell 
(2006); Shah (2016); Sravani & Kumar (2015); Zhou, Jiao, Chen, & 
Zang (2011) 
 

 
Smoke fire 
detector 
 

 
5 

 
Beunk (2015); Cook (2006); Jakkula (2007); Jakkula & Cook 
(2008); Palumbo (2016) 

 
Gas detector 
 

 
4 

 
Cook (2006); Jakkula (2007); Jakkula & Cook (2008); Palumbo 
(2016) 
 

 
Microphone 
(acoustic 
sensors) 
 

 
4 

 
Biswas, et al. (2011); Istrate, Boudy, Medjahed, & Baldinger (2009); 
Jin, Jeong, Park, Oh, & Choi (2012); Velik (2014) 

 
Floor sensors / 
Pressure mat 
 

 
3 

 
Pouyan, et al. (2013); Suryadevara & Mukhopadhyay (2014); 
Tosine (2010) 

 
Toilet sensor 
 

 
2 

 
Beunk (2015); Jiang (2015) 

 
Air pressure  
 

 
1 

 
Chernbumroong, Cang, Yu (2014) 

 
water sensor 
 

 
1 

 
Jiang (2015) 
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Appendix II: The AM-PCM Algorithm 

AM-PCM Algorithm 

Give p ∈ [3,4],  ρ, and ε; 

Set t = 0, A(0) = X, c = N, P = { P1, P2, … , PN }, where Pi = { xi };  

compute γ = max{1≤j,l≤n d2(xj, xl)} and ∆ = sort{Ω} = {D(1), D(2), … , D(n∙(n-1)/2)} 

Step 0: Choose an initial D(0) 

𝐷(0) =
𝐷((𝑛∙(𝑛−1) 2⁄ )√𝑛

2
 

Step 1: Compute k with D(t) 

𝑘 =
log(1 − (1 𝑝⁄ )) 

log (1 − (𝐷(𝑡) (𝑝2𝛾)⁄ ))
 

Step 2: Compute U with k 

𝜇𝑖𝑗 = (
𝛾 − 𝑑𝑖𝑗

2

𝛾
)

𝑘

 

Step 3: Update A(t+1) 

𝑎𝑖 =
∑ 𝜇𝑖𝑗𝑥𝑗

𝑛
𝑗=1

∑ 𝜇𝑖𝑗
𝑛
𝑗=1

 

Step 4: IF || A(t+1) - A(t) || < ε (convenient matrix norm), 

THEN stop. 

Step 5: CALL Merging algorithm to obtain P = Pnew, 

A(t+1) = A(new), and U = U(new). 

Step 6: Compute q with U 

𝑞 =
1

𝑛 − 1
[𝑛 ∙ ∑ (∑ 𝜇𝑖𝑗

𝑛

𝑗=1

∑ ∑ 𝜇𝑙𝑗

𝑛

𝑗=1

𝑐

𝑙=1

⁄ )

2
𝑐

𝑖=1

− 1] 

Step 7: Compute D(t+1) with q 

𝐷 =
𝐷((𝑛∙(𝑛−1) 2⁄ )∙𝑞)

𝑝2
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IF D(t+1) < D(t), THEN D(t+1) = D(t), and set t = t + 1 and RETURN to Step 1; 

ELSE set t = t + 1 and RETURN to Step 1. 

Merging algorithm 

Set m = 1, G = {1,2, … , c}. 

