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Abstract 

Data from wearable proximity sensors can be used to measure and describe social 

contact patterns between individuals in a household. Previous work describing 

contact patterns, has been qualitative and relies on visual, subjective observations. 

Data of this kind has been collected for a short period of measurement ranging from 

2-5 days. An automated, quantitative analysis of contact patterns could enable an 

accurate and new representation of social contact patterns.  

Data was collected from ten households, for 21 days in a pilot study implemented 

in South Africa. 20 datasets were analysed, representing contact events of 20 

individuals. Principal Component Analysis was implemented to determine the 

similarity of contact events across the days of the experiment and to estimate the 

minimum number of days required to be sampled, to validly represent an 

individualôs contact activity.  

The results show that there is a great variation in contact activity across the days of 

the experiment, as represented by the number of clusters of similar days. The 

minimum number of days required was determined by the number of days that had 

a significant contribution to the first three principal components and this varied 

across individuals from 5 ï 11 days. Further analysis on a larger cohort has a 

potential to provide better social contact parameters for complex social behavioural 

models and may assist in understanding transmission dynamics of respiratory 

pathogens, needed in public health research. 
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ï Introduction 

This chapter introduces the research by discussing the background to the problem 

investigated in section 1.1. This is followed by section 1.2 the formulation of the 

research problem which includes the research question and its significance. Section 

1.3 outlines the research aims and impact. Lastly, section 1.4 outlines the structure 

of the dissertation. 

  Background to Problem 

The collection and analysis of digital information of daily activities from mobile 

devices and social media networks, are changing the understanding of human social 

interactions and behaviour [1], [2]. In particular, the development of computational 

models for analysing social contact data, enable necessary predictions of human 

social behaviour, development of algorithms for advance smart phones and in the 

medical case, the understanding of epidemiological spread of diseases, through 

social contact networks [1]ï[3]. Contact patterns have been studied in a number of 

settings that measure age-mixing patterns, distribution of contacts per age group 

and duration of contacts between individuals. However, the representation and 

analysis of this type of data, has been largely qualitative and relied on visual and 

subjective observations. The aim of this research is to apply quantitative methods 

to represent and identify patterns in contact events between individuals. 

Close range physical proximity between individuals has been an area of interest for 

a number of years [4]ï[7]. This type of contact has been important in parameterising 

models used in agent-based modelling, developing predictive social behaviour 

models and understanding the contact dynamics between individuals in a given 

social setting [1]ï[4]. Defining contact patterns between individuals includes 

identifying the individuals in contact, the frequency and duration of these contacts, 

and where these contacts occur [1], [4]ï[7] . There have been a few methods that 

have been applied to define and quantify these contacts. These include: contact 

diaries and friendship surveys, Bluetooth devices and smart phones, and wearable 
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proximity sensors [1], [2], [4]ï[8]. All of these methods have merit and some 

important limitations that are outlined below. 

Summarising the work from [5], [6], [9]ï[16], contact diaries have been the main 

methodology for quantifying and describing contact patterns between individuals 

in a given social setting like a household, a school or work place.  Participants are 

given a questionnaire to identify the individuals they were in contact with, how long 

those contacts lasted for and how often. Additional information like age and gender 

is also asked to categorise these types of contacts [5]. This method is subjected to 

recall bias, under reporting and lack of participation [5], [6]. Other studies like the 

ñReality Mining Projectò in MIT, have implemented Bluetooth devices and smart 

phones to infer proximity and contact patterns between participants, where 

Bluetooth logs, call logs and Wi-Fi connections have been used to measure the 

proximity of participants [4], [8], [17]. These methods have two limitations: the 

battery life of the devices and the spatial resolution of the Bluetooth logs do not 

adequately capture close range face-to-face proximity [4], [8], [17]. New 

technologies have been developed by SocioPatterns [18] that use (radio-frequency 

identification) RFID technology to measure mutual proximity between tags in 

contact with one another [1]. This type of technology and the data obtained from it 

is the focus of this research.  

Wearable proximity sensors have been adopted in a number of studies, where 

participants have been asked to wear a small tag that emits low-power radio 

frequencies [19]ï[24]. All the research papers published on the use of wearable 

proximity sensors, have calibrated the sensors such that proximity events of <1.5 m 

are logged [1], [4], [6], [7], [19]ï[24]. The devices interact directly with other 

devices facing each other, in this way it captures close range physical proximity 

between individuals [1]. There are important limitations in the work that has been 

done thus far in the analysis of the proximity sensor data. The first limitation is that 

no automated analysis tools have been developed for identifying contact patterns 

from the proximity sensor data. The current analysis is based on manual, visually 

subjective observations and qualitative descriptions of contact patterns. 
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The typical analysis that is carried out on proximity sensor data, is the construction 

of contact matrices and contact networks[1], [4], [6], [7], [19]ï[24]. A contact 

matrix is a two dimensional representation of individualsô contacts in a given setting 

i.e. the rows and columns on a contact matrix represent the individuals in contact 

and the entries of the matrix are the total number of contacts logged between 

individuals [1], [4], [6], [7], [19]ï[24] These provide the distribution of contacts, 

the rates and mixing patterns across different age groups [19]ï[24]. Contact 

networks show visually the contact relations within a household [25], [26]. The 

nodes represent individuals in contact and the links represent the total number of 

contacts between the individuals [25], [26]. There are several limitations to the 

current analysis. Firstly, the analysis is qualitative and carries out a summation of 

all contact events for the duration of the experiment between the individuals. This 

removes the temporal dynamics that could be observed in the data. The cleaning of 

the proximity sensor data relies on visual subjective inspection of the contact events 

i.e. each tag is analysed individually to determine if a contact event is true or not. 

This becomes a challenge when the number of tags scales up and may not accurately 

represent the true contact events. A contact network provides visual and some 

quantitative representation of the contacts, however, the contact events represented 

as weights or edges in a network, are a cumulative summation of contact events 

over the entire experiment period. This removes the temporal dynamics, which 

could provide some important insights into contact patterns.  

The purpose of this research is to find a different way of automatically analysing 

data of this type, by looking at the temporal (i.e. daily and hourly) changes in the 

contact events and finding patterns that explain and represent the data. The 

proximity sensor data is event based i.e. a signal only occurs when two or more 

sensors are in contact (close proximity) [1]. There are two datasets derived from the 

proximity sensor: the contact dataset and the status dataset [1], [19]. The contact 

dataset consists of contact event logs which are represented by a power signal in 

dB between two sensors [1], [19]. These contact events are timestamped and are 

logged as and when two sensors are in contact with each other [1], [4], [6], [7], 

[19]ï[24]. The status dataset conveys the sensor activity status, which consists of 

an activity flag which indicates whether a tag is stationary or in motion based on 
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changes in accelerometer data [1], [19]. These two datasets are sampled at different 

periods [1], [19]. The contact dataset is sampled at 20-seconds and the status dataset 

is sampled at 15-minutes [1], [19].  The first objective that will be addressed by this 

research will be combining the two datasets in a manner that will enable the analysis 

of both datasets towards the cleaning of the data and identification of contact 

patterns, without relying on visual and subjective inspection of the data.  

Wearable proximity sensors are used as a proxy for close-range physical contact 

between two or more individuals wearing the sensors [1].  When two individuals 

wearing the sensors are in close proximity to each other, this is logged as a contact 

event between the two individuals wearing the sensors [1]. However, when the 

sensors are not worn by the individuals, but placed in close proximity to each other, 

the sensors will continue to log contact events [1]. These are false contact events, 

because they do not represent the individuals, but the sensors in close proximity 

instead [1]. In this research, the contact and status datasets are used to clean the true 

contact events. This is done by using the activity status of the sensors i.e. stationary 

or in-motion to eliminate the false contact events. The assumption that is made in 

this research is that any contact event that is logged with an activity status value 

that indicates a stationary tag will be assumed false. Conversely, contact events that 

are logged together with an activity status value indicating in-motion, will be 

assumed to be true contact events. Once the true contact events are identified, then 

the resulting dataset is used to find daily patterns in the contact events 

To the knowledge of the author, the only patterns that have been identified from 

contact events are the contact distribution across different age groups [5], [12]. The 

contact matrices computed in literature show that children have the highest number 

of contact events, followed by adults [5], [12]. This is a summation of contact events 

between the different age groups. Little is known about temporal patterns in the 

contact events and whether or not these patterns can be clustered into groups. 

Secondly, studies of this kind that use wearable proximity sensors, have deployed 

such sensors for 2-5 days and assumed that contact activity between individuals in 

a household, remains the same throughout the measurement days. This research will 

determine whether this finding is true and to what extent it can be quantified.  
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Wearable proximity sensor data is multidimensional which makes it difficult to 

observe patterns from the raw representation of the data. In particular, temporal 

changes i.e. hourly or daily changes in contact activity, cannot be easily determined 

at a first glance. A time series representation of contact events, will be a good start 

towards finding patterns in the proximity sensor data. Pattern recognition is 

concerned with the discovery of regularities in input data in order to interpret and 

represent these regularities [27]. Regularities in data are defined as patterns where 

there is a repeat or similarity in data trends observed in the data [27]. There are a 

number of approaches to pattern recognition like statistical methods and machine 

learning algorithms, which take an input data source and transform it to something 

meaningful [27].  If patterns exist in the proximity sensor data, by looking at each 

contact event in time, these can be represented in a manner that can possibly explain 

and model human contact activity.   

In this research, data of logged contact events for individuals enrolled in a pilot 

study are analysed. Each individual has logged contact events for a 24-hour period 

over several days of the experiment. This analysis will aim to determine whether 

there are similarities or differences in contact events across the days of the 

experiment and what the minimum number of days are required to adequately 

represent an individualôs contact activity.  

 Formulation of Research Problem 

As indicated in the previous sections, the work done on analysis of proximity sensor 

data is largely qualitative and based on visual inspection of the data. Very little is 

known about the temporal patterns in the contact events between individuals.  This 

leads quite nicely to the research question of this research:  

Do contact events of individuals demonstrate a pattern of similarity across the days? 

What are the minimum number of days required to adequately measure and 

represent an individualôs contact activity? 
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 Research Aims and Significance 

There are three main aims for this masterôs research, which are all outlined in detail 

below. All of these objectives will attempt to answer the research question 

mentioned in the above section.  

1.3.1 Research Aims 

ü To develop and apply a method for mathematically representing contact 

patterns, to enable automated analysis. This will also help towards 

developing an efficient, automated cleaning algorithm that can be applied 

to datasets of any size.  

ü To find similarities and/or dissimilarities in the days of contact activity.   

ü To determine the minimum number of days required, to correctly represent 

an individualôs contact activity over time. 

1.3.2 Significance of Research 

This work will contribute significantly towards the implementation and analysis of 

proximity sensor data.  

An automated method for cleaning the proximity sensor data more efficiently will 

enable proximity sensor datasets of any size to be cleaned in this manner, without 

relying on visual, subjective observations of the data. Determining the similarity or 

dissimilarity in days of contact events, will determine the minimum number of days 

required for representing an individualôs contact activity over time. This will lead 

to better representation of contact patterns, improved parameters in complex social 

models and assist in modelling transmission dynamics of infectious diseases that 

rely on contact patterns between individuals.  

 Structure of Dissertation  

Section 2 provides the background for this research. This gives a detailed context 

into the nature of the research in terms of the kind of study that is conducted, the 

infrastructure used and how the raw data is obtained.  
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Section 3 provides a review of the literature related to the work done and methods 

that will apply to this research. 

Section 4 provides the experiment setup, where and how the research was 

conducted. This research is bi-disciplinary between the fields of epidemiology and 

signal processing.  

Section 5 details the research methodology used in this research. This includes the 

representation of the raw data, the cleaning of the raw data and tool used for analysis 

of the data.  

Section 6 presents the results of the analysis on all the contact datasets for each 

individual in the study. 

Section 7 presents the discussion of the results and the arguments that answer the 

research question. The limitation of the study, as well as recommended future work 

is also discussed 

Section 8 is the conclusion, summarising all the important results and 

recommendations for potential future work.  
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ï Background 

This chapter provides the background information that contextualises this research. 

The chapter begins with the ethics statement, which has been approved through a 

bigger study conducted by the National Institute for Communicable Diseases 

(NICD).  Section 2.2 outlines a detailed explanation of the operation of the 

proximity sensors, including the type of data that exist. The third section 

summarises the type of analysis that is and can be applied to this data. 

 Ethics Approval 

The proximity study, from which this masters research is based on, is nested within 

the PHIRST study and the protocol has been submitted to the University of the 

Witwatersrand Human Research Ethics Committee (HREC), which includes the 

proximity sensor study pilot [28]. The committee has granted the ethics clearance. 

Participants aged 18 years and older sign written consent forms. For participants 

younger than 18 years of age, the parent or guardian provides written consent for 

the child. Assent is obtained from children between 7 years and 17 years by a 

similar process. Ethics Clearance is attached in Appendix A; clearance number is 

150808. 

 Proximity Sensor 

Wearable proximity sensors have been widely adopted in a number of studies to 

quantify contact patterns in a number of settings such as hospitals, schools, 

conferences and rural communities to mention a few [1], [7], [19]ï[23]. The aim of 

these studies was to understand social contact patterns that could possibly drive 

transmission of infectious diseases [19]. SocioPatterns is a collaboration between 

three groups of researchers and developers from the Institute for Scientific 

Interchanges (ISI) in Italy, Centre de Physique Théorique, France and 

Bitmanufactory, UK which have developed the wearable proximity sensing 

platform [18]. These devices are active RFID tags which transmit low-power radio-

frequency signals between each other [1], [19]. This technology measures direct 
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face-to-face mutual proximity and represents close interactions between individuals 

which can be associated to possible transmission of infectious diseases based on 

direct face-to-face contact [1], [19]. The devices consist of an integrated stack of 

technologies that enable the monitoring, logging and analysis of human mobility 

and proximity events [18]. The design of the tags is as shown in Figure 2.1. The 

proximity tag is a small, light-weight, coin-shaped wearable radio device that 

individuals can wear embedded inside a badge or a clothing pouch and can sense 

the close proximity between individuals wearing similar tags [1], [19]. The 

technology consists of a sensing and a data layer which are summarised from [18], 

[29]  in the following sub-sections. 

 

Figure 2.1: Surface View of Proximity Sensor 

Figure 2.1, shows the surface view of the proximity sensor. It contains an antenna, 

an LED and a button that is used to switch to different modes of operation. The tags 

are embedded with a Nordic Semiconductor nRF51822 microchip and it is deemed 

safe for use in sensitive environments such as hospitals, schools and households [1] 

2.2.1 Sensing Layer 

The sensing layer is built on top of the OpenBeacon active RFID devices designed 

by Bitmanufactory in the UK [29]. The sensing functionality is based on the 

exchange of ultra-low power radio signals between the wearable devices [1]. Face-

to-face proximity of individuals wearing these devices directly facing each other 
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can be assessed continuously with a temporal resolution of 2 seconds [1]. The 

devices use the license-free 2.4 GHz Industrial Scientific and Medical (ISM) band 

of the radio spectrum, which is the same band used by Bluetooth and Wi-Fi 

networks [1], [18], [29]. This technology is patented in the EU by the ISI 

Foundation and Bitmanufactory and the cost for each sensor is $25.00 [18] 

2.2.2 Data Layer 

The SocioPatterns platform comprises both a real-time processing stream and an 

offline data analysis processing stream [18], [29]. The real-time processing stream 

is intended to construct live applications and services like real-time visualisation of 

tags in the sensing environment [18], [29]. The offline data analysis is used for 

processing recorded data sets and will be the main source for this research, because 

the focus is not on visualising the tags in the households, but processing the 

proximity data measured from individuals in the household.  

