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Abstract

Data from wearable proximity sensaan beused to measure and describe social
contact patterns between individuals in a household. Previous work describing
contact patterns, has been quaNtatand relies on visual, subjective observations.
Data of this kind halseencollected for a short periaaf measurement ranging from

2-5 days.An automated, quantitative analysis of contact patterns could enable an
accurate and new representation of damatact patterns.

Data was collected from ten househofds,21 daysin 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 experimentoagstimatethe
minimum number of days required tme sampledto validly represent an

i ndividual 6s contact activity.

The results show that there is a great variation in contact activagsathe days of

the experimentasrepresented 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 11 days.Furtheranalysison a larger cohorhas a
potential to provide better social contact parameters for complex social behavioural
modelsand may assist in understanding transmission dynamics of respiratory

pathogensneeded in public health research
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Chapter1TInt roducti on

This chapter introduces the research by discussing the background to the problem
investigated in section 1.1. This is followed ¢Bctionl.2 the formulation of the
research problem which includes the research questioitsagignificance Section

1.3 outlines the research aims amgbact Lastly, section 1.4 outlines the structure

of the dissertation.

1.1 Background to Problem

The colection and analysis of digital information of daily activitiesm mobile
devices and social media networks, are changing the understanding of human social
interactions and behavio[k], [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 epideogmal spread of diseases, through
social contact networl4]i [3]. Contact patterns have been studied in a number of
settings that measure agexing patterns, distributionfaontacts 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 taieatimethods

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 yeafd]i [7]. This type of contact has been important in parameterising
models used in agebsed modelling, developing predictive social behaviour
models and understaing the contact dynamics between individuals in a given
social setting[1]7[4]. Defining contact patterns between individuals includes
identifying the individuals in contact, the frequency and duration of these contacts,
and where these contacts ocfli; [4]7[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 sensord1], [2], [4]i[8]. All of these methods have merit and some
importantlimitations thatare outlined belw.

Summarising the work frorfb], [6], [9]1[16], contact diaries have been the main
methodology for quantifying and describing contact patterns between individuals
in a given social setting like a hotnsdd, a school or work placeParticipants are
given a questionnaire to identify the individuals they were in contact with, how long
those catacts lasted for and how oftekdditional information like age and gender

is also asked to categorise these sypecontact$5]. This method is syécted to

recall bias, under reporting and lack of participafen [6]. Other studies like the
AReal ity Mining Project dooth deviddd ahd smérta v e
phones to infer proximity and contact patterns between participants, where
Bluetooth logs, call logs and Wi connections have been used to measure the
proximity of participantd4], [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 faeéace proximity [4], [8], [17]. New
technologies have been déayged by SocioPatterrj48] that use (radidrequency
identification) RFID technology to measure mutual proximity between tags in
contact with one anoth§t]. 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 smallthag emits lowpower radio
frequencieq19]i[24]. All the research papers published on the use of wearable
proximity sensors, have calibrated the sensors such that proximity events wf <1.5
are logged1], [4], [6], [7], [19]i[24]. The devices interact diry¢ with other
devices facing each other, in this way it captures close range physical proximity
between individual§l]. 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 beevelbped 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 carriedton proximity sensodata, is the construction

of contat matrices and contact netwofkk [4], [6], [7], [19]i [24]. A contact
matrix is a two dimensional representatic
i.e. the rows and columns on a contact matrix represent the individuals in contact
and the entries of the matrix are the total nambf contacts logged between
individuals[1], [4], [6], [7], [19]i [24] These provide the distribution of contacts,

the rates and mixing pattes across different age groufpB9]i[24]. Contact
neworks show visually the contactlations within a househol@5], [26]. The

nodes represent individuals in contact and the links represent the total number of
contacts between the individugd5], [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 thatilcl 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 thmber of tags scales up and may not accurately
represent the true contact events. A contact network provides @asdasome
quantitativerepresentation of the contadt®wever, the contact events represented

as weights or edges in a network, are a cunwaelaummation 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 a signal only occurs when two or more
sensors are inontact(close proximity)1]. There are two datasets derived from the
proximity sensor: the contadataset and the status datd4ét[19]. The contact
datase consists of contact event logs which are represented by a power signal in
dB between two sensof$], [19]. These contact events are timestamped and are
logged as and when two sensors are in contact with each[bthgt], [6], [7],

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

an activity flag which indicates whether a tag is stationary onotion based on

18



changes in accelerometer dHth [19]. The® two datasets are sampled at different
periodg1], [19]. The contact dataset is sampled as2@onds and the status dataset

is sampled at Fminuteg[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 ottconta
patterns, without relying on visual and subjectiviorection of the data.