Step 1: Compute r2 with U 

Let the partition matrix be 𝑈 = [𝜇𝑖𝑗]
𝑐×𝑛

= [𝑢1, 𝑢2 , … , 𝑢𝑐]𝑇and the correlation 

coefficient matrix be 𝑟2 = [𝑟𝑖𝑙
2]

𝑐×𝑐
, where 𝑟𝑖𝑙

2 =
𝑢𝑖

𝑇𝑢𝑙

‖𝑢𝑖‖‖𝑢𝑙‖
 

Step 2: Compute R with r2 

Let 𝑅 = {𝑅1, 𝑅2 , … , 𝑅𝑐}, where 𝑅𝑖 = ∑ 𝑟𝑖𝑙
2𝑐

𝑙=1  

Step 3: Compute Em with R 

𝐸𝑚 = {𝑙 ∶ 𝑔 =  Arg max (𝑅𝑖), 𝑟𝑔𝑙
2 > 𝜌, 𝑙 ∈ 𝐺} 

where 𝐺 = {1,2, … , 𝑐}\(𝐸1 ∪ 𝐸2 ∪ … ∪ 𝐸𝑚−1), and 𝑚 = 1,2, … , 𝑐𝑛𝑒𝑤 . 

Step 4: Set G = G \ Em 

 IF |G|>0, set m = m + 1, and RETURN to Step 3; 

 ELSE set cnew = m. 

Step 5: Compute Pnew, Unew, Anew  

𝑃𝑚
𝑛𝑒𝑤 =  ⋃ 𝑃𝑙

𝑙∈𝐸𝑚

 

𝜇𝑚𝑗
𝑛𝑒𝑤 =

∑ 𝜇𝑙𝑗𝑙∈𝐸𝑚

|𝐸𝑚|
, 1 ≤ 𝑚 ≤ 𝑐𝑛𝑒𝑤  

𝑎𝑚
𝑛𝑒𝑤 =

∑ 𝑎𝑙𝑙∈𝐸𝑚

|𝐸𝑚|
, 1 ≤ 𝑚 ≤ 𝑐𝑛𝑒𝑤  
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Appendix III: Classification Methods vs. Monitoring Applications 

Method Activities of Daily 
Living (ADL) 

Fall & Movement 
Detection 

Location Tracking Medication Intake 
Monitoring 

Medical Status 
Monitoring 

 
Support Vector 
Machine (SVM) 
 

 
Chen (2010); Fatima, 
Fahim, Lee, & Lee 
(2013); Florea (2009); 
Skubic, Guevara, & 
Rantz (2015) 
 

 
Bersch, Azzi, & 
Khusainov (2014); 
Gupta (2014); Li 
(2014); Marcén, Carro, 
& Monasterio (2016); 
Sakr, Elhaij, & Huijer 
(2010)  
 

 
 
Tucker, et al. (2015) 

 
Florea (2009); 
Popescu & Florea 
(2008) 

 
Decision Trees 
 

 
Dalal, Alwan, Seifrafi, 
Kell, & Brown (2005); 
Skubic, Guevara, & 
Rantz (2015); Urwyler, 
et al. (2015); Zhou, et 
al. (2008) 
  

 
Bersch, Azzi, & 
Khusainov (2014) 

 
Grunerbl, Bahle, 
Lukowicz, & Hanser 
(2011) 

 
Tucker, et al. (2015) 

 
Karthikeyan & 
Murugan (2016) 

 
Artificial Neural 
Networks (ANN) 
 

 
Al-Shaqi (2016); 
Florea (2009); Skubic, 
Guevara, & Rantz 
(2015); Velik (2014) 
 
 

 
Abbate, et al. (2012); 
Guettari, et al. (2016) 

  
 
Florea (2009); 
Popescu & Florea 
(2008) 

 
Bayesian Classifiers 
 

 
Biswas, et al. (2015); 
Urwyler, et al. (2015) 

 
Bersch, Azzi, & 
Khusainov (2014); 
Gupta (2014); Yang 
(2010)  
 

 
Grunerbl, Bahle, 
Lukowicz, & Hanser 
(2011) 

 
Tucker, et al. (2015) 
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Classification Methods vs. Monitoring Applications continued (2) 

Method Activities of Daily 
Living (ADL) 

Fall & Movement 
Detection 

Location Tracking Medication Intake 
Monitoring 

Medical Status 
Monitoring 

 
k-Nearest Neighbour 
(kNN) 
 

 
Skubic, Guevara, & 
Rantz (2015) 