2.2.3 Proximity Sensor ï Contact Data 

The raw data obtained from the sensors are extracted by using proprietary software 

developed by SocioPatterns from the ISI Foundation in Italy [18]. As this software 

is proprietary, the libraries cannot be shared for protection of intellectual property. 

The NICD and ISI have a collaborative partnership comprising the PHIRST study 

and the raw data is made available to the researchers. The schema of the raw data 

looks as shown in Figure 2.2.  

 

Figure 2.2: Dataframe from Python Notebook Showing the Structure of the Data 
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Figure 2.2, shows the Dataframe from python notebook. The ñtò column contains 

the time-stamp. The ñepochò column contains the UNIX time, which can be 

converted to any time zone for analysis. The ñuid1ò and ñuid2ò columns contain 

the hardware IDôs of tag 1 and tag 2 respectively. The ñprotoò column contains a 

flag indicator which indicates a proximity event between the two tags. The 

ñtx_pwrò and ñrx_pwrò columns indicate the transmitted and received power 

packets between the two tags in contact respectively. The last columns ñid1ò and 

ñid2ò are the tag IDs on the sensor itself (meta data). An example for interpreting 

line 1 in Figure 2.2: at 08:00 on the 04-11-2017, individuals with tags ID 797249 

and 696327 were in contact with each other with a power threshold i.e. difference 

in transmitted (tx_pwr) and received power (rx_pwr) of -75 dB. This data can be 

analysed using python scripts or exported in a .csv format and analyses using R, 

Matlab and other related platforms. This data will be analysed in Matlab, because 

of the powerful analytical toolboxes that come with the package. A detailed 

explanation of the raw data extraction is provided in Appendix C.  

2.2.4 Proximity Sensor ï Status Data 

Status data is a second dataset obtained from the proximity sensor data. It is logged 

every 15 minutes, for each sensor, with an associated timestamp.  

 

Figure 2.3: Status Data from Proximity Sensor 

Figure 2.3, shows a screenshot of the status data. It consists of the timestamp, a 

flags field which is a status code that represents activity state of the tag at the time 

of the logging e.g. a flag = 0, indicates the tag is stationary and flag = 16, indicates 

a tag in motion. The changes in accelerometer coordinates are used to determine 

the value of the flag, which is used to determine whether the tag is stationary or not. 
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This computation is built into the firmware, developed by ISI. These two datasets 

(contact and status) are the primary source of analysis for this research 

 Current Analysis of Proximity Sensor Data 

This section will summarise the methods that can be used to extract features and 

analyse proximity sensor or comparable data. The section begins with the use of 

network analysis, a widely used framework for analysing contact events between 

individuals. Section 2.3.2 summarises how proximity sensors data is analogous to 

industrial process alarm data and how some of the techniques used in industrial 

process alarm flood management, can be adapted to proximity sensor data and 

finally, a section on pattern recognition and how these can be used to find patterns 

in the proximity sensor data. 

2.3.1 Network Analysis 

Understanding complex systems, requires knowledge of the interactions of the 

components that make up that system [25] . A network is essentially a catalogue of 

a systemôs components (called nodes or vertices) and the interactions between them 

referred to as edges or links [25], [26]. Network analysis is widely applied in the 

analysis of contact events from proximity sensors [25], [26]. Individuals are 

represented by the nodes of the network and the contact events between the 

individuals are represented by the links between the nodes [25], [26]. Network 

parameters like the degree of the nodes, which is a measure of the number of links 

each node has; average degree of a node which is the probability of a single node 

having a specific degree; clustering coefficients, which is a measure of probability 

of neighbours of a node sharing similar nodes [19], [25], [26]. All of these network 

parameters are used to find patterns that may represent the different types of contact 

networks. For example, a contact network with a high average degree, indicates a 

network that it tightly connected where the average node or person is most likely to 

have a lot of interactions with other individuals in the network [19], [25], [26]. This 

is important in social contact analysis for public health research in understanding 

contact patterns that may drive transmission of infectious diseases.  
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This type of analysis relies on cumulative summation of contact events which may 

remove some temporal dynamics of contact patterns between individuals. This type 

of analysis provides important information about contact activity of an individual 

and age-specific distribution of contact events. Although, network analysis does 

provide a quantitative representation of contact patterns, it does not provide for the 

temporal evolution of contact events and it is important to obtain a better estimate 

of contact events over time. 

2.3.2 Comparison of Proximity Sensor Data and Industrial Alarm Data 

Proximity sensor data is analogous to industrial process alarm data, where alarm 

triggers are event-based, with an associated timestamp for each alarm trigger event 

and the tag IDs of the alarms triggered are also logged [30]ï[34]. The proximity 

sensors data is similarly event-based, which represent contact events that are 

logged, with an associated timestamp for each event and the tag IDs of the sensors 

that are in close proximity to each other [1], [4]. The analysis of industrial process 

alarm flood data can also be adapted and applied to proximity sensor data. An alarm 

flood is defined as the duration where the rate of alarm annunciation is more than 

the response capability of an operator [30], [31]. Analysis of alarm flood data is 

important in root-cause analysis of disturbances in the plant and for alarm flood 

prediction to warn the operators in time, of an imminent alarm flood [30]ï[34]. 

Similarity measures are used like distance between points and clustering  similar 

points based on the distance score computed [30]ï[34]. This technique works well 

in finding similarities in alarm flood data. Proximity events between individuals in 

a household could be considered to be similar to process alarm data, where each 

contact event is similar to an alarm trigger.  

2.3.3 Pattern Recognition 

Pattern Recognition involves the automatic representation or discovery regularities 

in a given data [27]. Pattern recognition has its origins in the engineering discipline, 

whereas machine learning grew from the field of computer science [27]. There are 

different approaches to finding patterns in data which include, but are not limited 

to: taking an input data and assign a label or class to it; clustering groups of input 

data, based on similarities in the features of the data and making predictions about 
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future outcomes based on statistical analysis [27]. The paragraphs below outline 

some of the known methods used in pattern recognition and machine learning.  

 

Supervised Learning: Supervised learning involves the use of classification 

algorithms that take a set of input data, referred to as a training set, to assign a label 

or class to each input [27]. These algorithms are used when the labels are known 

[27]. Supervised algorithms are used in classification problems, regression models 

and play an important role in pattern recognition [27]. The patterns in proximity 

sensor data are unknown and it is difficult to assign labels to contact event data, 

when clusters (if they exist) are not known or well defined. A supervised learning 

algorithm, will work well once clusters in the data are known with the associated 

labels.  

 

Unsupervised Learning: these define the type of problems where the labels or 

classes are not known and machine algorithms are used to identify groupings or 

similarities in the data [27]. These type of algorithms are important when pattern in 

a given data set are not known and as such, data points with similar attributes are 

clustered together [27]. Unsupervised algorithms play an important role in 

generating hypotheses or new knowledge from the data [27]. This type of 

algorithms could be applied towards pattern recognition of contact event data [27]. 

 

Dimensional Reduction: Some data sets are multidimensional and often, patterns 

are not easily observed from the original data [27]. Such data sets need to be 

transformed, by reducing the number of dimensions in order to observe patterns in 

a lower dimensional space [35]. Dimensional reduction is also important in 

selecting the best features that represent or explain the most variation in the data 

[35]. Algorithms that are widely used for dimensional reduction, include Principal 

Component Analysis, which is a statistical method for reducing the number of 

features required to represent data and do exploratory analysis of patterns in the 

data [35]. 
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PCA is a chosen method for the analysis of the proximity sensor data in this 

research. The proximity sensor data is multidimensional and to the knowledge of 

the author, the temporal features of contact event data have not been analysed to 

explore the contact patterns that may not be discovered by the current methods used 

in literature. This will provide principal components that will account for the most 

variation in the data and these will be used to find patterns that will represent contact 

events between individuals wearing the sensors. 

To summarize, proximity sensors act as a proxy for close-range face-to-face 

communication between individuals in a given setting. The proximity sensors log 

contact events as they occur. However, as outlined in the previous section, this data 

is noisy and up to this point, there has been no automated analysis carried out on 

contact events from proximity sensor data. The next section will document the 

literature review related to the work done on the analysis of the contact events and 

methods that will are adapted for this research.  
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ï Literature Review 

This chapter reviews the literature that relates to the work that is presented in this 

research. The first section discusses the current methods used for pre-processing 

proximity sensor data and their limitations that will be addressed by this research. 

The second section describes the feature extraction using Principal Component 

Analysis technique and pattern recognition. 

 Cleaning of Proximity Sensor Data 

As mentioned in the introductory chapter, proximity sensor data contains a number 

of misrepresentations of true contact events. These are false contact events that only 

represent the proximity event between sensors, when individuals are not wearing 

the sensors. In this section, the methods that have been applied in literature towards 

the cleaning of proximity sensor data, will be reviewed. Specifically, this section 

will review the work done by Kiti et al and Ozella et al [19], [36], whom have both 

used the contact and status datasets to clean out false contacts contact events. 

3.1.1 Qualitative Assessment on Contact Events 

The contact dataset consists of timestamped contact events, sampled at 20 seconds. 

The cleaning approach followed by Kiti et al and Ozella et al [19], [36], is to 

aggregate the contact events by hour and plot these for a chosen period of time. 

These types of plots will show the temporal evolution of the contact events. The 

assumption they make is that if there is no change in contact activity for an extended 

period, then those logged contact events are most likely to be false contact events, 

which could imply that the sensors were placed together and not worn by the 

participants [19], [36]. This form of analysis is repeated for each individual sensor 

in the sample [19], [36]. From the status dataset, the flag field is used to determine 

the activity state of the sensors. The status values are logged in memory every 15 

minutes as a flag value of either 0 and 16, which relates to stationary and in-motion 

state, respectively [19], [36]. There are other flag values, which are related to 
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memory error, memory size, battery level etc. that are not of interest in this 

particular case.  

Using the flag status, Kiti et al and Ozella et al [19], [36], plotted the flag status 

values i.e. 0 and 16 over time to identify periods of inactivity, where the tag was 

not active or in motion. In their work, they assumed the periods of inactivity would 

be related to the evening time where the participants are expected to be asleep and 

not wearing the sensors [19], [36]. As a result of this, Kiti et al and Ozella et al were 

only interested in cutting out these periods of inactivity i.e. evening times where 

the sensors were not worn [19], [36]. In their work, they define a time of active 

period i.e. day-time as the period between 06:00 and 22:00 and the period of 

inactivity i.e. evening between 22:00 and 06:00, where any contact events logged 

between the period of inactivity would be cut out from the dataset as noise [19], 

[36].  

Although this plays an important role in cleaning out unwanted contact events as in 

the case of the evening, it still assumes that during the day or active periods, there 

would not be contacts that are false. The flag values will be used in this research to 

make a distinction between contact events and proximity events. The assumption 

that will be made is that if a flag value of 16 is recorded, then any proximity event 

that is logged for the same time point should be a true contact event, because a tag 

in motion will represent an individual wearing the tag. In order to achieve this, the 

two datasets will have to be synchronised i.e. sampled at the same time. A series of 

event-based status data will be transformed to a discrete signal with equally spaced 

samples. The next section will show the methods that can be applied to synchronise 

the dataset and ultimately clean the contact events. 

3.1.2 Automatic Cleaning of Proximity Sensor Data 

In this section, the methods considered for the automatic cleaning of the proximity 

sensor data are reviewed. This includes the time series representation of contact 

events, representation of event based data and the actual proposed method for 

cleaning.  
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Time Series Representation of Proximity Sensor Data 

Proximity Sensor Data is analogous to industrial process alarm data as explained in 

section 2.3.2 [30]ï[34]. Both Industrial Process alarm data and proximity sensor 

data are event-based, multidimensional datasets that represent an alarm trigger and 

proximity events respectively [1], [4], [30]ï[34]. This comparison is important, 

because the representation of process alarm data can be applied to proximity sensor 

data. For instance, in alarm flood management an alarm count for each period is 

calculated, which represents the total number of alarms that are triggered in a given 

period [30]ï[34]. Similarly with proximity sensor data, in a given period of 20-

seconds, a single sensor can log up to three proximity events with two or more 

sensors in the same proximity sensing environment [1], [4], [19], [36].  Proximity 

sensor data can be represented as time series data of proximity event counts, 

adapted from alarm count used in industrial processes. This is important for 

cleaning of the data by having a time series representation of proximity events and 

the activity status of the sensors.  

Event-based Versus Equidistant Sampling  

Signal processing allows for the representation, transformation and manipulation 

of signals and the information contained by them [37], [38]. The proximity sensor 

data consists of a series of event based signals, with two data sets (contact and 

status) that are sampled at different periods [1], [4], [19]. The contact data is 

sampled every 20 seconds and the contacts are logged as they occur, whereas the 

status data is logged every 15 minutes, which makes the two data sets asynchronous 

[1], [4], [19].  In order to overlap the contact proximity sensor data with the status 

data, these data sets will be transformed and sampled at the same sampling period, 

in order to generate a series of discrete signals, with equally spaced samples [37]ï

[39]. The missing values of status dataset will be populated by holding the previous 

known value to the next known value. In this way, the contact dataset and the status 

datasets can be aligned on the same time grid. Matrix representation of the contact 

dataset and the status dataset is done in order to carry out an elementwise 

multiplication of the two matrices. This will determine the true contact events from 

the false contact, explained below. 
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Data Cleaning 

The proximity sensors data provides two information i.e. the logged contact events 

and activity status of the proximity sensors. Using matrix representation of the two 

information, an element-wise multiplication of the matrices, called a Hadamard 

product [40] [41], can be used to eliminate contact events where the activity status 

of the sensor is stationary. The assumption is that if the sensors is in stationary state, 

then that particular sensor is not worn by the individual. Therefore, any contact 

events logged by the sensor in stationary state can be assumed to be false. 

 Feature Extraction 

This section will describe how the features for the contact events will be extracted 

and how these will be used towards finding patterns in the data. The first part of 

this section will look at the mathematical representation of the data, followed by 

the application of Principal Component Analysis, which is the proposed method for 

analysis of contact events in this research.  

3.2.1 Representation of Contact Events 

Cattuto et al [1], developed a framework for the representation of contact events 

from proximity sensors. This framework defines a contact event, as a single event 

that lasts for at least 20-seconds between any pair of proximity sensors. This 

framework is used in this research to represent each contact event between two 

individuals as a time series of events, with equally spaced samples of 20-seconds. 

Using, the concept of industrial alarm count, each contact event that has been 

logged in the same 20-second period will be summed as a contact event count. This 

will yield a time series representation of contact events. A contact event matrix, 

from this time series representation of contact events, is computed. This contact 

event matrix, is used to find hourly and daily patterns of contact events between 

individuals.  

The literature pertaining to studies that have implemented wearable proximity 

sensor data, shows that studies of this kind have measured contact events for a short 

period of time. Specifically, the number of days used to measure contact events 
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between individuals in a given setting ranges from 2-5 days and the number of days 

used for analysis are typically 2-3 days of measurement [7], [21], [23]. A cosine 

similarity has been implemented by Kiti et al and Ozella et al to measure the 

similarity of contact events over time [19], [36]. In their work, they have found that 

individualôs contact activity remains fairly similar over time and that a few days of 

measurement should adequately represent an individualôs contact activity. Through 

pattern recognition, a number of minimum days required for measurement will be 

investigated in this research. 