Wearable proximity sensors are used as a proxy for-ctosge physical contact
between two or more individuals wearing the sensors [1]. When two individuals
wearing the senssiare 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 clasénpity to each other,

the sensors wiltontinueto log contact events [1]. These are false contact events,
because they do not represent the individuals, but the sensors iprdgseity
instead [1]. In ths research, the contact astdtusdatasetsre used to clean the true
contact events. This 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 statrarytagwill be assumedalse Conversely, contact events that

are logged together with an activity status value indicatingnation, will be
assumedo be truecontact events. Once the true contact events are identified, then

the resulting dataset usd to find dailypatterns 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 gbbUpg]. The
contact matrices computed in literature show that children have the highest number
of contact events, followed by adUlfg, [12]. This is a summation of contact events
between the different ageayps. Little is known about tempornaatterns in the
contact events and whether ot these pattes can be clustered into groups
Secondly, studies of this kind that use wearable proximity sensors, have deployed
such sensors for-2 days and assumed that contact activity between individuals in
a household, remains the same througtimeasurement 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 diatparticular, temporal
changes i.e. hourly or daily changes in contact activity, cannot be easily determined
atafirst glance A time series representation of contact events, will be a good start
towards finding patterns in the proximity sensor d&attern recognition is
concerned with the discovery of regularities in input data in order to interpret and
represent these regularitigy]. Regularities in dta are defined as patterns where
there is a repeat or similarity in data trends observed in thda¥gtalrhere 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 researchdataof loggel contact events for individuals enrolled in a pilot
studyareanalysed. Each individual has logged contact events fortt@@dperiod

over several days of the experimenhis analysis will aim to determine whether
there are similarities or differences tontact events across the days of the
experimentand what the minimum number of days are required to adequately

represent an individual s contact acti vif

1.2 Formulation of Research Problem

As indicated in the previous sections, the work done on analysisximity sensor
data is largely qualitative and based on visual inspection of the data. Very little is
known about the temporal patterns in thetaohevents between individual¥ his

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

representanindividal 6 s cormMtact activity
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1.3 Research Aims and Significance

There areghreemainaimsér t hi s masterdéds research, whi
below. All of these objectives will attempt to answer the research question

mentioned in the above section.

1.3.1 Research Aims

U To develop andapply a method for mathematically representing contact
paterns, to enable automated analysis. This will also help towards
developing an efficient, automated cleaning algorithm that can be applied
to datasets of any size.

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

U To determinghe minimum number of days required, to correctly represent

an individual 6s contact activity over

1.3.2 Significance of Research

This work will contribute significantly towards thmplementation andnalysis of

proximity sensor data.

An automated methofbr cleaning the proximity sensor data more efficiemtily

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

relying on visual, subjective observations of the dagermining the similarity or

dissimilarity in days o€ontact eventsyill determine the minimum number of days
required for representing an iwillteadvi dual 0
to better representation of contact patterns, improved parameters in complex social
models and assist in modelijinransmission dynamics of infectious diseases that

rely on contact patterns between individuals.

1.4 Structure of Dissertation

Section 2 providethe backgroundor 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 wamk dnd methods
that will apply to this research.

Section 4provides the experiment setup, where and how the research was
conducted. This research isdisciplinary between the fields of epidemiology and

signal processing.

Section Sdetails the researahethodology used in this research. This includes the
representation of the raw data, the cleaning of the raw data@nged for analysis
of the daa.

Section6 presents the results of the analysis on all the contact datasets for each
individual in thestudy.