 
Bersch, Azzi, & 
Khusainov (2014) 
Gupta (2014) 
 

 
Grunerbl, Bahle, 
Lukowicz, & Hanser 
(2011) 

 
Tucker, et al. (2015) 

 

 
Regression 
 

 
Florea (2009); 
Suryadevara (2014) 

   
 
Chuah, Fu, & Yang 
(2008); Florea (2009); 
Popescu & Florea 
(2008); Skubic, 
Alexander, Popescu, 
Rantz, & Keller (2009) 
  

 
Rule-Based Classifier 
 

 
Dalal, Alwan, Seifrafi, 
Kell, & Brown (2005); 
Urwyler, et al. (2015) 
 

 
Bersch (2014); Bersch, 
Azzi, & Khusainov 
(2014) 

 
Grunerbl, Bahle, 
Lukowicz, & Hanser 
(2011) 

  

 
Episode Discovery  
 

 
Cook (2006); Das & 
Cook (2004) 
 

    

 
Circadian Activity 
Rythm Classifier 
(CARC) 
 

 
Urwyler, et al. (2015) 
 

    

 
Conditional Random 
Field (CRF) 
 

 
Fatima, Fahim, Lee, & 
Lee (2013) 
 

    

 
Fuzzy Logic for vital 
sign translation 
 

    
 
Baig (2014) 
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Appendix IV: Sensors Used by Monitoring Applications 

Physiological Sensors 

Sensor Activities 
of Daily 
Living  

Fall & 
Movement 
Detection 

Location 
Tracking 

Medication 
Intake 
Monitoring 

Medical 
Status 
Monitoring 

Total 

 
Heart rate 
 

3 
 

1 
 

0 
 

0 
 

7 
 

11 
 

 
Body temperature 
 

2 
 

1 
 

0 
 

0 
 

6 
 

9 
 

 
ECG 
 

0 
 

0 
 

0 
 

0 
 

7 
 

7 
 

 
Oxygen saturation 
 

1 
 

0 
 

0 
 

0 
 

5 
 

6 
 

 
Blood pressure 
 

2 
 

0 
 

0 
 

0 
 

3 
 

5 
 

 
Blood glucose level 
 

1 
 

0 
 

0 
 

0 
 

2 
 

3 
 

 
Weighing scale 
 

1 
 

0 
 

0 
 

0 
 

2 
 

3 
 

 
Fluid intake 
 

1 
 

0 
 

0 
 

0 
 

1 
 

2 
 

 
EEG 
 

0 
 

0 
 

0 
 

0 
 

1 
 

1 
 

 
Lung function (spirometer) 
 

0 
 

0 
 

0 
 

0 
 

1 
 

1 
 

 
Galvanic skin response (GSR) 
 

0 
 

1 
 

0 
 

0 
 

0 
 

1 
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Wearable Sensors 

Sensor Activities 
of Daily 
Living  

Fall & 
Movement 
Detection 

Location 
Tracking 

Medication 
Intake 
Monitoring 

Medical 
Status 
Monitoring 

Total 

 
Accelerometer 
 

9 8 0 1 3 
 

21 
 

 
Smart Items 
 

 
0 
 

 
5 
 

 
0 
 

 
0 
 

 
3 
 

 
8 
 

 
Gyroscope 
 

0 3 0 0 0 3 

 
Alarm button 
 

0 0 0 0 2 2 

 
UWB-Location tag 
 

0 1 1 0 
 

0 
 

2 

 

Human Sensors 

Sensor Activities 
of Daily 
Living  

Fall & 
Movement 
Detection 

Location 
Tracking 

Medication 
Intake 
Monitoring 

Medical 
Status 
Monitoring 

Total 

 
Questionnaires 
 

2 
 

0 
 

0 
 

0 
 

0 
 

2 
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Contextual Sensors 

Sensor Activities 
of Daily 
Living  

Fall & 
Movement 
Detection 

Location 
Tracking 

Medication 
Intake 
Monitoring 

Medical 
Status 
Monitoring 

Total 

 