3.2.2 Pattern Recognition 

Principal Component Analysis is a simple and easy method to implement that 

allows for dimensional reduction of highly correlated datasets, feature selections 

and pattern recognition in the reduced dataset [42]ï[45]. Visualisation of patterns 

in a highly correlated dataset does not reveal easily the dynamics of the dataset 

[42]ï[45]. PCA allows for this dimensional reduction, without losing much the 

variation in the original data [42]ï[45]. In this way, the features that best represent 

the original data can be selected and patterns can be explored in the resulting 

dataset, which reveal the hidden dynamics that could otherwise not be observed in 

a higher dimension [42]ï[45]. This method is used widely in signal processing, fault 

diagnosis in industrial processes and pattern recognition in a number of fields such 

as image processing, event-based data analysis and industrial processes [46]ï[49].  

PCA transforms a set of highly correlated variables to a new set of orthogonal, 

uncorrelated variables called principal components [50]. This transformation is 

important to extract the most important information from the original variable, by 

retaining the original variance in the data [50]. In this way, principal components 

that represent the least amount of variance can be discarded such that the dimension 

of the original data can be reduced, without losing much variance [50], [51]. 

Patterns can be identified in the reduced principal component dimensional space 

through exploratory analysis [50]. 
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3.2.3 Various Applications of PCA 

PCA is widely used technique for dimensional reduction, by reducing the 

multiplicity of a highly complicated dataset, while retaining the variation in the 

original data [42]ï[45]. In Wireless Sensor Networks, PCA is implemented in the 

aggregation process of sensor nodes, by reducing the number of packets transmitted 

and battery consumption at each sensor node [42]. In image processing, PCA is 

applied in object identification in an image, by selecting the best features that 

account for the most variation in the data [46]ï[49]. This technique is applied facial 

detection algorithms, object identification in computer vision and in image 

compression algorithms [46]ï[49].  

In industrial processes, robots are used to automate repetitive tasks and thus 

increase productivity [39], [43]. Often faults occur and sometimes the delayed 

response to various faults in plants may have cost implications [32]ï[36] [39], [43]. 

Fault prediction models are used to optimise the detection of faults before they 

occur [39], [43]. PCA has been applied in fault detection models that use event log 

data both written and logs from robot controllers, to reduce the dimension from log 

event data to detect abnormal behaviour from event log patterns [43].  

Root-cause analysis is often carried out in industrial process to analyse the 

propagation of faults through an industrial production process [52]. This is done by 

investigating measurements of process variables like pressure and flow, but this is 

often limited to one section of the plant [52]. PCA enables the multidimensional 

representation of process measurement variables, for each section of a plant and 

determine which measurements contributes the most to the observed disturbances 

in the plant [52].  

3.2.4 Application of PCA to Social Contact Events 

PCA represents a dataset of multiple inter-correlated variables, by a set of new 

uncorrelated variables called principal components [50]. The goal of PCA is to 

extract the most important information in a dataset, represented by the variation in 

the data and compress the size of the data by retaining only the components that 

contain the most important information [50]. Variables that do not contain 
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important information are redundant and can be discarded from the analysis [50], 

[51]. Applying this method to social contact events, the similarities in contact 

events across the days can be determined. Using feature selection, the variables or 

days that have a significant contribution to the principal components can be 

determined and used to determine the minimum number of days required to 

describe an individualôs contact activity [51], [53].  

In summary, extensive previous research sought to describe contact patterns 

between individuals using wearable proximity sensor data. All of the work done up 

to this point has relied on qualitative assessment, with visual observations of contact 

patterns and some quantitative representation of contact events through network 

analysis.  The only contact patterns that are known from data of this kind is the age 

distribution of contact events, which show that children have the highest number of 

logged contact events. This method carries a cumulative summation of contact 

events over the experiment period. This removes the dynamics in the contact event 

data over time. PCA was successfully used for many other applications and signals, 

which has similar properties to the proximity sensors data. This method could 

represent the temporal patterns of contact events and extract the most important 

features that represent the most important information in the contact data. 
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ï Experiment Setup  

In this section, a summary of the study design is presented. A pilot study was 

designed and deployed by the author, for a period of three weeks in two sites, 

namely: Agincourt in Mpumalanga and Jouberton in Northwest. A summary of the 

experimental design is provided in this section. Section 4.1 provides the context in 

which this experiment was designed and conducted. Section 4.2 describes the data 

collection through the logging of contact events from the wearable proximity 

sensors. Section 4.3 outlines the design of the experiment.  

 PHIRST Study 

This research is nested in the PHIRST Study (Prospective Household observational 

cohort study of Influenza, Respiratory Syncytial virus and other respiratory 

pathogens community burden and Transmission dynamics in South Africa) [28]. 

The PHIRST Study is implemented by the National Institute for Communicable 

Diseases (NICD) and is a household-level community cohort study implemented in 

two sites in South Africa [28]. The first site is a rural community in the 

Mpumalanga Province, where the study is conducted within the Health and socio-

Demographic Surveillance Site (HDSS) at the Medical Research Council (MRC)/ 

Wits Rural Public Health and Health Transition Unit (in Agincourt).  

The second site is a semi-urban community in the Jourberton Township in 

Klerksdorp, in the North West Province, under the Perinatal HIV Research Unit 

(PHRU) of the Chris Baragwanath Hospital. This study ran for a period of three 

years, from 2016-2018. The data for this research is obtained from a pilot study ran 

by the author within the PHIRST study in 2017, where ten households were 

approached and enrolled and individuals were asked to wear the proximity sensors 

for three weeks. The aim is to use these datasets to automatically identify contact 

patterns across the days, between individuals at a household level. 
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 Logging of Contact Events 

The proximity sensor is a radio frequency wearable sensor used to detect mutual 

proximity between individuals by exchanging power packets that are translated into 

a proximity measurement [1].  

 

Figure 4.1: Illustration of Proximity Sensor Environm ent within a Household 

obtained from [1]. 

Figure 4.1, shows an illustration of a proximity sensor environment obtained from 

[1]. Individuals wear a proximity sensor in a lanyard, placed in front of their chest 

as shown in Figure 4.1. The radio frequency power packets, shown by number 1, 

are logged as contact events and these represent the close range physical proximity 

between individuals, within a distance of <1.5 m. Number 2 in the illustration, 

shows a reader that can be used to visualize the proximity events between sensors, 

but this technology was not used towards this research 

 Experiment Design 

Ten households were selected randomly, five households in both the rural and urban 

site. All the participants in the study were asked to wear a small, coin-shaped 

proximity tag to measure mutual proximity between participants in contact with 

each other. The participants were required to wear the tags throughout the day and 

in the evening. Routine visits were conducted by the field workers and the author, 

to check the operational state of the tag, ensure that the tag itself was worn correctly 
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and to assist with any concerns that the participants had. A detailed outline of the 

experiment design and operational procedures is included in Appendix B. 

In summary, a pilot study was conducted by the author in two sites in South Africa: 

a rural and a peri-urban community. Wearable proximity sensors were deployed to 

participants who have consented to participate in the study. Data from these sensors 

was used to quantity the contact activity between individuals wearing the sensors. 

It is this data that is used to determine the similarity of days of contact activity 

between individuals in a household and to determine what the minimum number of 

days of measurement, to adequately represent the contact activity of an individual. 

The next chapter will present the methodology used for analysis of data of this kind. 
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ï Research Methodology 

This chapter explains the research methods outlined for this masterôs research. The 

data that will be used for analysis comes from a pilot study that has been conducted 

by the author in October 2017. The first section in this chapter, begins with a 

mathematical representation of the data. Section 5.2 details the cleaning algorithm. 

Section 5.3 presents the application of the PCA method for pattern recognition.  

 Mathematical Representation of Proximity Sensor Data 

In this section, the mathematical representation of proximity sensor data is 

provided. The mathematical formulation derived in this section is used towards the 

quantitative analysis of contact events from the proximity sensor data. 

5.1.1 Proximity and Status Signals Representation 

Proximity sensor signals are event-based signals that only exist at specific points in 

time. A proximity event: ὖὢȟὢȟὸ Í [-16; -70], is a logged event between two 

sensors ὢ ÁÎÄ ὢ at time t, measured in dB.  

At time t, a proximity event will occur if and only if, two sensors come in close 

proximity to each other, otherwise, no proximity event will be logged i.e. 

ὖὢȟὢȟὸ π iff  ὢ ὥὲὨ ὢ are in contact. This contact event can be further 

defined as:  

ὅὢȟὢȟὸ  
ρȟ   ὭὪ ὖὢȟὢȟὸ π

 πȟ   ύὬὩὲ ὲέ ὧέὲὸὥὧὸ έὧὧόὶὩὨ
ρ 

Where the value of 1 and 0 represent a logged proximity event and no proximity 

event, respectively. An analogy can be made to industrial process alarm count, 

where there can be more than one alarm events logged within the same period. In 

this studyôs data, a single sensor can log up to three proximity events between other 

sensors for the same time period in 20-seconds. The analysis will focus on the total 

number of proximity events logged by each sensor at time t.  This is given by: 
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ὅὢȟὸ ὅὢȟὢȟὸ ς 

Where i is the selected individual in the household whose contact event count is 

calculated. For example, consider an individual i=1 , from household of 4 

individuals, the contact event count at time t is given by: 

ὅὢȟὸ ὅὢȟὢȟὸ

 ὅὢȟὢȟὸ ὅὢȟὢȟὸ ὅὢȟὢȟὸ

 

 

The contact event count will give the contact activity of each sensor in terms of 

total number of proximity events at each time interval. This representation of 

proximity events is important when comparing the proximity dataset with the status 

dataset (described below), towards the cleaning of contact events from proximity 

events. 

A status flag is represented by: 

 

Ὓὢȟὸ  
ρφȟ   ὭὪ ίὩὲίέὶ ὢ  Ὥί Ὥὲ άέὸὭέὲ
πȟ ὭὪ ίὩὲίέὶ ὢ Ὥί  ίὸὥὸὭέὲὥὶώ

σ 

 

Where ὢȟ represents the individual sensor and t is the time point at which the flag 

field was logged.  

5.1.2 Representation of Time Series  

Each sensor data can be represented as a vector of proximity events for each 20-

second interval for 24 hours, for each day of the experiment. Let ὅὨȟὯ denote 

the contact event vector for individual i, where d represents the day number e.g. d 

=  [1; m] , where m = last day of experiment and k is the discrete sample number. 

The contact event vector for a single day of contact events is given by:  
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ὅὨȟὯ  ὅ ρȟρ  ὅ ρȟς Ễ     ὅ ρȟὯ τ 

 

Where i represents the individual number, d represents the day and is equal to 1 in 

this case; k represents the discrete sample i.e. k = [1; N] where N is the total number 

of samples for each day = 4320. A daily contact event matrix can be defined using 

these vector representations, for each individual sensor, given by  

 

ὅὨȟὯ  
ὅρȟρ Ễ ὅρȟὯ
ể Ệ ể

ὅὨȟρ Ễ ὅὨȟὯ
υ 

 

Where i represents the individual, d represents the day number and k is the sample.  

Each row in the matrix represents contact events for a given day e.g. day = 1, from 

sample k = 1 to sample N = 4320. The last row, represents contact events for the 

last day = m of the experiment.  Similarly, with the status dataset, a daily status 

matrix can be defined as follows  

 

ὛὨȟὯ  
Ὓρȟρ Ễ Ὓρȟὔ
ể Ệ ể

Ὓάȟρ Ễ Ὓάȟὔ
φ 

 

The matrices in (5) and (6) will be used to clean the dataset, by comparing each 

matrix element in the daily contact matrix to that of the daily status matrix.  
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5.1.3 Summary 

Re-capping from the previous section 5.1, true contact events are assumed to have 

occurred when a logged contact event is matched with an active status flag i.e. the 

tag is in motion with ὛὨȟὯ = 16. This way, true contacts can be extracted from 

the rest of the proximity dataset.  

The following attributes need to be cleaned from the proximity sensor data 

1. Proximity events between sensors only. 

2. Contacts that have been logged, but with a status flag of 0, indicating the 

tag is stationary or not in use.  

 Cleaning of the Time Series 

In this section, the Hadamard product will be computed between the daily contact 

matrix in (5) and the daily status matrix in (6), to yield a matrix of true contact 

events between individuals wearing the sensors.  

5.2.1 Formulation of Cleaning Algorithm  

Given a daily contact matrix C and daily status matrix S, both having the same 

dimension M-by-N, where M represents the days in the experiment and N, the 

contact events over a 24-hour period, sampled at 20 second intervals, yielding 4320 

samples. Define a daily contact event matrix E as: 

 

╔ ╒ Ј ╢ χ 

 

Where each element of E is 

▄  ╒ ╢  

 



 45 

The resulting matrix E, is the daily contact event matrix of dimension m x n, 

representing the true contact events between individuals wearing the sensors. This 

matrix is given by 

ὉὨȟὯ  
Ὡρȟρ Ễ Ὡρȟὔ
ể Ệ ể

Ὡάȟρ Ễ Ὡάȟὔ
ψ 

Where i represents the individual, d is the day of the experiment from day 1 to m 

(last day) and k is the discrete sample number from k = 1 to N, where N = 4320. 

5.2.2 Summary 

Up to this point, no analysis has been carried out on identifying contact patterns in 

the data. The first objective was to clean the data by identifying what are true 

contacts events and removing false contacts that only represent the sensors in 

proximity. The next objective is to find patterns in the cleaned data and analyse 

these. Principal Component Analysis is used to represent the original variation in 

the data in a reduced dimensional space; explore patterns in the data and find 

clusters in the data based on similar attributes. 

 Pattern Recognition  

In this section, the methods for finding patterns in the contact events are presented. 

This section begins with the visual inspection of the contact events and finding days 

of similar contact activity. The second section, presents the application of Principal 

Component Analysis in reproducing the patterns observed by visual inspection, in 

a quantitative manner. 

5.3.1 Visual Inspection of Contact Events 

A plot of all contact events over the number of days of the experiment will be done 

for all individuals in the study. There will be as many subplots as there are days in 

the experiment and each subplot represents the contact events over the 24-hour 

period in day. Days with similar periods of contact activity will be identified 

through visual inspection and clustered together. Days that exhibit differences in 



 46 

contact activity will be identified as outliers. The measure of similarity through 

visual inspection is 

1. Days where contact activity is logged at similar times in the days 

2. Period of similar contact activity during the day i.e. similarity in morning, 

afternoon and evening periods.  

Days that show similarity based on the above criteria for visual inspection, will 

form a cluster of similar days. The days that show variation in contact activity based 

on the above criteria will not form a cluster. Visual inspection of the data alone, 

will not be sufficient to represent the patterns in the contact activity. Principal 

Component Analysis provide a quantitative representation of the structure and 

relationship between the observations and variables in the dataset [50]. The clusters 

observed through visual inspection will be compared to those identified through 

principal component analysis.  

5.3.2 Principal Component Analysis 

Principal Component Analysis is used in this research to determine the variation in 

contact activity and find clusters of similar days. The purpose of Principal 

Component Analysis is to quantify and summarise the important information in a 

dataset that is described by multiple inter-correlated variables [50]. PCA then 

extracts the most important information in a dataset, represented by the variation 

that exists in the data, and represents this as a set of new, uncorrelated variables 

called principal components [50], [54]. These principal components are linear 

combinations of the original variables. In so doing, the variables that contribute the 

most to each principal component, can be considered to carry the most information 

in the data and those that do not, are considered to add redundancy to the data and 

can be removed [54].  