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 rssuhnd

recommendations for potential future work.
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Chapter2i Bac kgr ound

This chapter provides the background information that contextualises tlaschese
The chapter begins with the ethics statement, which has been approved through
bigger study conducted by the National Institute for Communicable Diseases
(NICD). Section 2.2 outlines aetailed explanation of the operation of the
proximity sensors, including the type of data that exist. The third section
summarises the type of@aggs that is and can be applied to this data.

2.1 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 Researckthies Committee (HREC), which includes the
proximity sensoistudy pilot[28]. Thecommittee has granted the ethics clearance
Participants aged 18 years and older sign written consent.féongarticipants
younger than 18 years of age, the parent or guardiandesownritten consent for

the child. Assent is obtained from children between 7 yearsl@ngkars by a
similar process. Ethics Clearance is attached in Appelhdotearance number is
150808

2.2 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[1§wW7], [19]i [23]. The aim of

these studies as to understand social contact patterns that could possibly drive
transmission of infectious diseaqdé&9]. SocioPatterns is a collaboration between
three groups of researchers and developers from the Institute for Scientific
Interchangs (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 transmidower radie
frequency signals between each otfidr [19]. This technology measures direct
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faceto-face mutual proximity and repregs close interactions between individuals
which can be associated to possible transmission of infectious diseases based on
direct faceto-face contacfl], [19]. The devices consist of an integrated stack of
technologies that enable the monitoring, logging and analysis of human mobility
and proximity event§l8]. The design of theags is as shown iRigure 21. The
proximity tag is a small, lightveight, coinshaped wearable radio device that
individuals can wear embedded inside a badge or a apgonch and can sense

the close proximity between individuals wearing similar t@bs [19]. The
technology consists of a sensing and a data layer which are summaris¢ti8,om

[29] in the following subksections.

Antenna

LED
Button

Figure 2.1: Surface View of Proximity Sensor

Figure 21, 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 Semicantbr nRF51822 microchip and it is deemed

safe for use in sensitive environments such as hospitals, schools and hoy&¢holds

2.2.1 Sensing Layer

The sensing layer is built on top of the OpenBeacon active RFID devices designed
by Bitmanufactory in the UK29]. The sensing functionality is based on the
exchange of ultrdow power radio signals betweerettvearable devicdi]. Face

to-face proximity of individuals wearing these devices directly fagagh other
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can be assessed continuously with a temporal resolution of 2 sgdpndse
devices se the licenséree 2.4 GHz Industrial Scientific and Medical (ISM) band
of the radio spectrum, which is the same band used by Bluetooth afd Wi
networks [1], [18], [29]. This tehnology is patented in the EU by the ISI
Foundation and Bitmanufactory and the cost for each sensor is $28]00

2.2.2 Data Layer

The SocioPatterns platform comprises both atigs processing stream and an
offline data analysis processing stred8], [29]. The realtime processing stream

is intended to construct live applications and services likeiraalvisualisatiorof

tags in the sensing environmdaB], [29]. The offline data analysis is used for
processing recded 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 fromdividuals in the household.

2.2.3 Proximity Sensori Contact Data

The raw data obined from the sensors are extracted by using proprietary software
developed by SocioPatterns from the ISI Foundation in i}y As this software

is proprietary, the libraries cannot be shared for protection of intellectual property.
The NICD and ISI have a collaboirge partnership comprising the PHIRST study
and the raw data is made available to the researchers. The schema of thia raw da

looks as shown ifrigure 22.

epoch uid1 proto uid2 tx_pwr rx_pwr id1 id2

t
2017-11-04 08:00:19+02:00 1509775215 1841250951 30 1837375701 -16 -89 79724950 696327.0
2017-11-04 08:00:19+02:00 1509775215 2121794081 30 3626331444 -16 -92 7972750 T97268.0

2017-11-04 08:00:19+02:00 1509775219 4223683453 30 4111321376 -16 -69 797282.0 696459.0
2017-11-04 08:00:19+02:00 1509775215 4223683453 30 3399982693 -16 -89 797282.0 6G4477.0
2017-11-04 08:00:19+02:00 1509775218 3230102427 30 1841250951 -16 95 797247.0 T797249.0

Figure 2.2: Dataframe from Python Notebook Showing the Structure of the Data



Figure 22, s hows t he Dataframe from python not «
the times t a mp . The Aepochd column contains |
converted to any time zone for anal ysi s.
t he hardwar endl Odasg 02f rteasgpelcta vel y. The Ay
flag indicator which indicates a proximity event between the two tags. The