Motion / Presence 
detector 
 

23 2 1 0 5 31 

 

Open / Close sensor 
(door, cabinet, window, etc) 
 

15 0 0 0 2 17 

 

Camera 
 

10 2 0 0 2 14 

 

Bed occupancy sensor 
 

8 1 0 0 4 13 

 

Temperature sensor 
 

10 1 0 0 1 12 

 

Chair/sofa sensor 
 

5 0 0 0 3 8 

 

Electrical sensor 
 

8 0 0 0 0 8 

 

Humidity sensor 
 

7 0 0 0 0 7 

 

Light sensor 
 

6 0 0 0 1 7 

 

RFID tag 
 

5 0 0 0 2 7 

 

Smoke fire detector 
 

4 0 0 0 1 5 

 

Gas detector 
 

4 0 0 0 0 4 

 

Microphone (acoustic 
sensors) 
 

2 2 0 0 0 4 

 

Floor sensors / Pressure 
mat 
 

1 1 1 0 0 3 

 

Toilet sensor 
 

1 0 0 0 1 2 

 

Air pressure (barometer) 
 

1 0 0 0 0 1 

 

Water Sensor 
 

1 0 0 0 0 1 
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Appendix V: Overview of the Patients’ Profile Assignments and Characteristics 

Patient 

Out of Room Out of Bed Number 
Of 

Observations 

Variable Means 

Start End Start End 
1 2 

(minutes) 

3 

(hours) 

4 5 

(minutes) 

6 

(minutes) 

7 

(hours) 

8 9 10 

1 - - 7-2-2017 2-6-2017 105 3,87 28,87 10,12 4,45 12,02 57,08 11,05 06:46:02 20:54:17 122,16 

2 4-5-2017 20-5-2017 - - 103 4,42 33,30 10,40 5,31 20,39 98,20 12,39 05:39:24 19:43:12 89,32 

3 - - - - 111 2,52 10,10 10,62 1,72 9,41 16,43 12,40 07:36:40 21:03:23 35,89 

4 - - 7-2-2017 18-4-2017 104 2,01 28,33 12,53 1,75 28,48 47,72 11,08 06:16:48 18:27:27 34,64 

5 - - - - 101 1,54 63,04 9,49 1,59 45,34 65,78 13,83 05:49:09 20:30:28 32,76 

6 7-2-2017 13-5-2017 15-3-2017 2-6-2017 105 1,42 33,63 10,59 1,62 23,86 38,19 11,94 06:35:25 20:05:51 57,45 

7 - - 10-2-2017 14-2-2017 108 2,05 42,86 11,68 0,79 37,28 40,52 11,36 06:31:42 19:19:39 35,17 

8 - - 7-2-2017 2-6-2017 109 2,74 40,47 9,34 2,90 32,82 82,27 13,96 05:54:59 20:46:51 45,62 

9 - - - - 0 - - - - - - - - - - 

10 - - - - 92 5,16 14,25 14,46 5,26 10,33 52,33 8,22 08:26:06 20:38:44 129,16 

11 - - 7-2-2017 2-6-2017 92 7,59 6,22 10,77 7,33 3,56 26,30 12,09 06:59:04 20:33:49 77,07 

12 - - - - 92 4,68 50,89 6,35 5,60 33,69 175,23 16,32 05:42:44 23:06:17 91,36 

13 - - - - 92 3,42 40,96 9,59 3,89 27,28 96,93 13,38 05:25:47 20:26:30 61,54 

14 - - - - 91 1,78 19,12 11,22 1,53 14,26 23,11 11,81 07:04:37 20:22:15 39,96 

15 - - 7-2-2017 2-6-2017 92 2,46 25,62 9,90 1,08 23,81 27,95 11,80 06:17:35 20:30:58 54,23 