Overview of Principal Component Analysis 

Let X denote a data matrix with M-by-N dimensions, where M is the number of 

observations and N is the number of measurements or features. PCA uses 

eigenvalue decomposition of a covariance matrix C given by:  
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╒  ╧╣╧  ω 

Where C has dimensions N-by-N, where the number of dimensions of C is equal to 

the number of variables or columns of data matrix X.  The covariance matrix in (1) 

is decomposed into a set of eigenvectors W using eigenvalue decomposition, given 

by  

╦╣   ◌  ȣ ◌╜ ρπ 

 

Where W is a N-by-N matrix, of N orthogonal basis vectors called principal 

components. The principal components are a set of new variables, which are a linear 

combination of the original variables of data matrix X. The columns of W represent 

the principal components and the rows represent the loadings, which are the 

contribution of the original variables towards each principal component. The 

eigenvalue decomposition of the covariance matrix C will also yield M eigenvalues 

dm. The linear transformation of the observations of X is given by 

 

╣ ╦╣╧ ρρ 

Where matrix T in (11) is called a score matrix and has dimensions M-by-N. The 

columns of matrix W are ordered by the highest value of dm in decreasing order. 

The first R components that contribute the most to the variation of the original data 

are selected, such that R < N. In this way, the dimensions of the score matrix are 

reduced, based on the value of R selection. The new score matrix is given by 

 

╣ ╦ ╧ ρς 

Where the dimensions of matrix ╣  are M-by-R.  The value of R can be selected 

based on the number of principal components that have the most contribution to the 

variation of the data. A loadings and score plot can be made using the matrix in (10) 

and (12), respectively. This will show a plot in the R-dimension space and patterns 

can be observed from these plots. External known information about the data like 

meta data or any process specific information, depending on the type of data used, 

can be applied to cluster the points, this is called exploratory analysis where 

hypotheses can be generated based on the patterns that can be learned from the data 
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Application of PCA to Wearable Proximity Sensor Data 

The PCA method outlined in section 3 is applied to visualise the patterns of contact 

events for each individuals in the experiment. The variables are the days of the 

experiment and the observations are the contact events over the hours of the day. 

The sampling period that provides the best representation of the variance, will be 

determined. The goal is to observe if there are similarities or differences in day of 

contact activity for each individual in the experiment.   

Let input data matrix H be given by  

ἒ  ╔╣ ρσ 

Where  

╗ὭȟὮ  
Ὤρȟρ Ễ Ὤρȟὔ
ể Ệ ể

Ὤάȟρ Ễ Ὤάȟὔ
 

Where matrix E is obtained from (8) and data matrix H in (13), represents the 

hourly contact events of an individual in the experiment, i the sample number i.e. 

contact events from the first to the last hour of the day i.e. i = [1; m] , where m = 

24; j represents the day of the experiment i.e. j = [1; N]  where N = last day of the 

experiment.  In simple terms, each row in the data matrix H represents the contact 

events over the hours and each column represents the days of the experiment. H is 

a M-by-N matrix.  

Principal  Component Analysis using Eigenvalue Decomposition 

Given matrix H as the input matrix for principal component analysis, the covariance 

matrix of H is given by  

╒  ╗╣╗ ρτ 

PCA computes the loadings matrix of (14) using Eigenvalue Decomposition and is 

given by: 
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╦╣  ◌  ȣ ◌╝ ρυ
 

The loadings matrix in (15) is an N-by-N matrix of principal components and are 

ordered by highest value of the eigen value dm.  

Selection of Components 

A scree plot shows the proportion representation of variance by each principal 

component [51]. This plot conveys how much information or variance is retained 

by each principal component. Using this plot, the total number of principal 

components that represents a desired level of variance are chosen [50], [51]. The 

first R components will be selected such that R < N.  This can be done using the 

elbow method or the desired variance represented of the first R components. The 

resulting score matrix is given by  

╣ ╦ ╗ ρφ 

The score matrix in (16) has M-by-R dimensions. The score matrix provides the 

projection of the original variables onto the principal component space. The 

loadings matrix provides the contribution of each original variables to the principal 

components. The analysis in this research will focus on the loadings plot and 

contribution of the original variables to the first R principal components 

Clustering of Days from Loadings Plot 

The loadings plot represents the original variables in the first R principle 

components using the loading values as coordinates in the R-D principal component 

space, provided that R Ò 3 [50]. Variables that are similar will span in the same 

direction of the principal components [50]. The closer the variables are in a 

quadrant, the more similar they are to each other. The variables that are different 

from each other, will span in the opposite direction or be further apart. Variables 

that are similar will form a cluster, in these cases days that span in the same 

direction and close to each other, will form a cluster. These clusters are compared 

to those observed through visual inspection of contact events.  
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Significance of Variables 

As explained earlier, Principal Component Analysis transforms a set of inter-

correlated variables to a set of new uncorrelated variables called principal 

components [54]. Each principal component is a linear combination of the original 

variable [50]. Variables that have a large variation i.e. carry a lot of information in 

the data will have the strongest contribution to the first few principal components. 

They represent how strongly correlated each original variable is to each principal 

component. Each principal component can be represented mathematically using 

(17): 

ὖὅ  ‌ὼ ρχ 

Where ‌ ‌ȣ‌ , representing the total contribution of each variable to the 

first R principal components and ὼ ὼȣ ὼ , representing the days of the 

experiment. From (17), the absolute value ‌ determines the contribution of each 

variable. The smaller the value of ‌, the less significant the associated variable is. 

When the contribution of a variable is insignificant in the principal component 

space, it can be assumed that the variable is also not important in the original 

measurement space [50], [54]. A threshold can be set to discard variables that are 

not significant and in this research, the total number of variables that are significant 

are assumed to represent the minimum number of days required to represent the 

contact activity of an individual.  
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ï Results 

This chapter presents the results from the analysis of the datasets obtained from the 

pilot study conducted by the author. The aim of this chapter is to present findings 

that will answer the research question in this masterôs research: how similar are 

individualôs contact events across the days of the experiment and to determine the 

minimum number of days required to represent an individualôs contact activity. 

Section 6.1 begins with the selection of the data used in this research, followed by 

section 6.2, which outlines the data pre-processing and the cleaning results. Section 

6.3 describes the sampling periods considered and the final chosen sampling period 

for analysis. Section 6.4 outlines how the results are presented. Section 6.5-6.8 

presents the results for the individual datasets. Section 6.9 provides a summary of 

the results. 

 Selection of Data  

A pilot study was conducted in two sites in South Africa as outlined in Chapter 4. 

Data from 45 individuals from ten households was collected. Each participant was 

asked to wear a proximity sensor which logged contact events between individuals 

who were in close range proximity of <1.5m, for a period of three weeks. Every 

individualôs contact events are represented as an independent dataset. Out of the 45 

datasets, only 20 datasets had usable data and this was determined by a minimum 

of five days or more, of logged contact activity. The results of the analysis of the 

data collected from these sensors are presented in this chapter. 
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Table 6.1: Summary of Data Used for Analysis 

  

Table 6.1 shows the summary of datasets used in this analysis. The number of days 

available for analysis are selected as any day in the experiment where contact events 

are logged. All the days in the experiment that had no contact events have been 

removed. The first three digits of the Study Id, following the letter A or K, indicates 

the household number. As seen from Table 6.1, there is not complete household 

data, except for household A112. As a result, the analysis is done at an individual 

level. 

 Data Preparation and Cleaning 

The individual datasets are pre-processed before principal component analysis is 

carried out. This includes normalizing the data such that each day carries a weight 

of 1, otherwise some days will dominate the principal components and misrepresent 

the contact events. Secondly, the days that have a single contact event, have also 

been removed, because that single contact event will carry a weight of 1 and also 
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dominate the principal components, which will bias the results. This is also 

justified, because a day that has a single contact event, can be seen as an outlier, 

thus removed from the analysis. 

6.2.1 Data Cleaning Results  

A false contact event occurs when two sensors are in close proximity, but are not 

worn by individuals. A true contact event is assumed to be a logged contact event 

and with a corresponding status value indicating movement of the sensors. This 

movement of the sensors is assumed to represent the sensor being worn by the 

individual and thus, any contact event logged in this scenario is assumed to be true. 

A status flag represents the state of the sensor i.e. worn or not by flag values 16 and 

0, respectively. A contact event and status matrix is constructed, for the number of 

days of available data. A Haddamard product which is an element-wise 

multiplication of the matrices, produces a resulting matrix of true contact events. 

This resulting matrix is used as the input matrix for the principal component 

analysis. Figure 6.1 shows the raw data for Individual 1. Similar plots for all other 

individuals are attached in Appendix D. 
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Figure 6.1: Raw Data of Individual-1. Each subplot represents a day in the 

experiment. Y-axis shows the contact events and x-axis shows the time of day. 

Figure 6.1, shows the raw data for Individual 1. This represents all the logged 

contact events by the sensor allocated to Individual 1. The stems represent a contact 

event between the sensor belonging to Individual 1 and another sensor. The dense 

areas represent the false contact events or noise that represent two sensors in close 

proximity, but are not worn by the individuals.  

 

Figure 6.2: Cleaned Data for Individual 1. Each subplot represents a day in the 

experiment. Y-axis shows the contact events and x-axis shows the time of day. 

Figure 6.2, shows the cleaned data for Individual 1. It can be seen that the dense 

areas have been removed, by using an element-wise multiplication of the contact 

matrix and status matrix. All the resulting contact events shown in Figure 6.2 are 

those that have been logged by the sensors in motion, which indicates that it has 

been worn by the individual, at the time of contact event logging. These are the true 

contact events used for analysis. 
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6.2.2 Percentage Usable Data 

Percentage usable data is a measure of the proportion of data that represents true 

contacts i.e. it is a percentage of cleaned data from the overall contact events. This 

is computed using the following formula.  

ὖὩὶὧὩὲὸὥὫὩ ὟίὥὦὰὩ Ὀὥὸὥ 
ὅὰὩὥὲὩὨ Ὀὥὸὥ 

ὕὶὭὫὭὲὥὰ Ὀὥὸὥ
 ὼ ρππ 

 

Figure 6.3: Percentage Usable Data of Logged Contact Events. The y-axis shows the 

percentage proportion of cleaned data over the original data. The x-axis shows all the 

individuals 

The proportion of true contact events gives a measure of how much data of this kind 

is useable. In other words, when proximity sensors are deployed in a study in South 

Africa, how much of true contact events do you get? As seen from Figure 6.3, this 

varies across the individuals.  

 Selection of Sampling Period 

The sampling period is important to represent the contact events over a specified 

temporal scale. Contact events are logged every 20-seconds, over a 24-hour period. 

Five sampling periods are considered to determine which sampling period provides 

the best representation of the variance in the data. These sampling periods are: 20-

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

In
d

iv
id

u
a

l 
1
5

In
d

iv
id

u
a

l 
5

In
d

iv
id

u
a

l 
1
9

In
d

iv
id

u
a

l 
1
7

In
d

iv
id

u
a

l 
1
6

In
d

iv
id

u
a

l 
1
8

In
d

iv
id

u
a

l 
2

In
d

iv
id

u
a

l 
1
1

In
d

iv
id

u
a

l 
2
0

In
d

iv
id

u
a

l 
4

In
d

iv
id

u
a

l 
1

In
d

iv
id

u
a

l 
9

In
d

iv
id

u
a

l 
7

In
d

iv
id

u
a

l 
1
4

In
d

iv
id

u
a

l 
1
3

In
d

iv
id

u
a

l 
1
2

In
d

iv
id

u
a

l 
3

In
d

iv
id

u
a

l 
8

In
d

iv
id

u
a

l 
6

In
d

iv
id

u
a

l 
1
0

P
e
rc

e
n
ta

g
e
 o

f 
T

ru
e
 C

o
n
ta

c
t 

E
ve

n
ts



 56 

seconds, 5-minutes, -10-minutes, 20-minutes, 1-hour. This is done by sampling the 

data at the various sampling periods and computing the cumulative variance 

representation of the first three principal components. The first three principal 

components are chosen, because they can be easily visualised.  Figure 6.4, shows a 

summary of the cumulative variance representation per sampling period chosen 

 

Figure 6.4: Cumulative Variance Representation by the First Three Principal 

Components for Each Sampling Period. The y-axis shows the percentage cumulative 

variance of the first three principal components, sorted in ascending hour by various 

representation of 1-hour sampling period. The x-axis shows the individuals in the 

study. The cumulative variance is for each sampling period is represented by the 

various bars on the plot. 

Figure 6.4, shows the cumulative variance representation of the first three principal 

components. This conveys how much variance of the original data is retained when 

considering only the first three principal components, using the five sampling 

periods considered. From Figure 6.4, the amount of variance representation 

increases with an increase in sampling period i.e. a smaller sampling period like 20-

seconds, gives the least representation of variance, as compared to a higher 

sampling period of 1-hour. There are exceptions with individual 3 and 16, where 

the sampling period of 5-minutes yields a similar and higher variance representation 

to the 1-hour sampling period, respectively. In order to make the datasets 
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comparable, one sampling period is chosen that gives the best representation of 

variance and that is 1-hour. There will be 24 samples for each time trends (i.e. day 

of the experiment).  

 Presentation of Results 

The twenty individuals have been grouped into 4 Classes based on the measurement 

of contact events. Class-1 refers to a group of individuals with consecutive days of 

contact activity, without a loss of data or gap between the days. The remaining 

Classes do not have consecutive days of measurement. Class-2 refers to a group of 

individuals with contact events for seven days or less.  Class-3 refer to individuals 

with contact events for at least 8 days and less than 14 days. Class-4 refers to 

individuals with contact events of at least 14 days and more. A comparison of all 

dataset in a class is then summarised in a table at the end of each section. Appendix 

E is used as a reference throughout this section. 

6.4.1 Mapping the Variables to the Calendar Days 

There are twenty individual datasets with contact events logged for a period ranging 

from six to 18 days. Table 6.2 shows a calendar grid that is used to map the days 

that are the variables in this analysis, to the actual calendar day of the experiment. 

In Table 6.2, the cells that are highlighted in pink show the days that have been 

removed due to no contact events logged for that day. The cells highlighted in green 

represent the days that have been removed, as a result of only a single contact event 

logged that day and those days will carry the most weight, ultimately dominating 

the principal component analysis, which will bias the results and misrepresent the 

contact patterns. 
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Table 6.2: Calendar Grid for 1-to-1 Mapping Between Day Number and Calendar 

Day 

 

From Table 6.2, Individual 11, 16 and 18 have consecutive days of contact activity, 

12 days in total. The compliance of the participants wearing the sensors can also be 

observed. The more the number of days of no contact activity are observed, the less 

compliant the individuals are to the study. Some behavioural patterns can also be 

observed from this calendar grid e.g. most of the individuals did not wear the 

sensors on Saturday, 14-10-2017 or that the individuals are generally not in the 

household on most weekends. However, the importance of this grid is to compare 

the similarities between the calendar days of the month.  

 

 Class-1: Consecutive Days of Contact Activity 

This category of refers to individual 11, 16 and 18, who all have consecutive days 

of contact activity. All three individuals have 12 days of logged contact activity. 

The full analysis for individual 11 is presented and then a summary table is included 

for all individuals in this category. This will determine how the consecutive days 

of contact events vary over time. 