Aitx_pwro and Arx_pwro columns indicate
packets between the two tags in contact respectivelye | ast col umns i
Aid20 are the tag I Ds on the sensor itse

line 1 inFigure 22: at 08:00 on the 841-2017, individualswith tags ID797249
and696327were in contact with each other with a power threshold i.e. difference
in transmittedtx_pwr) and received powdrx_pwr) of -75 dB. This data can be
analysed using python scripts exported in a .csv format and analysssg R,
Matlab and other related platformihis data will be analysed in Matlab, because
of the powerful analytical toolboxes that come with the pack&égeletailed

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

2.2.4 Proximity Sensori Status Data

Statusdata is a second dataset obtained from the proximity sensor data. It is logged
every 15 minutes, for each sensor, with an aategt timestamp

t flags acc_x acc_y acc_z voltage Household ...|Individual ID
2017-10-09 ... 16 -0.1875 -0.4375 -0.94921875 (2.9 K104 K104-004
2017-10-09 ...|0 -0.22265625 |(-0.45703125 |-0.9296875 |29 K104 K104-004
2017-10-09 ...| 16 -0.5625 -0.55078125 (-0.70703125 |29 K104 K104-004
2017-10-09 ...|0 -0.375 -0.41796875 (-0.90234375 |29 K104 K104-004
2017-10-09 ...|0 -0.32421875 (-0.30078125 |-0.95312% |29 K104 K104-004

Figure 2.3: Status Data from Proximity Sensor

Figure 23, shows a screenshot of the status data. It consists of the timestamp, a
flagsfield which is a status code that represents activity state of the tag at the time
of the logging e.ga flag = 0, indicates the tag is stationary and fldg, indicates

a tag in motion Thechanges iraccelerometer coordinates are used to determine

the value of the flag, which is used to determine whether the séagiisnaryor not.
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This computationd built into the firmware, developed by IShese two datasets
(contact and status) attee primary source of analysis for this research

2.3 Current Analysis of Proximity Sensor Data

This section will summarise the methods that can be used to extract featdres
analyse proximity sensor or comparable data. The section begins witis¢hof
network analysisa 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 da.

2.3.1 Network Analysis

Understanding complex systems, requires knowledge of the interactions of the
components that make up that sysf@si . A network is essentially a catalogue of

a systemébs components (called nodes or
referred to as edges or ling&5], [26]. Network analysis is widely applied in the
analysis of contact events from proximity sensf#S], [26]. Individuals are
represented by the nodes of the network and the contact events between the
individuals are represented by the links between the nj@¥s[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 ofeansidg

having a specific degree; clustering coefficients, which is a measure of probability
of neighbours of a node sharing similar nodey, [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 netwWb, [25], [26]. This

is important in social contact analysis for public health researahderstanding

contact patterns that may drive transmission of infectious diseases.
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This type of analysis relgeon 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 agespecific distribution of conta 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 d Proximity Sensor Data and Industrial Alarm Data

Proximity sensor data is analogous to industrial process alarm data, where alarm
triggers are everbased, with an associdtemestamp for each alarm trigger event
and the tag IDs of the alarms triggered also logged30]i [34]. The proximity
sensors data isimilarly eventbased, 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 otlig}, [4]. The analysis of industrial process
alarm flood dataanalsobe 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 operd®@0], [31]. Analysis of alarm flood data is
important in roofcause analysief disturbances in the plant and for alarm flood
prediction to warn the operators in tineg an imminent alarm floogi30]i [34].
Similarity measures are used like distance betwsénts and clustering similar
points based on the distance score comp|&@}il [34]. This technique works well

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

a household coulte consideredo be similar to process alarm data, where each

contact event is similar to an alarngger.