16 - - - - 91 3,32 58,69 8,43 3,35 9,53 24,06 7,34 07:38:44 23:25:07 67,25 

17 - - - - 90 6,20 38,45 9,61 1,38 23,96 64,31 12,07 05:35:36 20:04:20 63,17 

18 - - - - 109 1,02 29,77 12,65 0,74 26,80 28,42 10,20 06:42:36 18:28:58 33,39 

19 - - - - 111 5,63 17,39 8,70 5,94 4,83 29,00 9,17 06:14:05 21:56:50 84,61 

20 - - - - 110 0,99 78,86 11,70 1,04 52,93 55,22 11,00 05:53:00 18:19:35 35,07 

21 - - 7-2-2017 2-6-2017 112 4,01 5,12 12,32 3,64 3,47 13,23 9,23 07:52:20 20:12:50 61,08 

22 - - 7-2-2017 2-4-2017 94 0,77 14,20 13,41 0,64 7,39 9,68 9,77 07:07:54 18:39:26 35,60 

23 - - - - 112 3,96 42,99 9,12 1,80 74,70 114,46 13,98 04:59:49 20:02:19 52,73 

24 - - - - 109 2,66 17,34 16,63 2,46 14,59 37,92 6,60 07:18:21 18:14:51 56,90 
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Overview of the Patients’ Profile Assignments and Characteristics continued (2) 

Patient 

Out of Room Out of Bed Number 
Of 

Observations 

Variable Means 

Start End Start End 
1 2 

(minutes) 
3 

(hours) 
4 5 

(minutes) 
6 

(minutes) 
7 

(hours) 
8 9 10 

25 - - 7-2-2017 2-6-2017 104 3,67 48,45 8,40 4,34 10,44 46,57 9,62 04:29:13 20:41:48 85,12 

26 - - - - 108 0,64 24,11 11,37 0,68 18,05 19,57 10,22 06:46:33 19:29:42 33,94 

27 - - - - 111 3,20 17,39 11,01 3,35 8,41 28,61 9,53 06:27:45 19:23:08 56,51 

28 - - 7-2-2017 2-3-2017 100 4,61 24,28 13,34 3,22 6,06 18,03 6,47 06:41:48 21:21:37 112,91 

29 - - - - 43 0,47 11,26 13,53 0,37 4,10 5,16 8,67 07:09:47 18:48:27 37,70 

30 - - - - 111 3,45 15,74 11,63 3,39 6,98 23,75 10,13 06:41:33 21:10:48 71,45 

31 - - - - 107 2,92 7,55 11,99 2,23 4,34 10,57 10,16 07:09:19 19:33:22 72,55 

32 - - - - 111 0,87 47,36 12,02 1,06 39,03 43,71 10,90 06:18:52 19:18:05 36,02 

33 - - 7-2-2017 2-6-2017 106 7,26 15,28 10,27 4,39 15,65 53,80 10,90 06:09:15 20:52:41 110,40 

34 - - 7-2-2017 2-6-2017 105 0,83 40,01 12,38 0,91 23,60 27,99 10,33 06:24:58 18:16:23 29,60 

35 - - - - 106 3,02 17,29 12,13 3,24 11,95 38,94 11,34 06:19:19 19:01:36 34,39 

36 - - - - 96 3,18 14,30 10,42 3,20 7,69 24,34 7,98 06:50:54 20:31:48 86,51 

37 7-2-2017 6-3-2017 7-3-2017 2-6-2017 105 0,52 25,96 13,54 0,55 20,52 22,61 9,77 06:58:02 18:07:37 23,55 

38 - - - - 106 0,04 1,45 15,47 0,03 0,57 0,69 7,93 08:15:43 18:04:56 50,75 

39 - - - - 99 4,17 39,17 9,09 6,00 11,13 64,50 9,20 05:08:02 20:36:39 108,54 

40 7-2-2017 2-6-2017 - - 92 1,00 49,42 11,23 0,97 45,06 51,04 12,04 06:12:50 19:02:08 28,87 