Date Calendar Day Ind 1 Ind 2 Ind 3 Ind 4 Ind 5 Ind 6 Ind 7 Ind 8 Ind 9 Ind 10 Ind 11 Ind 12 Ind 13 Ind 14 Ind 15 Ind 16 Ind 17 Ind 18 Ind 19 Ind 20

10-10-2017 Tuesday D1 D1 D1 D1 D1

11-10-2017 Wednesday D2 D2 D2

12-10-2017 Thursday D2 D3 D3 D3

13-10-2017 Friday D1 D1 D1 D1 D1 D1 D1 D1 D1 D1 D1 D3 D4 D4

14-10-2017 Saturday D2 D2 D2 D4 D2 D5 D4

15-10-2017 Sunday D2 D2 D3 D2 D3 D2 D2 D2 D6 D5

16-10-2017 Monday D3 D3 D2 D3 D4 D2 D1 D3 D4 D3 D3 D3 D3 D7 D6

17-10-2017 Tuesday D4 D4 D5 D3 D1 D2 D4 D5 D4 D4 D8 D5

18-10-2017 Wednesday D5 D1 D5 D6 D4 D2 D3 D5 D6 D4 D5 D4 D9 D6

19-10-2017 Thursday D6 D4 D3 D6 D7 D5 D3 D4 D7 D5 D6 D5 D1 D5 D10 D7

20-10-2017 Friday D5 D8 D6 D4 D6 D8 D6 D5 D6 D2 D6 D11 D8 D7

21-10-2017 Saturday D7 D6 D4 D2 D9 D7 D5 D7 D9 D7 D6 D7 D3 D7 D12 D9

22-10-2017 Sunday D8 D7 D5 D7 D10 D8 D5 D6 D8 D10 D8 D4 D8 D10 D8

23-10-2017 Monday D9 D8 D8 D11 D9 D6 D7 D9 D11 D9 D5 D9 D11

24-10-2017 Tuesday D10 D9 D9 D10 D7 D8 D10 D12 D7 D10 D6 D10 D12 D9

25-10-2017 Wednesday D11 D10 D6 D3 D10 D12 D11 D8 D9 D11 D8 D11 D7 D11 D13

26-10-2017 Thursday D12 D11 D4 D11 D13 D12 D9 D10 D12 D12 D8 D14

27-10-2017 Friday D13 D12 D5 D12 D13 D10 D13 D13 D9 D12 D15 D10

28-10-2017 Saturday D14 D7 D6 D13 D14 D14 D11 D14 D14 D10 D13 D16 D11

29-10-2017 Sunday D15 D8 D7 D14 D15 D15 D12 D15 D11 D14 D17

30-10-2017 Monday D16 D13 D9 D15 D13 D16 D12 D15 D18 D12
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6.5.1 Visual Inspection of Contact Events ï Time Trends 

In this section, the visual inspection of the time trends is presented. Each variable 

i.e. day of the experiment, is a measure of contact events over 24-hours. 

  

Figure 6.5: Contact Events over Time for Individual 11. The subplots i.e. y-axis shows 

the days of the experiment (top subplot is day one and bottom subplot is the last day) 

and the x-axis shows the hour of the day. Each bar represents contact events for that 

hour. 

Contact events for Individual 11 occur in the time range between 07:00 and 21:00. 

Day 2, 4 and 5 are similar, because contact events are consistently logged at similar 

times, even though the magnitude or intensity of contact events may differ slightly. 

Day 2 and Day 10 also show similarities in terms of timing of contact events.  Day 

6, 7 and 8 are also similar in terms of the time of logged contact events. Day 9 and 

11 are also similar. Day 1, 3 and 12 differ from the rest of the days, in terms of the 

time of logged contact events. From Individual 11, three clusters of similar days are 

observed. 
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6.5.2 Scree Plot 

The scree plots of all individuals in Class-1 are found in Appendix E.  

  

Figure 6.6: Scree Plot Showing Proportion Variance Represented by Each Principal 

Component 

An example is provided in Figure 6.6, this plot shows that the first principal 

component for Individual 11 accounts for 35% of the variation. The addition of the 

second principal component adds 23% of the variation. The cumulative variance 

representation by the first two and three principal components is 58% and 72% 

respectively. Choosing the first three principal components for Individual 11 will 

adequately represent the original variance, without significant loss of information 

in the original data. The first three principal components will be used to represent 

the contact events for Class-1.  
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6.5.3 Principal Component Loadings 

Table 6.3: PC Loadings for Individual 11 

 

Table 6.3, shows the contribution of each variable to the first three principal 

components. Each loading is considered a coordinate in the loadings plot. The 

magnitude or contribution of each variable is calculated as the square sum of the 

loadings for each principal component, given in the last column.  

 

 

Variable PC 1 PC 2 PC 3

Day 1 0,1237 0,2404 0,0874 0,081

Day 2 0,3078 0,2134 0,1998 0,180

Day 3 0,0902 0,1306 -0,0074 0,025

Day 4 0,2421 0,3501 0,2161 0,228

Day 5 0,3060 0,1283 -0,2739 0,185

Day 6 0,0834 0,3275 -0,1649 0,141

Day 7 0,1085 0,1461 0,0269 0,034

Day 8 0,0599 0,3037 0,0286 0,097

Day 9 0,2958 0,1015 0,1702 0,127

Day 10 0,0536 0,3837 -0,7310 0,684

Day 11 0,1984 0,0441 -0,0539 0,044

Day 12 0,4022 0,0786 0,3885 0,319

Contribution
PC Loadings - Individual 11
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Figure 6.7: Loadings Plot for Individual 11. This shows the span of the original 

variables in the first three principal components space for Individual 11 

From Figure 6.7, day 8, day 10 and day 12, are different from all the days. Two 

clusters of days can be observed, cluster one = day 2, day 4, day 7 and day 9; cluster 

two = day 1, day 3, day 5 and day 11. 

6.5.4 Comparison of Clusters 

From the visual inspection of time trends, there are three clusters observed of 

similar days, compared to two clusters of similar days from the loadings plot. The 

only consistency between the two visualisations are day 2 and day 4. The difference 

between these methods is that the visual inspection looks at the similarity in the 

timing of contact events i.e. how repetitive are the contact events over the days. 

Whereas, the loadings plot looks at the variation of the contact events in terms of 

the intensity or the weight of contact events, across the days, to determine the 

similarity between the days.  

6.5.5 Significance of Days to Principal Components 

Each principal component can be represented as a linear combination of the original 

variable, by expanding (17) from Section 5 i.e.  
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ὖὅ  ‌ὼ  

Where ‌ terms are given by the contribution column in Table 6.3 and ὼ terms 

represent the days of contact activity. The representation of the principal 

components as a linear combination of the original variables makes it easier to 

quantitatively determine, which variables are important towards the first three 

principal components and which are redundant. This is an important part of feature 

selection. Depending on a chosen threshold value, variables that meet the criteria 

can be regarded as significant. For example, if variables with a contribution of at 

least 10% are retained, then from  17 and Table 6.3: 

For Individual 11: day2, day4, day 5, day 6, day 9, day 10, day 12 will be important. 

6.5.6 Comparison of Clusters and Significant Days to Calendar Days 

In this section, the clusters and significant days that have a strong contribution to 

the principal components are compared to the original variables that represent the 

calendar days.  

According to the loadings plot for Individual 11, day 2, 4, 7 and day 9 form a cluster. 

These days represent Saturday, Monday, Thursday and Saturday, respectively. The 

second cluster is formed by day 1, day 3, day 5 and day 11. These days represent 

Friday, Sunday, Tuesday and Monday. Even though contact events for 12 

consecutive days of measurement are available for Individual 11, it shows that there 

is still clustering between these days, which means that some days are similar and 

some are different. The results also show that the clustering is observed across 

calendar days that are far apart. For a given threshold of 10%, the significant days 

for individual 11 are day 2 = Saturday; day 4 = Monday; day 5 = Tuesday; day 6 = 

Wednesday; day 9 = Saturday; day 10 = Sunday and day 12 = Tuesday. This shows 

that these days do carry important information to represent Individual 11ôs contact 

activity. The more significant the days are in the principal component space; the 

more variation they represent. This is also a measure of how important those days 

are in representing the contact activity of the individual. Therefore, Individual 11 
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has at least seven days that have a significant contribution to the first three principal 

components and a measurement of at least seven days is required to represent 

Individual 11ôs contact activity. 

6.5.7 Summative Comparison of Class-1 Individuals 

Table 6.4: Summary of Main Results for Class-1 

 

Table 6.4, shows a summary of the analysis done on Class 1. The table shows that 

there is a clustering of days that are similar for each Individual. The table also shows 

depending on the method used, different clusters may be observed. This table 

conveys that the contact events vary over the days and some days may be similar, 

but not all the days are the same. The higher the number of clusters, the greater the 

variation in contact activity across the days. This table shows that for these 

individuals, at least 7 days for Individual 11, and 9 days for Individual 16 and 

Individual 18, are required to adequately represent the contact activity, based on a 

minimum threshold of 10%. 

From this point onwards, the main findings from the remaining Class will be 

presented and the plots will be referenced from Appendix E. 

Time Trends Loadings Plot

Individual 11 72%

{d2,d4,d5,d10}; {d6,d7,d8}; 

{d9,d11}

{d2,d4,d7,d9}; 

{d1,d3,d5,d11};

2 3 7

Individual 16 59%

{d1,d12}; {d5,d7,d8}; 

{d9,d10,d11}

{d1,d2,d5,d8,d12}; 

{d3,d4,d9,d11}

2 3 9

Individual 18 61%

{d1,d2,d8}; {d3,d4,d5,d6}; 

{d9,d10}

{d1,d8}; {d7,d10}; {d5,d11}; 

{d2,d4,d6,d12}; {d3,d9}

5 0 9

Cumulative 

Variance

Clusters of Similar Days 
Individual ID

Number of 

Clusters: 

Loadings 

Plot

Number of 

Significant 

Days

Number of 

Outliers: 

Loadings 

Plot
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 Class-2: Contact Events for Seven Days or Less 

In this section, the results of individuals who have contact events logged for seven 

days or less are presented. In this category, the analysis of Individual 4, Individual 

13 and Individual 14 are presented. The focus will be on Individual 4, then a 

summative comparison will be given in a Table for all Individuals in this category. 

6.6.1 Visual Inspection of Contact Events ï Time Trends 

  

Figure 6.8: Contact Events for Individual 4. The subplots i.e. y-axis shows the days of 

the experiment (top subplot is day one and bottom subplot is the last day) and the x-

axis shows the hour of the day. Each bar represents contact events for that hour. 

Following Figure 6.8, it can be observed that the contact events for Individual 4 are 

fairly consistent over the days. Days 1, 2 and 3 are similar. Day 4 and 5 are similar. 

Day 6 and 7 are different from the other days, but could also form clusters. There 

are two cluster that can be observed for Individual 4. 

6.6.2 Scree Plot 

The scree plots for Class 2 are found in Appendix E. The cumulative variance 

representation by the first three principal components is 85%, 90% and 79% for 
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Individual 4, Individual 13 and Individual 14, respectively. This is a very good 

representation of variance.  

6.6.3 Principal Component Loadings 

The tables for the principal component loadings are found in Appendix E. In this 

section, the loadings plot and clustering of days is presented for Individual 4. 

  

Figure 6.9: Loadings Plot for Individual 4. This shows the span of the original 

variables in the first three principal components space for Individual 4. 

 Following Figure 6.9, there are two main clusters and two outliers. Day 2, 3 and 4 

are similar. Day 1 and day 7 are similar, even though they donôt have the same 

contribution. Day 5 and day 6 seem to be outliers. However, Day 4 and Day 5 span 

in the same direction of principal component 1, but day 4 also has a contribution to 

principal component 3, where day 5 does not. These days could also be seen as 

similar.  

6.6.4 Comparison of Clusters 

From the visual inspection of the time trends and the loadings plots, day 2 and 3 are 

consistent in similarity. Day 1 and 7 are not entirely similar from the time trends, 

but they do have contact activity around the same time. This also reflects in the 

loadings plot, both days span in the same direction, but are not on the same point in 

space, which makes them slightly different in terms of their contributions. Day 4 

and Day 5 are similar in the time trends and span in the same direction of principal 
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component 1, but not principal component three. The differences in grouping by 

the two methods could be that the intensity of contact events is difficult to visualise 

using only the time trends. The loadings plots give a good quantitative 

representation of the similarity and differences between the days.  

6.6.5 Significance of Days to Principal Components 

The principal component loadings tables for Class 2 are found in Appendix E. 

Using principal component loadings table and a threshold of 10%, then all the days 

for Individual 4 will be important. 

6.6.6 Comparison of Clusters and Significant Days to Calendar Days 

Two clusters from the loadings plot are observed for Individual 4. Cluster one is 

formed by day 2, day 3 and day 4. These days represent Saturday, Wednesday and 

Thursday. Even though these days seem far apart, except for Wednesday and 

Thursday, the contact activity across these days is similar. The second cluster is 

formed by day 1 and day 7, representing Wednesday and Sunday respectively. 

These days are also far apart, but their similarity can be grouped together. With a 

threshold of 10%, all the days for Individual 4 are significant in the principal 

component space. This means that none of the days are redundant and that at least 

seven days are required to adequately represent Individual 4ôs contact activity. 

6.6.7 Summative Comparison of Class-2 Individuals 

Table 6.5: Summary of Main Results for Class-2 

 

Table 6.5, shows a summary of the results for Class 2. These groups of individuals 

have contact events logged for 7 days or less. Class 2 shows a consecutive similarity 

Time Trends Loadings Plot

Individual 4 85%

{d1,d2,d3}; {d4,d5}; {d6,d7} {d2,d3,d4}; {d1,d7}

2 2 7

Individual 13 90%

{d1;d3} {d1,d2,d3,d6}; {d4,d5}

2 0 5

Individual 14 79%

{d1,d3,d5}; {d4,d6} {d1,d2,d3,d5,d6}

1 2 5

Number of 

Significant 
Individual ID

Cumulative 

Variance

Clusters of Similar Days Number of 

Clusters: 

Number of 

Outliers: 
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in contact activity. For example, Individual 4 has similar days between day 1-3 and 

day 4-6 and day 6-7, even though these are not consecutive calendar days. This 

group show a smaller number of clusters across these days and have more days 

forming a cluster as compared to Class 1. All the days for Individual 4 are 

significant in the principal component space. All Individuals shows a great deal of 

clustering across the days, which shows that not all the days are the same, but some 

days do exhibit similar contact activity. Class 2 also have the highest representation 

of variance, which means that the smaller dimensions of three principal 

components, really represents the original variance in the data very well.  

 Class-3: Contact Events for 8-13 Days 

In this section, the results for individuals with logged contact events for 8-13 days 

are presented. In this category, the results for Individual 2, Individual 3, Individual 

8, Individual 9, Individual 12 and Individual 20, are presented. The focus of this 

section will be on the contact activity of Individual 2, then a summative comparison 

across all other individuals in this category will be presented in a table.  

6.7.1 Visual Inspection of Contact Events 
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Figure 6.10: Contact Events over Time  for Individual 2. The subplots i.e. y-axis shows 

the days of the experiment (top subplot is day one and bottom subplot is the last day) 

and the x-axis shows the hour of the day. Each bar represents contact events for that 

hour. 

Following Figure 6.10, there are four clusters of similar days: cluster one = day 1 

and 3; cluster two = day 5 and day 6; cluster three = day 7, day 8, day 9 and day 13; 

cluster four = day 10 and 11. Day 2 and Day 12 seem different from rest of the days. 

6.7.2 Scree Plot 

The scree plots for Class 3 are found in Appendix E. The cumulative variance 

representation of the first three principal components is: Individual 2 (55%), 

Individual 3 (72%), Individual 8 (60%), Individual 9 (85%), Individual 12 (79%) 

and Individual 20 (70%). The first three principal components will represent the 

data without much loss of information in the original data.  

6.7.3 Principal Component Loadings 

The tables for the principal component loadings are found in Appendix E. In this 

section, the loadings plot and clustering of days is presented for Individual 4. 
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Figure 6.11: Loadings Plot for Individual 2. This shows the span of the original 

variables in the first three principal components space for Individual 2 

Following Figure 6.10, shows the loadings plot for Individual 2. This plot shows 

that many variables form a cluster. There are three main clusters: cluster one = day 

1 and day 3; cluster two = day 4, day 11 and day 12; cluster three = day 5, day 6, 

day 7, day 8, day 9 and day 13 

6.7.4 Comparison of Clusters 

From the visual inspection of the time trends, four clusters were observed, as 

compared to the three clusters from the loadings plot. Day 1 and day 3 are consistent 

in both plots. Day 5 and 6; day 7, 8, 9, and 13 are also consistent in both plots. Day 

5 and 6 are observed as one cluster from the time trends, but are a part of a bigger 

cluster of similar days from the loadings plot. Day 2 and day 12 are outliers in both 

plots.  