2.3.3 Pattern Recognition

Pattern Recognition involves the automatic representation or discovery regularities
in a given dat§27]. Pattern recognition hasibrigins in the engineering discipline,
whereas machine learning grew from the field of computer sc[@@¢eThere are
different approaches to finding patisrin data which include, but are not limited

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

datg based on similarities in the features of the data and mak&agcpons about
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future outcomespased on statisticahalysis[27]. The paragraphs below outline

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

Supervised LearningSupervised 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 inpli27]. These algorithms are used when the labels are known
[27]. Supervised algorithms are used in classification problems, regression models
and play a important role in pattern recognitipa7]. The patterns in proximity
sensor data are unknown and it is difficult to assign labels to contact event data,
whenclusters (if they exist) are not known or well defined. A supervised learning
algorithm, will workwell once clusters in the data are known with the associated

labels.

Unsupervised Learningthese define the type of problems where the labels or
classesare not known and machine algorithms are used to identify groupings or
similarities in the datf27]. These type of algorithms are important when pattern in

a gven data set are not known and as such, data points with similar attributes are
clustered togethef27]. Unsupervised algorithms play an important role in
geneating hypotheses or new knowledge from the d&f. This type of

algorithms could be applied towards pattern recognition of contact evefi2 data

Dimensional ReductionrSome data sets are multidimensional and often, patterns
are not easily observed from the original dgtd]. Such data sets need to be
transformed, by reducing the number of dimensions in dodavserve patterns in

a lower dimensional spac5]. 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 dadexploratory 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
researchThe proximity sensor data multidimensional and to the knowledge of

the author, the tempal features of contact evedata havenot 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 arttlese 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 cloaage facdo-face
communication between individuals in a given setting. The proxiseitgors log
contact events as they occur. However, as outliméne 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 docuiment t
literature review related to the work done on the analysis of the contact amdnts
methods that wilareadapted for this research
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Chapter3T L1 t erature Revi

This chapter reviews the literature that relates to the work tha¢semted in this
research. The first section discusses the current methods used-fpoogessing
proximity sensor data and their limitations that will be addressed by this research.
The second section describes the feature extraction using PrincipaloG&mp
Analysis technique anglattern recognition

3.1 Cleaning of Proximity Sensor Data

As mentioned in the introductory chaptproximity 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 bifiti et alandOzella et a[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 consistginofestamped contact events, sampled at 20 seconds.
The cleaning approach followed B§iti et al and Ozella et al[19], [36], is to
aggregate the contact events by hour and ploetfa@sa chosen period of time.
These types of plots will show the temporal evolution of the contact events. The
assumptionhey makas that if there is nehange in contact activity for an extended
period then thoséoggedcontact events amaost likelyto befalse contact events
which could imply that the sensors were placed together and not worn by the
participantg19], [36]. This form of analysis is repeated for each indivicegsor

in the sampl¢l19], [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-zodiam

state, respectivel{19], [36]. There are other flagalues, whichare related to
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memory error, ramory size, battery level etthat are not of interest in this

particular case.

Using the flag statuiti et al andOzella et al[19], [36], plotted the flag status
values i.e0 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 theensor$19], [36]. As a result of thikiti et alandOzella et alwere

only interested in cutting out these periods of inactivity i.e. evening times where
the sensors were notown [19], [36]. In their work, they define a time of active
period i.e. dagtime as the period between 06:00 and 22:00 and the period of
inactivity i.e. evening between 22:00 and@® where any contact events logged
between the period of inactivity would be cut out from the dataset as[th6ise
[36].

Although this plays an important rolegteaningout utnwanted 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 fal$be flag values will be used in this research to
make a distinction between contact events and proxievents. 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 bei@contact event, because a tag

in motion will represent an individual wearing the tagotder toachieve thisthe

two datasets will have to be synchronised i.e. sampled at the same time. A series of
eventbased status data will be transformed to a discrgtalivith equally spaced
samplesThe next section will show the methods that caagmied 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 2.3.430]i [34]. Both Industrial Process alarm data and proximity sensor
data are everttased, multidimensional datasets that represent an alarm trigger and
proximity events respectiveljd], [4], [30]i [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]i [34]. Similarly with proximity sensor data, in a given period of 20
seconds, a single sensor can log up to three proximity events witartmore
sensors in the same proximity sensing environrfign{4], [19], [36]. Proximity
sensor data can be represented as time series data of iproswent 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 tH&m, [38]. The proximity sensor

data consists of a series of event based signals, with two data sets (andtact
status) that are sampled at different perifids [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 minutesctvimakes the two data sets asynchronous
[1], [4], [19]. In order to overlap the contact proximity sendata with the status

data, theséata sets will be transformed and sampled at the same samplindy perio

in order to generate a series of discrete signals, with equally spaced daTjiles

[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
datagt and the status datasetdsnein order to carryout an elementwise
multiplication of the two matrices. This willetermine the true contaetents from

the false contact, explained below.
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Data Cleaning