41 - - 7-2-2017 2-6-2017 101 2,16 16,21 10,94 1,33 14,87 26,87 12,32 07:06:01 21:17:19 44,57 

42 - - - - 102 3,44 14,24 11,08 3,57 10,68 38,12 10,82 06:42:01 19:48:24 70,39 

43 - - - - 89 1,55 25,69 11,83 1,56 17,57 29,61 9,76 06:39:22 18:57:01 64,38 

44 - - 7-2-2017 2-6-2017 101 3,59 20,73 9,56 3,53 16,42 56,03 12,28 06:05:02 20:27:29 100,02 

45 - - - - 0 - - - - - - - - - - 

46 - - 31-5-2017 2-6-2017 102 0,72 40,44 11,80 0,79 33,03 35,58 10,63 06:31:28 18:50:47 36,99 

47 - - 7-2-2017 2-6-2017 94 2,06 64,39 9,39 1,89 52,64 88,83 13,46 05:34:02 20:14:35 48,80 

48 - - 7-2-2017 9-4-2017 102 0,54 16,61 13,89 0,49 10,66 11,86 8,97 07:00:03 18:04:24 30,17 
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Appendix VI: Graphical examples of the PCM  
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Appendix VII: Graphical examples of the AM-PCM  

 
 

 



B. B. Kostermans –July 2017 – Eindhoven University of Technology 
 

86 

 

Appendix VIII: Graphical examples of the Update 
Mechanism 

 

See Next Page  
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Graphical examples of the Update Mechanism continued (2) 

 

 

 
See Next Page 
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Graphical examples of the Update Mechanism continued (3) 
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Appendix IX: The Final BCD Algorithm 

The algorithm used for the BCD system that was developed for this research is as follows: 

Decide on an input vector 

Cluster Normal Behaviour : 

Compute the PCM partition with c = [√𝑁 ], m = 1.5, ε = 0.001, initialized with FCM 

Add all data points with max(μij) < Tn to the abnormal list with Tn=0.1 

Cluster the rest of the data with the AM-PCM with p =3, ρ = 0.9 and ε = 0.001. 

Add clusters smaller than 5 instances to the abnormal list and repeat AM-PCM until no small 
clusters exist. 

Check if some outliers fall into the maximum Mahalanobis Distance of any of the clusters, if so add 
the outlier to the cluster and repeat this step 

Update Mechanism : 
FOR each new day 

Calculate the Mahalanobis Distance to all the clusters 

 IF MD < MAX MD of one cluster 

  Add the new day to that cluster 

Check if other days now fall into this cluster, if so add these days and repeat this 
step 

 ELSEIF MD < MAX MD of multiple clusters 

  Add the new day to the cluster with the lowest MAX MD 

Check if other days now fall into this cluster, if so add these days and repeat this 
step 

 ELSE 

  Add the new day to the list of abnormal days 

Compute the membership degrees of the abnormal days that occurred within the 
last 14 days 

IF at least 5 abnormal days have μ > To with To = 0.3 

 Spawn a new cluster 

END 

 END 

END 
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Appendix X: Parameter Selection of the Decision Tree 
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Appendix XI: The Final Decision Tree 
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Appendix XII: The Confusion Matrices of the three 
Classification Methods 

 

 

Please note that the output class is the output of the classification model and the target 

class is the ground truth. Furthermore, class 2 corresponds with the patients that have an 

active profile and class 1 corresponds to the patients who do not have an active profile.
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Appendix XIII: Mean Test Scores per Variable for Each Dimension 

 

See Next Page 



B. B. Kostermans –July 2017 – Eindhoven University of Technology 
 

94 

 

 

Mean Test Scores per Variable for Each Dimension (Zoomed In)  

 

 



B. B. Kostermans –July 2017 – Eindhoven University of Technology 
 

95 

 

Appendix XIV: Mean Test Scores of the BDC System per Dimension 
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Appendix XV: Mean Scores for All Input Vectors 

 

 

 