6.7.5 Significance of Days to Principal Components 

The principal component loadings tables for Class 3 are found in Appendix E.  

With a threshold of 10%, for Individual 2, day 1, day 2, day 3, day 4, day 5, day 6, 

day 8, day 10, day 11, day 12 and day 13 are significant in the first three principal 

components i.e. a total of 11 days are important. 

6.7.6 Comparison of Clusters and Significant Days to Calendar Days 

Three clusters are observed from the loadings plot for Individual 2. Cluster one is 

day 1 and day 3, these represent Friday and Monday, respectively. The second 

cluster is formed by day 4, day 10 and day 11; these represent Thursday, 

Wednesday and Thursday. Even though these days are not consecutive, but 

represent close calendar day, it shows that there is a repeatability of contact activity 

for some of the calendar days. The third cluster is formed by day 5, day 6, day 7, 

day 8, day 9 and day 13, which represent Friday, Saturday, Sunday, Monday, 

Tuesday and Monday. These are the last days of the experiment and fortunately, 

the calendar days were consecutive. This shows that for Individual 2, there is great 

deal of similarity across the days and that some of the calendar days have similar 
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contact activity across the experiment period. A total of 11 days are significant in 

the first three principal component space. 

6.7.7 Summative Comparison of Class-3 Individuals 

Table 6.6: Summary of Main Results for Class 3 

 

Table 6.6, shows the summary of the results for Class 3. This group of individuals 

have contact events that range from 8 ï 13 days. This group of individuals also 

demonstrate a clustering of contact events. This group of individuals have calendar 

days that have similar contact events shown in the clustering of the days. Individual 

2 and Individual 8 have a large cluster of similar days. Individual 9 has three 

clusters of similar days without a single outlier. From this group, it seems that the 

more the number of logged contact days are available, the greater the clustering of 

similar days. All the individuals in this group have at least 8 days of significant days 

in the principal component space, except for Individual 3 and five. The smaller the 

number of significant days in the principal component space, in proportion to the 

number of original days of measurement, the greater the similarity of contact 

activity, which is shown by the clustering of the days. 

Time Trends Loadings Plot

Individual 2 55%

{d1,d3}; {d5,d6}; 

{d7,d8,d9,d13}; {d10,d11}

{d1,d3}; {d4,d10,d11}; 

{d5,d6,d7,d8,d9,d13}
3 2 11

Individual 3 72%

{d1,d2,d6}; {d3,d4} {d3,d4}; {d1,d2,d6}

2 4 5

Individual 8 60%
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{d1,d2,d3,d7}; {d8,d9}; 

{d4,d5,d6,d10}

3 0 10
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{d3,d6}; {d1,d2,d7}

2 3 8

Individual 20 70%
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 Class-4: Contact Events or 14 Days or More 

In this section, the results for Individual with logged contact events for 14 days or 

more. In this category, the results for Individual 1, Individual 5, Individual 6, 

Individual 7, Individual 10, Individual 15, Individual 17 and Individual 19, are 

presented. The focus of the analysis will be on Individual 2, then a summary of the 

results for all the individual will presented in a table. All the plots for this section 

are referred to Appendix E. 

6.8.1 Visual Inspection of Contact Events ï Time Trends 

  

Figure 6.12: Contact Events over Time for Individual 1. The subplots i.e. y-axis shows 

the days of the experiment (top subplot is day one and bottom subplot is the last day) 

and the x-axis shows the hour of the day. Each bar represents contact events for that 

hour. 

Figure 6.12, shows the contact events over time for Individual 1. There are 16 days 

of logged contact events. There are four main clusters of similar days observed for 

Individual 1. In fact, there is only one outlier i.e. day 16, and the rest of the days 

form clusters of similar contact activity. A lot of the contact activity takes place 
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consistently in the evenings for Individual 1. Cluster 1 is formed by day 1, day 2, 

day 3, day 11 and day 12. Cluster 2 is formed by day 4, day 5, day 6, day 9 and day 

10. Cluster 3 is formed by day 7, day 8 and day 13. Cluster 4 is formed by day 14 

and day 15.  

 

6.8.2 Scree Plot 

The scree plot for Individual 1 shows that the cumulative variance representation 

of the first three principal components is 63%, which is good enough to represent 

the original variance in the data without significant loss of information. The scree 

plots are attached in Appendix E. 

6.8.3 Principal Component Loadings 

 

 

Figure 6.13: Loadings Plot for Individual 1. This shows the span of the original 

variables in the first three principal components space for Individual 1  

From the loadings plot in Figure 6.13, four clusters of similar days are observed. 

Cluster 1 is formed by day 1, day 2 and day 11. Cluster 2 is formed by day 3, day 

5, ay 8, day 10, day 12, day 14 and day 1. Cluster 3 is formed by day 7, day 9 and 

day 13. Cluster 4 is formed by day 6 and day 16.  
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6.8.4 Comparison of Clusters 

There are consistencies in the number of clusters observed from the time trends and 

the loadings plot. Day 1, day 2 and day 11 are similar in both plots. Day 5 and day 

10, as well day 7 and 13 are presented in similar clusters from both plots. The 

contact activity shows similarity across the days, with some days being more 

similar than others 

6.8.5 Significance of Days to Principal Components 

The principal component loadings for Class 4 are found in Appendix E. With a 

threshold of 10%, the following days contribute significantly to the first three 

principal components, for Individual 1: day 1, day 2, day 3, day 4, day 5, day6, day 

9, day 12 and day 16. A total of nine days are significant in the principal component 

space for Individual 1.  

6.8.6 Comparison of Clusters and Significant Days to Calendar Days 

There are four main clusters from the loadings plot for Individual 1. Cluster one = 

day 1, day 2 and day 11 and these are represented by Friday, Sunday and Monday. 

Cluster 2 is represented by day 3 = Monday, day 5 = Wednesday, day 8 = Sunday, 

day 10 = Tuesday, day 12 = Thursday, day 14 = Saturday and day 15 = Sunday. 

Cluster 3 is represented day 7 = Saturday, day 9 = Monday and day 13 = Friday. 

The third cluster is represented by day 6 = Thursday and day 16 = Monday. Even 

though the days of measurement are not consecutive, but the clustering of the 

specific calendar that exhibit similar contact activity. There are nine significant 

days for Individual 1 and these are Friday, Sunday, Monday, Tuesday, Wednesday, 

Thursday, Monday, Thursday and Monday. The calendar days that are significant 

show similarities. A total of 9 days would be required at least to represent the 

contact activity of Individual 1 
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6.8.7 Summative Comparison of Class-4 Individuals 

Table 6.7: Summary of Main Results for Class 4 

 

This group of has the highest number of individuals and the number of logged 

contact days ranges from 14 to 18 days. This group of individuals also demonstrate 

a series of clustering across similar days of contact events. This group in particular, 

has the largest number of days forming a single cluster. For example, Individual 6 

has one cluster of 12 similar days. Individual 10, 15 and 17 have a large cluster of 

9 days. Individual 1 and 7 have a large cluster of 7 days. This shows that for these 

individuals, the higher the number of contact days, the greater the similarity 

between the days. It also shows that for these individuals, the contact activity is 

fairly consistent and similar across the days. The number of significant days in the 

principal component space ranges from 8 to 11. This means that for these 

individuals at least 8 days of measurement are required to represent the contact 

activity.  

Time Trends Loadings Plot
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63%

{d1,d2,d3,d11,d12}; 

{d4,d5,d6,d9,d10}; 
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0,d12,d13,d14}
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Individual 7
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{d1,d9,d10}; {d2,d3,d11}; 
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 Summary 

The main analysis presented in this chapter shows that for all individuals that have 

been grouped into the four Classes based on number of available days of contact 

activity, demonstrate a consistent clustering of similar days of contact activity. The 

first three principal components for all individuals represents a good level of 

variation in the original data and has shown to be a good choice for reducing the 

dimensionality of the original data set to three dimensions for analysis. Each 

individual has at least two clusters of similar days, with the exception of Individual 

4 and Individual 6, from Class 2 and Class 4, who have a single cluster of five and 

twelve days of similar days respectively. There is also a similarity in some of the 

calendar days regarding contact activity. For an arbitrarily chosen threshold of 10%, 

the number of significant days in the principal components space ranges from 7-9 

for Class 1; 5-7 for Class 2; 4-11 for Class 3 and 8-11 for Class 4.  

The next chapter will critically discuss the results and use this to answer the 

research question, which is to determine whether the contact activity of an 

individual varies or remains similar across the days and the minimum number of 

days required adequately measuring and representing an individualôs contact 

activity. 
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ï   Discussion 

This chapter will discuss the results presented in Chapter 6, in order to the answer 

the research question of this research which is: do contact events between 

individuals exhibit similarity across the days and the minimum number of days 

required to measure and represent an individualôs contact activity. This chapter is 

structured as follows: section 7.1 will discuss the similarity of days. Section 7.2 will 

discuss the number of days required to represent an individualôs contact activity. 

Section 7.3 will discuss the limitations of this research. Section 7.4 will discuss the 

impact of this research and section 7.5 will discuss future work recommendations.  

 Similarity of Days 

Twenty datasets were analysed in this research, which represent the contact events 

over a period between 6 ï 18 days of 20 individuals from a pilot study conducted 

by the author. The individuals were grouped into four categories based on the 

number of available days of contact activity. These categories were Class 1, 

representing three individuals who had 12 consecutive of contact events; Class 2, 

representing three individuals who had 7 days or less of contact activity; Class 3, 

representing six individuals with days of contact activity between 8 and 13; Class 

4, representing eight individuals with 14 or more days of contact activity. The 

results of these individuals are summarised in Table 6.4, Table 6.5, Table 6.6 and 

Table 6.7, respectively. 

All individuals demonstrate a clustering of days similar in contact events. These 

clusters are determined from an automated process then verified visually. Visual 

inspection of the time trends, show the contact events over a 24-hour period, across 

the days of the experiment, and the loadings plot, which show the span of the 

variables i.e. days of the experiment in the first three principal components space. 

Days that have similar patterns form a cluster. The more clustering is observed, the 

greater the variation in contact activity across the days. If an individualôs contact 

activity is the same throughout the days of the experiment, then a single cluster 

would be expected. All the individuals have at least two clusters of similar days, 
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with the exception of Individual 4 from Class 2 and Individual 6 from Class 4, who 

have a single cluster of 5 days and 12 days, respectively. Individual 4 has 7 days of 

contact activity, of which five form a single cluster and two are outliers. Individual 

6 has 12 days forming one cluster and three days are outliers. For these two 

individuals, a conclusion can be made about their contact activity being similar 

throughout the experiment period, with a few outliers. 

The rest of the individuals in this analysis, have at least two or more clusters of 

similar days. This means that these individuals have at least two groupings of days 

of contact activity. This means that the contact activity is not the same throughout 

the experiment, but can be grouped according to clusters of similarity. The higher 

the number of clusters, the greater the variability in contact activity. Class one 

represents individual with 12 days of consecutive measurements. This group of 

individuals is important in demonstrating effectively the similarity or dissimilarity 

of contact events over time. This particular group shows that the calendar days that 

form similar clusters are far apart. The example from Individual 11 with two 

clusters shows that cluster-1 is formed by Saturday, Monday, Thursday and 

Saturday. The second cluster is formed by Friday, Sunday and Tuesday. This 

pattern of non-consecutive calendar days that form a cluster is consistent among all 

individuals. This result shows that contact events are not the same for all the days, 

even in the case of consecutive days of measurement. 

Class- 2 shows individuals with fewer days of measurement ranging from 6-7 days. 

There are few clusters of similar days within this group as seen from Table 6.5 i.e. 

1-2 clusters of similar days. From this class of individuals, the fewer the days of 

measurement, the smaller the number of clusters, which demonstrates less variation 

across the days of measurement. Even with these smaller numbers of clusters, the 

calendar days that form a cluster are still far apart or at least a day or two apart as 

shown in the analysis. Class 3 and Class 4, have more days of measurement. The 

results from Table 6.6 and Table 6.7 shows that there are more clusters of similar 

days formed from these group of individuals except for Individual 3, Individual 6, 

Individual 10 and Individual 12, who have 1-2 clusters. The rest of the individuals 

have 3-5 clusters of similar days. The results show that when increasing the number 
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of measurement days introduces more heterogeneity in contact events, hence the 

increase in number of clusters. However, from Class-4, the results show that in 

general, particularly Individual 1, Individual 5, Individual 7, Individual 10, 

Individual 15 and Individual 17 have large clusters i.e. more days forming a single 

cluster and this is the difference between Class-1 and Class-2, the number of days 

forming a single cluster.  This means that increasing the number of measurement 

days to greater than 14 may introduces redundancy, as more days demonstrate 

similarity by forming a single cluster.  

To answer the research question, the days of contact activity vary for a majority of 

the individuals and the number of clusters observed as shown in Table 6.4, Table 

6.5, Table 6.6 and Table 6.7 represents this. Class 1, have a number of clusters that 

vary from 2 to 5; Class 2, excluding Individual 4, have two clusters of similar days; 

Class 3, have a number of clusters that vary from 2 to 4, and Class 4, excluding 

Individual 6, have a number of clusters that vary from 2 to 5. Therefore, the days 

of contact activity between individuals do exhibit variation over time and this is 

represented by the number of clusters of similar days.  

 Minimum Number of Days Required to Represent Contact 

Activity  

As indicated in Chapter 3, studies of this kind have typically measured contact 

activity for 2-5 days. The average number of contact events per day is calculated, 

to determine if there is a variation in contact activity. An inference is made, based 

on this calculation that the contact activity remains consistent. A cosine similarity 

has also be calculated by Kiti et al  and Ozella et al [19], [36], which takes into 

account the similarity of neighbours of a network node. This cosine similarity is 

given by the equation below obtained from [36] 
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Where ύ ȟ and ύ ȟ are the weights (cumulative sum of contact events) on the 

link between node i and j  measured between two time points (i.e. two consecutive 

days), respectively [19], [36]. The cosine similarity is 1 if individual i had the exact 

same neighbours on the network for the two days of measurement, with the same 

fraction of time and 0 for the opposite [19], [36]. This is a measure of how similar 

the interactions between individuals in a household are. However, it does not 

account for the variation of contact events across the number of days for a given 

individual, because the measurement period was only 2-5 days, of which only two 

days of data was used for analysis. The limitation with this approach is that a 

household has a finite number of members and there is a high possibility that these 

members will be in contact with each other, most of the time. Therefore, the cosine 

similarity and average number of daily contacts, does not fully represent the 

temporal changes in an individualôs contact activity, especially over an extended 

period. 

 Similarly, work done by Kiti et al, in quantifying contact patterns in a rural 

community in Kenya, measured contact events for three consecutive days [19]. 

Work done by Vanhems et al [21] and Isella et al [23], measured contact patterns 

in a hospital ward and paediatric ward for 4 days and 5 days respectively. Stehle et 

al [7] measured contact patterns in a primary school for a period of 2 days. All of 

these studies used wearable proximity sensors. All of these studies have a potential 

of misrepresenting the contact activity of the individuals in their respective study, 

given the variation of contact activity across the days, as the results shows in this 

research.  