The proximity sensors data provides two informaiie. the logged contact events

and activity status of the proximity sensors. Using matrix representation of the two
information, an elemenwise multiplication of the matrices, calledHadamard
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

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

3.2 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 firsf part o
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 etal [1], developed a framework for the representation of contact events
from proximity sensors. Thiframework defines a contact event, as a single event
that lasts for at least 2econds between any pair of proximity sensors. This
frameworkis used in this research to represent each contact event between two
individuals as a time series of events,hngqually spaced samples of-28conds.
Using, the concept of industrial alarm count, each contact event that has been
logged in the same 28econd period will be summed as a contact event count. This
will yield a time series representation of contact éseA contact event matrix,

from this time series representation of contact eventspmputed. This contact
event matrix,js used to find hourly and daily patterns of contact events between

individuals.

The literature pertaining to studies that have lemgnted 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 individualg a given setting ranges frorfR2daysand the number of days

used for analysis are typically®days of measuremef#], [21], [23]. A cosine

similarity has been implemented by Kiti et al and Ozella et al to medsere t

similarity of contact events over tinjig9], [36]. In their work, they have found that

i ndividual 6s contact activity remains f ai
measurement should adequately represent ¢
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 agasy method to implement that
allows for dimensional reduction of highly correlated datasets, feature selections
and pattern recognition in the reduced datp&di [45]. Visualisation of patterns

in a highly correlated dataset does not reveal easily the dynamics of the dataset
[42]i [45]. PCA allows forthis dimensional reduction, without losimguch the
variation in the original dat@@2]i [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
ahigher dimensiof42]i [45]. This method is used widely in signal processing, fault
diagnosis in industrial processe®gattern recognition in a number of fields such

as image processing, evérdsed data analysis and industrial procelggs[49].

PCA transforms a set of highly correlated variables to a new set of orthogonal,
uncorrelated variables called principal compond&®. This transformation is
important to extract the most important information from the original variable, by
retaining the original variance in the d@#]. In this way, principal amponents

that represent the least amount of variance can be discarded such that the dimension
of the original data can be reduced, without losing much varigs@e [51].
Patterns came identified in the reduced principal component dimensional space

through exploratory analysj50].



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 datg[42]i [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 d@g In image processing, PCA is
applied in object identification in an image, by selecting the best features that
account for the st variation in the da{d6]i [49]. This technique is qtied facial
detection algorithms, object identification in computer vision and in image
compression algorithn{d6]i [49].

In industrial processes, robots are used to automate repetitive tasks and thus
increase productivity39], [43]. Often faults occur and sometimes the delayed
response to various faults in plants may have cost implicatiorig 382]39], [43].

Fault prediction models are used to optimise the detectioautdsfbefore 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 fem@ant log patterngt3].

Rootcause analysis is often carried out in industrial process to analyse the
propagation of faults tough an industrial production procgSg]. This is done by
investigating measurements of process variables like pressure and flow, but this is
often limited to one section of the plgBR]. PCA enables the uftidimensional
representation of process measurement variables, for each section of a plant and
determine which measurements contributes the most to the observed disturbances
in the plan{52].

3.2.4 Application of PCA to Social ContactEvents

PCA represents a dataset of multiple interrelated variables, by a set of new
uncorrelated variables called principal compongb@. The goal of PCA is to
extract the most important mfmation 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 informatig®0]. Variables that d not contain
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important information are redundant and can be discarded from the afalysis
[51]. Applying this method tcsocial contact eventghe similarities in contact
events across the days can be determined. Using feature selection, the variables
days that have a significant contribution to tipeincipal components can be
determined and used to determine the minimum number of days required to
describeani n d i v rodtactaktivits{51], [53].