Principal Component Analysis is used in this research to determine the variation in 

contact activity and find clusters of similar days. The contribution of the original 

variables i.e. the days is determined by the loadings. Each loading determines the 

correlation between the original variable and the principal component. In this 

research, the first three principal components were used to retain a good 

representation of variation in the data. These three principal components were used 

to visualise the loadings representing the days of the experiment. A threshold value 

is typically specified to select the variables that have a significant contribution to 
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the principal components. This threshold depends on the type of data and type of 

analysis required. Some studies would choose variables that have 60% contribution 

to the principal components, other studies would choose a threshold value equal to 

(1 / number of variables) for uniform variables e.g. if there are 12 variables, a 

threshold value of 1/12 = 0.083 would be used to retain variables with a contribution 

of 8.3% and above [50]. In this research, to demonstrate the significance of feature 

selection, an illustration was made with a threshold of 10% to show that some 

variables are insignificant to the principal components and such variables can be 

left out.  

The results in the analysis show that for all the individuals, the number of days that 

have at least a 10% contribution to the first three principal components ranges from 

5-11. Days that have a significant contribution to the principal components, are the 

days that contain the most variation in the data, which means they contain the most 

important information towards the new set of variables i.e. principal components. 

Therefore, the number of significant days in the principal components space, would 

represent the minimum number of days to measure an individualôs contact activity. 

This is subject to the choice of the threshold level used to retain significant days 

and this value will have to be determined experimentally and validated in a bigger 

cohort of individuals.  

 Limitation s of Research 

There are several limitations to this research that may affect the conclusions made 

from the results.  

7.3.1 Quality of Data 

The first and important limitation of this research is the quality of the data collected. 

The data collected for this research was from ten household deployed in two sites, 

a rural and a peri-urban area. Five households were selected in both areas; this was 

constrained to ethics requirements, because this was a pilot study. Fifty-one sensors 

were deployed to 51 participants, from which 45 sensors were returned. From the 

returned sensors, only 20 sensors had usable data of at least 5 days of measurement. 
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This reduced the sample size significantly and made it very difficult to carry out 

household level analysis of contact events, because there was only one household 

of complete participant data. The percentage usable data as shown from Figure 6.3, 

demonstrates that 60% of the participants i.e. 12/20 have 60% of clean contact data 

and the remaining proportion of individuals had Ò 50% of clean data. This means 

that a significant portion of contact events are false contact events.  

The compliance of participants to the experiment was also a huge limiting factor. 

This entire experiment hinges on the compliance of individuals to wear the 

proximity sensor as required. Failure to do so leads to a lack of logged contact 

activity and a fewer number of consecutive days of measurement as seen in this 

research. The days of no logged contact activity had to be removed from the 

analysis and this has a potential of misrepresenting contact events and the patterns 

thereafter.  

7.3.2 Representation of True Contact Events 

The contact events that are logged are limited to the individuals being in close-

range physical proximity of <1.5 m to log an event. In some cases, individuals are 

not necessarily in that close range proximity to be in contact and/or are not wearing 

the sensors as discussed in the preceding section. This leads to a number of false 

negatives, which are contact events that should have been logged, but were missed. 

Unfortunately, there is no way of recovering these false negatives, unless 

supplementary data like contact diaries, user-filled time logs of contact events, are 

implemented. False negatives have a potential risk of misrepresenting the variation 

or similarity of contact events over time.  

Secondly and more importantly, individualsô logged contact events are inter-related 

to the logged contact events of other members of the household. The contact events 

of each individual, depends on the presence of another individual wearing the 

sensor. This poses a question of how true are the individuals contact events, if they 

depend on other individuals to log contact events. Can we truly rely solely on 

wearable proximity sensors to find patterns of contact activity, if compliance is an 

important measure and often lacks in studies of this kind?  Specifically, when 
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measuring the variation of contact activity over time, do individuals exhibit this 

variation of contact activity over time or is it a function of other members being 

present and wearing the sensors. This is an important limitation in the 

representation of individualôs true contact activity.  

The cleaning of the data relied solely on the status flag value indicating motion of 

the sensors. Although this is important in determining whether the proximity 

sensors are worn or not, there are cases where individuals could be sitting still for 

some time and a status flag value, based on changes in accelerometer data, might 

log that state as stationary, therefore those true contacts might be cleaned out as 

false contacts. Secondly, the sensors need to be directly in front of each other to log 

contact events. In cases where individuals are sitting adjacent to each other e.g. 

watching the TV from the same angle or walking adjacent to each other, those 

contact events may not be logged. This represents once again, the false negatives 

mentioned above and it is a known challenge in studies of this kind. Batteries also 

run out of power and this was the case in the pilot study conducted by the author. 

Batteries need to be consistently replaced, when deploying a study of this kind for 

a long period. Failing to do so, leads to missed contact events and a 

misrepresentation of an individualôs contact activity. 

7.3.3 Limitations of PCA 

PCA requires a dataset to be normalized and standardised in order for each variable 

to contain the same weight, otherwise this leads to bias and certain variables will 

dominate the analysis [50]. In this research, the days that had no contact activity 

were removed, because there is no information. However, the days that had a single 

contact event, would dominate the principal component analysis, because of the 

weight they carried and these days were removed as shown in Table 6.2, the 

calendar grid that maps the variables to the calendar days. Although this data 

preparation step is necessary for PCA, removing those days of single contact 

activity, might misrepresent the individualôs contact patterns. It could also be that 

on those particular days there was little or no compliance from other members of 

the household, leading to these very sparse contact events on those days. In this 

research, PCA has been shown to find good patterns in contact activity, through the 
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clustering of similar days and determining the minimum number of days required 

for measuring contact events. This is subjected to good and consistent data of 

contact activity.  

 Impact of Research  

Contact patterns between individuals are important in complex behavioural science 

and network science often used in epidemiological studies. Contact patterns 

between people have an important association in assisting the understanding of 

transmission of infectious diseases. Contact patterns are used to parameterize 

transmission models in public health research, determine contact rates between 

people, age-mixing patterns between people, internet of things and social network 

analysis. This research specifically, will contribute towards understanding the 

temporal patterns of individualôs contact activity. Understanding that there is 

clustering in individualôs contact activity, will help develop better models of 

complex behavioural science.  

A major contribution of this research is the recommendation of the minimum 

number of days required for representing an individualôs contact activity. This 

shows that previous studies may have potentially misrepresented the contact 

patterns between individuals by only measuring for a shorter period. This will be 

important in shaping future studies that will use wearable proximity sensors to 

measure and represent contact patterns between individuals. 

The cleaning of algorithm proposed in this research will enable a more efficient and 

robust cleaning of contact events that can be scaled up to datasets of any size. The 

representation of temporal contact events in a matrix format, will allow for 

automated analysis techniques in signal processing, image processing, data science 

etc. to find new ways of representing and analysing data of this kind.  

 Future Work  

Future work will need to apply the techniques used in this research in a much bigger 

dataset in order to compare and validate the findings. A compliance measure of 
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other individuals in a household, needs to be factored into the representation of an 

individualôs true contact events over time. This will require complete household 

data from all participants to cross-validate logged contact events.   

Future studies could also look into a comparison of the number of clusters versus a 

10% threshold (or threshold of any kind) in representing the minimum number of 

days required for measurement. Each cluster represents the number of similar days 

in the principal component analysis. If these days are similar, this can be considered 

as a representation of a single dayôs worth of contact activity. The reason this was 

not explored in this research, is that every individual had outliers that did not form 

a cluster and the weight of these outliers needs to be determined in order to conclude 

that each cluster represents a dayôs measurement of contact activity. However, a 

specified threshold to retain the number of important days remains a valid method. 

Future studies could also explore what the minimum number of days required is for 

a good representation of an individualôs contact activity. This research 

unfortunately was limited by the poor quality of data collected and the findings may 

not be generalizable, but rather a reflection of the artefacts in the data.  

The cleaning algorithm needs to be applied to a secondary dataset that has been 

cleaned using a different method. In this way, the derived cleaning algorithm can 

be validated using a secondary and bigger dataset. This is open to future work and 

could not be done using the current cohort of individual datasets, because of the 

quality of the data. 

Classification of contact activity across the days can also be done on this type of 

data. Individuals can be classified according to the contact activity and asses the 

association of such classes of contacts to the spread of infectious diseases.  

Public health studies looking into household contacts can use this type of data to 

classify different households according to the individual contact activity and this 

may or not have a significance in assessing factors that may drive household 

transmission of infectious diseases. 
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 Summary 

In this chapter, a discussion of the results is presented to answer the research 

question in this masters. It is found that there are similarities between some of the 

days of an individualôs contact activity and some days are different. This is 

represented by the clustering of similar days. The more clusters an individual has, 

the greater the variation in the contact activity over the days. The number of days 

required to measure an individualôs contact activity, could not be conclusively 

determined, because this depends on the threshold chosen for feature selection and 

that the number of significant days vary across all individuals from 5-11 days. 

However, it was demonstrated in this research that 2-5 days of measurement would 

not be sufficient to represent an individualôs contact activity, because of the 

clustering of days that are observed and that the calendar days that form the clusters 

are not consecutive calendar days. Research limitations of the quality of data, the 

representation of true contact events and limitations of PCA in this study, were 

discussed and recommendations on potential future work were made. 
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ï Conclusion 

Representing wearable proximity sensor data in a manner that enables automatic 

analysis of the data will play an important role in expanding the way this type of 

data is understood and processed. Proximity sensor data plays an important role in 

the understanding, measuring and modelling of human social behaviour and how 

this plays a role in complex social systems. Studies that used wearable proximity 

sensors, including earlier methods of contact diaries and friendship surveys, have 

made assumptions on the similarity of contact patterns over time. These 

assumptions have led to shorter periods of measurements of contact events, which 

range from 2-5 days. Many of the social behavioural models, including those that 

are used in public health for modelling the spread of infectious diseases, have 

parameterised models based on data from previous studies that only measured 

contact patterns for a short period of time. The aim of this research was to 

investigate and quantify the similarity of contact events over time for individuals 

and determine the minimum number of days required, to adequately represent an 

individualôs contact activity. 

An efficient cleaning algorithm was implemented that used both the contact and 

status dataset, represented as matrices of daily logged contact events and status flag 

values. Using these two datasets in a matrix representation, an element-wise 

multiplication of the contact data and status data, made it easier to clean the data, 

by using the logged movement status of the sensor. This algorithm is efficient, easy 

to implement and can be scaled to larger datasets, without requiring individual 

inspection of each sensor to determine what a false and true contact is. 

Individuals were categorised in four classes, based on the number of available days 

of contact events. Class-1 represents individuals with consecutive days of contact 

events. Class-2 represents individuals with seven days or less of available contact 

events. Classs-3 represents individuals with available days of contact events 

between 8-13. Class-4 represents individuals with contact events of 14 days or 

more. This categorisation made it easier to group individuals and compare the 

similarity of days within each class and across the individuals.  
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From visual inspection of the data, all the individuals regardless of the category, 

exhibited similarity and variation in contact events across the days. The similarity 

was represented by clusters of similar days identified and the variation was 

represented by the total number of clusters of days for each individual. The higher 

the number of clusters, the more variation in contact activity. Principal component 

analysis was used to reproduce the findings from the visual inspection of contact 

events in a quantitative manner. All the individuals had at least two or more clusters 

of similar days, except for Individual 4 from Class 2 and Individual 6 from Class 4. 

These individuals had one main cluster of similar days with a greater proportion of 

days forming the cluster. The analysis of loadings plots which shows the clustering 

of the different days, shows that some days are similar and other are different. For 

studies that measured contact events for 2-5 days, will most likely under represent 

the contact activity of individuals, because of the clustering of days.  

The second part of the research was aimed at determining the minimum number of 

days required to adequately represent an individualôs contact activity. PCA allows 

for the representation of the original inter-correlated variables in a new set of 

uncorrelated variables called principal components. Each principal component is a 

linear combination of the original variables. The contribution of each original 

variable to the principal components is determined the value of the loadings. It was 

demonstrated in this research that some variables are more significant in the 

principal component space than others. The smaller the value of the contribution, 

the more insignificant that variable is to the principal component. There has been 

no experimental evidence on data of this kind to suggest a threshold of retaining 

variables that are more significant and therefore, should be retained. A threshold of 

10% was used in this research to show how some variables can be discarded from 

the analysis. With this threshold, the minimum number of variables that are 

significant in the principal component space varied across all individuals from 5 -

11 days. This means that at least five days of measurement for some individuals is 

required to adequately represent the contact activity of those individuals. The data 

set was too small; to determine experimentally what this ideal threshold should be. 

This should be explored in future studies with a bigger cohort.  
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The findings of this research will be important in transmission models that use 

contact patterns to calibrate their models for simulation of disease transmission. 

This will also play an important role in modelling human behaviour in complex 

social behavioural systems. The quantitative representation of the proximity sensor 

data, allows for many other analysis tools in signal processing, machine learning 

and big data analytics to mention a few, to broaden the scope for representation and 

analysis of data of this kind.  

Future work should look into applying the methods used in this research to a bigger 

cohort of individuals to validate and compare the findings. A compliance measure 

should be considered to factor in the logged contact events of other members in the 

household to cross-validate the contact events for each individual in the household. 

A comparison of the number of clusters versus a threshold for retaining significant 

variables, should be explored as a means to determining the minimum number of 

days required to represent an individualôs contact activity.  Machine learning tools 

can be considered in future studies towards the classification of individual contact 

activity and assessing the association of these classes of individual contact 

activities, in assisting the understanding of transmission dynamics of infectious 

diseases, required in public health research. 
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Appendix B ï Proximity Pilot Study 

Design  

B1. Introduction 

In this section, a summary of all the operational procedures and design 

considerations are presented for the deployment of the proximity pilot study. The 

study was deployed in Agincourt, Mpumalanga and Jouberton, Northwest for a full 

three weeks in October 2017.   

 

B2. PHIRST Study  

This research is nested in the PHIRST Study (Prospective Household observational 

cohort study of Influenza, Respiratory Syncytial virus and other respiratory 

pathogens community burden and Transmission dynamics in South Africa). The 

PHIRST Study is run by the National Institute for Communicable Diseases (NICD) 

and is a household-level community cohort study implemented in two sites in South 

Africa. The first site is a rural community in the Mpumalanga Province, where the 

study is conducted within the Health and socio-Demographic Surveillance Site 

(HDSS) at the Medical Research Council (MRC)/ Wits Rural Public Health and 

Health Transition Unit (in Agincourt). The second site is a semi-urban community 

in the Jourberton Township in Klerksdorp, in the North West Province, under the 

Perinatal HIV Research Unit (PHRU) of the Chris Baragwanath Hospital. This 

study has been running for three years, from 2016-2018 and will conclude in 

October 2018. The data for this research is obtained from a study ran by the author 

within the PHIRST study, where ten households were approached and enrolled and 

individuals were asked to wear the proximity sensors for three weeks. The aim is 

to use these datasets to automatically identify contact patterns between individuals 

at a household level.  
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B3. Household and Participant Selection 

A household is defined as people living in the same yard and share the same kitchen. 

People of the same household may live in different buildings on the same property 

i.e. a backyard room/building for sleeping purposes. People living in outside 

dwelling who do not eat communally with the main household are not considered 

household members even if they are family. For the purpose of this pilot, members 

who are not enrolled in the PHIRTS study will not be approached. This will ensure 

compliance as PHIRST participants are already familiar the process and the field 

workers have established a very close working relationship with the participants. A 

household must have at least 3 members and more than 80% of household members 

must consent to participate prior to the household being enrolled.  

 

Randomization and Household Selection Criteria 

A list of randomly selected households is generated at the beginning of the study at 

each site. The randomization list is generated by NICD for both sites (Klerksdorp 

and Agincourt). The randomization process is as follows:  

1. A total of 15 households will be selected at random for each site to allow for 

refusals i.e. 15 households will be randomly selected from 55 households at 

Klerksdorp and 15 households will be randomly selected from 53 households 

at Agincourt. 

2. Once the 15 households have been selected, the top 5 households that meet the 

criteria detailed below (point 3) will be selected and approached for enrolment.  

3. The selection criteria will be as follows: 

a. One household will need to have at least one infant below the age of 

1. 

b. One household will need to have at least one child between 1 and 7 

years of age. 

c. One household will need to have at least one child (between 7 and 

13) 

d. One household will need to have at least one child (between 13 and 

19) 

e. One household will need to have at least one adult (above 20 years)  

The purpose of this criteria is to stratify the sample of households and 

participants according to the give age groups list above.  

4. Once the top 5 households have been selected, each household will be 

approached to explain the study and sign the consent forms once the members 

have indicated an interest to participate.  
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5. If a household refuses to participate, the next eligible household which falls into 

the relevant subgroup will be approached.  

B4. Consent Forms and Enrolment 

There are four forms that the field workers go through with the participants for consent. 

It is important that the field worker go through the forms carefully with the participants 

before they can grant consent to participate in the study. These forms are: 

 

ü Assent Leaflet for Individuals 7 ï 17 Years: This is an information leaflet for 

children between the age of 7 and 17. The purpose of this document is to 

explain the study clearly to the children, the requirements, their rights and all 

legal considerations.  

ü Pilot Study Informed Consent Form - Adults: This is the consent form for 

adults, explaining to the participant what it is they are consenting to.  

ü Pilot Study Informed Consent Form - Minor: This is the consent form for 

minors signed by the parent on behalf of the minor.  

 

Once the consent forms have been signed and collected, the participants are now 

enrolled in the pilot study. For the pilot, the participantsô details will be populated in 

an excel file where meta data will be created containing the participantsô study ID, 

age, gender and name. This file will be used to create an inventory of all the proximity 

tags and associate these to the participants.  

 

B5. Deployment of the Proximity Study 

The deployment of the proximity study includes the packaging of the proximity 

sensors, the design of the pouch that will be worn by the participants and the daily 

operational procedures during the study. 

Packaging of the proximity tags: The proximity sensor is a light-weight, coin 

shaped tag that contains sensitive electronic components on its surface. These 

components can be easily damaged and need to be protected appropriately. The 

following is done to ensure the safety of the users (participants) and the tag itself  

ü The tag is covered with a transparent plastic material, as show in Figure B.1, 

to protect against water, sweat and damage from possible scratches.  

ü The tag is safely placed in a small, square pouch made from fabric. This is 

both for aesthetics and protection. 
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ü The tag is worn as a lanyard as shown in Figure B.2. The tag is made of a 

white material, this is done to make it easier for the school children and 

working adults to wear it underneath their clothes.  

ü A safety pin is sewn on the tag itself for infants and attached directly onto 

their clothes. This is done to protect the infants from possible strangulation 

from the cord of the lanyard.  

 

Figure B.1: Proximity tags covered in plastic for protection 
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Figure B.2: Front and Back of proximity tag pouch worn by the participants 

Daily Operational Procedures: The following are the procedures that the 

participants follow throughout the study and these are monitored by two weekly 

visits conducted by the field workers to monitor the participants and address any 

concern that arise: 

ü The participants are each given a white pouch containing the proximity 

tags, with their study IDôs written on the back of the pouch. They are 

required to wear the tags every day, throughout the day for the duration 

of the study. 

ü Permission is granted by head masters of the schools, to allow the 

school-going children to wear the tags at school.  

ü Working adults are asked to wear the tags to work and beneath their 

clothes (if they wish). 

ü The tag is designed as a lanyard and can be worn even in bed time, with 

a very light material for comfort and convenience.  

ü The participants are encouraged to wear the tag at night. However, if 

they are uncomfortable they need to store them securely in the storage 

pouches which are provided as indicated in the below point and 

remember to put wear them in the morning. 
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ü Storage pouches made of foil are provided and this will shield the radio 

frequency signals when the tags are not used. 

ü The storage pouches have to be stored in the same location, preferably 

the kitchen where they will be easily accessible and visible to remind 

the participants in case they forget to wear the tags.  

ü School children will wear the tags in the morning as they get ready for 

school and keep them on throughout the day. 

ü School children will need to keep the tags on after changing their school 

uniform. The head of the household or care giver will be tasked to 

monitor and ensure that the school children keep the tags when they 

come back from school and after changing their uniform. 

ü Care givers will need to clip the tag on to the clothes of the infants using 

the safety pin on the pouch. This is a protective measure as the lanyard 

cord may pose a risk to infants (i.e. strangulation) 

 

Supplementary Data: This is the data that will be used to supplement the 

measurements from the tags and will include a time log, a daily visit questionnaire 

done by the field workers and an acceptability questionnaire at the end of the study. 

1. Routine Visits 

 

The field workers have a routine visit questionnaire, administered online using 

RedCap database platform. The questions address what the daily experience of 

wearing the tag is, if the participants forgot to where the tags and why, challenges 

encountered so far. This type of routine monitoring is to ensure that any problems 

that arise are dealt with timeously so that the data collected from the sensors can be 

as accurate and meaningful as possible.  

B6. Data Quality Control Measures 

There are a number of things that can go wrong with data collection, from missing 

data, damaged tags, swapping of tags etc. Some are beyond control, but there are 

measures that can be put in place to ensure that data collected is as good as possible.  

1. Corrupted Data 
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Data can be easily corrupted by swapping tags of participants which will give 

an incorrect representation of the contact patterns. This can be done by either 

the participants themselves when they incorrectly wear someone elseôs tag or 

the field worker could assign a tag to the wrong participant. To avert this, the 

tags themselves are labelled at the back with the participantsô study ID (shown 

in Figure B.3) and on the pouch itself, with the participantsô study ID. 

 

Figure B.3: Rear view of tag with participant study ID. 

For the participant tag shown in figure 6, the study ID is: K138-002. This type 

of double-labelling on the tag and the pouch ensure that the right individual 

receives the right tag. The participants know their study IDôs and are 

encourage to only wear the pouches with their study IDôs and not swap them 

around.  

2. Noise 

The proximity sensors are continuously exchanging power packets with 

sensors that are in close range. If the tags are not worn, but are in close 

proximity to each other, they will continue to log proximity events which is 

not a true reflection of the situation. This is common in the evenings when the 
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participants are sleeping and may have taken the tags off and placed them 

together. This will generate noisy readings which can be filtered out using the 

time-stamp and accelerometer readings. A second control measure that can be 

put in place, is storing the tags safely in foil pouches which will contain the 

RF-signals and help minimize noise. Figure B.4 shows an example of the foil 

pouch.  

 

Figure B.4: Front and rear view of the foil pouches 

The foil pouches are made of paper and wrapped with foil on the exterior. The 

paper inside is used to prevent the reflection of the RF-signals which could 

heat up the sensors. The impact of the foil pouch will be analyzed from the 

data.  

3. Meta Data 

Finally, a spread sheet containing all the meta data is compiled. This includes 

the tag ID on the proximity tag itself, linked to the participant study ID, their 

name and surname, age and gender. The name and surname will be omitted in 

the analysis for confidentiality purposes. Figure 6 below shows a snapshot of 

the meta data file. 
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Figure B. 5: Meta data file for linking proximity tag IDôs to the participants 
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Appendix C ï Raw Data Extraction 

C1. Raw Data Extraction 

In this section, the detailed process of raw data extraction is explained. The section 

begins with the system infrastructure, followed by data extraction and the 

preparation of the raw data for the next stage which is the data pre-processing.  

C2. SocioPatterns System Infrastructure 

This process relies exclusively on the proprietary software developed by the ISI 

Foundation in Italy and the library and specific processing details cannot be shared 

for protection of intellectual property. The system is developed on a Linux platform 

and the system infrastructure is shown in Figure C.1 

 

Figure C.1: System infrastructure of the SocioPatterns platform for the proximity study 

The system consists of a JLink programmer, a reader and downloader, all attached 

via USB connections to the laptop. The reader is only used to visualise the activity 

of the proximity tags in the real live environment during deployment, which will 

not be used in the study. The proximity tag is attached to the downloader which acts 

as a dongle. The programmer is a small pc board, with a microprocessor that is used 

to load a proprietary firmware (developed by the ISI Foundation in Italy) onto the 

proximity sensor. Linux commands are used to interact with the programmer and 
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downloader. The data is downloaded from the proximity tags using this 

infrastructure.  

C3. Data Extraction 

Data extraction relates to the download of data from the proximity sensors to 

produce the final raw csv file. Figure C.2 shows the flow diagram of this data 

extraction process.  

 

Figure C.2: Flow Diagram of Data Extraction Process 

The dotted part of the diagram shows the processing points in the data extraction 

process that are run using the proprietary libraries developed by SocioPatterns from 

the ISI Foundation in Italy. The process begins with the data download stage and 

ends with a raw csv file that is exported to be imported into Matlab.  

Data Download: Every proximity tag used in the study is inserted onto a 

downloader shown in figure 4 and Linux commands are run on a terminal to begin 

the download process triggered by a python script developed by the ISI Foundation. 

Specific details of this download process are outlined in Appendix C. Once the data 

has been downloaded from all the tags, the files are encrypted and ready for transfer 

to the ISI. This is done by sharing the files on Dropbox and this is the basis for 

encryption, to protect the data in transit through the network. Once the files have 
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been received, the files are decrypted into an hdf5 format and this file is imported 

into another script where the unpacking of the raw data begins.  

Unpacking Raw Data: The hdf5 file is loaded into a Python Notebook where the 

unpacking of this data is done. The hdf5 file contacts the contact dataset and status 

dataset, which are extracted separately into a Dataframe.  

 

Figure C.3: Contact Dataset Extracted from the hdf5 file  

 

Figure C.3, shows the Dataframe in Python created from the hdf5 file. In this 

Dataframe, the contact data is found with 9 fields. The figure has been explained in 

chapter two of this proposal, but the important point to highlight here is how the 

merging of the metadata file is done. The uid1 an uid2 fields are the hardware IDs 

of the sensors, which are merged with id1 and id2 (sensor IDs), during the download 

stage. It is these IDs i.e. id1 and id2 that are merged with the metadata, explained 

in the next paragraph. 

Meta Data:  
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The meta data is important for analysis and interpretation of the proximity sensor 

data. The meta data in the proximity pilot study includes the sensor IDs, the 

household ID of each individual, the individual study ID, the site name and the age 

of the individual. The important data is the Household IDs and the Individual IDs, 

because the raw data can be grouped according to these IDs.  

 

 

Figure C.4: Merged Contact Dataset 

Figure C.4, shows the merged contact dataset, which is very important towards 

understand how the household and individual contacts are separated. Following 

figure 6, the Site Name, Household ID and Individual IDs are important in the 

separation of the dataset into the various household and individual contacts 

explained in the next paragraph. 

Household and Individual Contacts: From the merged contact dataset, there are two 

fields for both Household ID and Individual ID. These show the two individuals 

who are in contact. The dataset is further split according to the site name, household 

ID and then individual ID, before exported to csv. It is the individual contacts that 

are the most important at this stage, as the focus of this masterôs research is the 

cleaning of false contact events from the true contact events.  
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Figure C.5: Snapshot of the Final Raw Data File with Power Attenuation Values 

Between Two Tags at a Time t 

The data in Figure C.5, above shows the power attenuation values of contact which 

is the difference between the transmitted and received power, between any two pairs 

of tags, denoted by Individual ID_x and Individual ID_y. Each row in figure 10 

represents a logged contact event.  

To re-iterate the challenges with data, the contact data set contains rows of contact 

events which are logged as power packets exchanged between two sensors at time 

t. The assumption is that individuals are wearing the sensors at all times, but this is 

not the case. The objective, which will be explored in the sections to follow, is to 

determine which of these contact events are true and which are not. 
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Appendix D ï Raw and Cleaned Data 
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Appendix E ï PCA Results 

E1. Class 1 

E1.1 Time Trends 
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E1.2 Scree Plots 

 

 

 

 



 132 

E1.3 Principal Component Loadings 

 

 

 

Variable PC 1 PC 2 PC 3

Day 1 0,5517 0,0490 0,2715 0,380

Day 2 0,2119 -0,1044 0,0336 0,057

Day 3 0,0044 0,0976 -0,0411 0,011

Day 4 0,0027 0,1791 0,1345 0,050

Day 5 0,2687 0,0147 0,1849 0,107

Day 6 0,4545 -0,0820 -0,4759 0,440

Day 7 0,2314 0,1100 -0,6526 0,492

Day 8 0,4751 0,0368 0,2538 0,292

Day 9 -0,0158 0,3297 0,0615 0,113

Day 10 -0,0915 0,8005 -0,2018 0,690

Day 11 0,0243 0,3747 0,3277 0,248

Day 12 0,2889 0,1865 0,0501 0,121

PC Loadings - Individual 16
Contribution

Variable PC 1 PC 2 PC 3

Day 1 -0,00723 -0,27835 -0,28107 0,157

Day 2 -0,29481 -0,67783 -0,18699 0,581

Day 3 -0,17008 -0,23523 0,191375 0,121

Day 4 -0,05975 -0,47849 0,359374 0,362

Day 5 -0,03085 0,004961 0,046154 0,003

Day 6 0,067987 -0,15632 0,306923 0,123

Day 7 -0,43398 0,23313 0,096979 0,252

Day 8 0,083297 0,027113 -0,15304 0,031

Day 9 0,025559 -0,00171 0,705103 0,498

Day 10 -0,77947 0,254614 0,07459 0,678

Day 11 -0,20289 -0,18549 -0,12553 0,091

Day 12 0,174059 0,000775 0,269462 0,103

PC Loadings - Individual 18
Contribution
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E2. Class 2 

E2.1 Time Trends 
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E2.2 Scree Plot 

 

 

 



 136 

E2.3 Principal Component Loadings 

 

 

 

 

Variable PC 1 PC 2 PC 3

Day 1 0,2770 0,0205 -0,2122 0,122

Day 2 0,2213 0,0459 0,2908 0,136

Day 3 0,3126 0,2270 0,0306 0,150

Day 4 0,5214 0,0991 0,5990 0,640

Day 5 0,4821 -0,1018 0,0614 0,247

Day 6 0,2958 0,6829 -0,5499 0,856

Day 7 0,4299 -0,6778 -0,4522 0,849

Contribution
PC Loadings - Individual 4

Variable PC 1 PC 2 PC 2

Day 1 0,4604 -0,0924 -0,0919 0,229

Day 2 0,1887 0,1393 0,1351 0,073

Day 3 0,4301 0,3245 -0,1266 0,306

Day 4 0,0313 0,1102 -0,9565 0,928

Day 5 0,5522 -0,7413 -0,0073 0,854

Day 6 0,5115 0,5524 0,2058 0,609

Contribution
PC Loadings - Individual 13

Variable PC 1 PC 2 PC 3

Day 1 -0,0526 -0,4786 -0,1401 0,251

Day 2 -0,0298 -0,2039 -0,0103 0,043

Day 3 -0,1526 -0,4689 0,2522 0,307

Day 4 0,1367 -0,2144 -0,9072 0,888

Day 5 -0,1641 -0,6224 0,2105 0,459

Day 6 0,0051 -0,2080 -0,1025 0,054

Day 7 0,9630 -0,1813 0,1972 0,999

PC Loadings - Individual 14
Contribution
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E3. Class 3 

E3.1 Time Trends 
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E3.2 Scree Plot 

 

 






