In summary extensive previous research sought to describe contact patterns
between individuals using wearable proximignsor data. All of the wortone up

to this pointhas relied on qualitative assessmeairith visual observations of contact
patternsand some quantitative representation of contact events through network
analysis The only contact patterns tleknown from data of this kind is the age
distribution of contact eventahich 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 thardics in the contact event
data over time. PCA was successfully used for many other applieatidrsignals,
which has similar properties to the proximity sensdata. This method could
represent the temporal patterns of contact events and extracbghenmportant
features that represent the most important information in the contact data
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ChapterdT ExX peri ment Setu

In this section, a summary dtfie study designis 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 secti®action 4.1 providethe 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.

4.1 PHIRST Study

This resarch 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 Af#&ja)

The PHIRST Study ismplementedby the Naional Institute for Communicable
Diseases (NICD) and is a househt#del community cohort study implemented in
two sites in South Africg28]. 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 semniban community in the Jourberton Township in
Klerksdorp, in the North West Provincender the Perinatal HIV Research Unit
(PHRU) of the Chris Baragwanath Hospital. This study ran for a period of three
years, from 2012018. The data for this research is obtained from a pilot study ran
by the author within the PHIRST study 2017 whereten 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 identedgt
patternsacross the daybetween individuals at a household level.

38



4.2 Logging of Contact Events

The proximity sensor is a radio frequency wearable sensor used to detect mutual
proximity between individuals by exchanging powackets thaare translated into

a proximity measuremefi].
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Figure 4.1: lllustration of Proximity Sensor Environment within a Household
obtainedfrom [1].

Figure 41, 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 irFigure 41. 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. NemB 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

4.3 Experiment Design

Ten householdsereselected randomly, five households in both the rurdiaban

site. All the participants in the studyere asked to wear a small, ceghaped
proximity tag to measure mutual proximity between participants in contact with
each other. The participanigererequired to wear the tags throughout the day and
in the evening. Routine visitsereconducted by the field workers and the author,

to check the operational state of the tag, ensure that the tagvaselbrn correctly
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and to assist with any concerns that the participlaadisA detailed outline of the

expeiment 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 petirban community. Wearable proximity sensors were deployed to
paticipants 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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ChapterSTResedMredcimhodol ogy

This chapter explas the research methods outlifedthisma s t reseadcBThe

data that will be used for analysis comes from a pilot study that has been conducted
by the author in Octady 2017.The first section in this chapter, beginsthvia
mathematical represtation of the data. Section S2tails the cleaning algorithm
Section 5.3 presesithe application of the PCA method for pattern recognition.

5.1 Mathematical Representation of Proximity Sensor Data

In this section, themathematical represeniat of proximity sensor data is
provided The mathematical formulation derived in this sectsomsed towards the

guantitative analysis of contact events from the proximity sensor data.

5.1.1 Proximity and Status Signals Representation

Proximity sensor signals are evdraised signals that only exist at specific points in
time. A proximity eventd Ohbdh [ [-16;-70], is a logged event between two

sensorgn A1 @ at timet, measured in dB.

At time t, a proximity event will acur if and only if, two sensors come in close
proximity to each other, otherwise, no proximity event will be logged i.e.
0 whohd  miff & ®& @ are in contact. This contact event can be further

defined as:

ph Qo 1

O OGO e e e s
ThOoM&E €wE € 08owd0 I QQ

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

event, respectivelyAn analogy can be made to industrial process alarm count,

where thereean be more than onéaem evens logged within the same period. In

this studyds data, a single sensor can | c
sensors for the same time period irs&@onds. The analysis will focus on the total

number of proximity events logged byobasensor at time This is given by:
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Wherei is the selected individual in the household whose contact event count is
calculated. For example, consider an individil, from household of4

individuals, the contact emécount at time: is given by:

6 G 6 & hoh
6 ohdbh 6 o 6 dhd

The contact event count will give the contact activity of each sensor in terms of
total number of proximity events at each time interval. Teisresentation 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:

o~ p {leQQ SLIEQIQE € 0 Q¢ ¢
Y ho L v ot r gt s s e s w o
Tth QIQQ ¢ (WEQRHT 0 WO Q¢ ¢ VI W

Where® hrepresents the individual sensor dns the time point at which the flag

field was logged.

5.1.2 Representation of Time Series

Each sensor data can be rgemted as a vector of proximity events for each 20
second interval for 24 hours, for each day of the experiment) L&fiQ denote
the contact event vector for individualWwhered represents the day number alg.

= [1; m], wherem = last day of expement andk is the discrete sample niver.
The contact event vector for a single day of contact evegigdn by:
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Wherei represents the individual numbdrepresents the dand is equal to 1 in
this casek represents the discrete sampleli.e.[1; N] whereN is the total number
of samples for each day = 4320daily contact event matrix can be defined using
these vector representations, for each individual sensor, given by

O=

(@]]

g ™0
< 4

M Mh

Wherei represents the individual,represents the day number &nid 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, representsct@vieents for the
last day = m of the experiment. Similarly, with the status dataset, a daily status

matrix can be defined as follows

"Ypp  E YD
Y ThQ € E € ®
Yahp E Yah)

The matrices ir(5) and (§ 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-cappng from the previous section 5ttue contact events are assumed to have
occurred when a logged contastent is matched with an active status flag i.e. the
tag is in motion withY ‘ChQ = 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 flagiafii@ating the

tag is stationary or not in use

5.2 Cleaning of the Time Series

In this section, théladamardproduct will be computed between the daily contact
matrix in (5) and the ddy 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 matri€ and daily status matri$§, both having the same
dimensionM-by-N, whereM represents the days in the experiment Aihdhe
contact events over a-2ur period, sampled at 20 second intervals, yielding 4320
samples. Define a daily contact event maias:

Where each element &fis
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The resulting matrixg, is the daily contact event matrix of dimensionx n,
representing the true contact events between individuals wearing the sensors. This

matrix is given by

_ Qpp E Qph
0 hQ € E é P
Qap E Qah

Wherei representshe individual,d is the day of the experiment from day 1nto

(last day andk is the discrete sample number frém 1 toN, whereN = 4320.

5.2.2 Summary

Up to this point, n 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 removifig@se contactghat only represent the sensors in
proximity. The next objectives to find patterns in the cleaned data and analyse
these. Principal Component Analysisusedto representhe original variation in

the datain a reduced dimensional spa@xplore patterns in the data and find

clusters in the data based on similarilatites.

5.3 Pattern Recognition

In this sectionthe 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 sectipresents the application Bfincipal
Component Analysis reproducing the patterns observed by visual inspection, in

a gquantitative manner

5.3.1 Visual Inspection of Contact Events

A plot of all contact events over the number of days of the experiment widiriee

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 ovewthe 24
period in day. Days with similar periods of contact activity will be identified

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



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. Reriod 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 variatioontect 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 thetwte and
relationship between the observationd aariables in the datag&0]. The clusters
observed through visual inspection will be compared to those identified through

principal componerdinalysis.

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 purposéPriicipal
Component Analysis i® quantify and summarise the partant information in a
datasetthat is described by multiple inteorrelated variable§50]. PCA then
extracts the most importamtformation in a dataset, represented by the variation
that exiss in the data, and represents this as a set of new, uncorrelated variables
called principal componentf60], [54]. These principal componts are linear
combinations of the original variables. In so doing, the variables that contribute the
most to each principal compongcan be considergd carry the most information

in the dataand those that do hare considered tadd redundancy tiné data and

can be removefb4].

Overview of Principal Component Analysis

Let X denote a data matrix withl-by-N dimensions, wher# is the number of
observationsand N is the number ofmeasurements or featureBCA uses

eigenvalue decompositicof a covariance matri given by:
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WhereC has dimensionhl-by-N, where the number of dimensions®fs equal to
the number of variables or columns of data mattixThe covariance matrix in (1)
is decomposed into a set of eigenvecWigsing eigenvalue decomposition, given
by

T o 8 o p T

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 aginal variables of data matriX. The columns o¥ 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 covariameatrixC will also yieldM eigenvalues

dm. The linear transformation of the observationXa$ given by

1 it PP

Where matrixT in (11) is called a score matrix and has dimensigiRBy-N. The
columns of matriXW are ordered by the highest valuedafin decreasing order.

The firstR components that contribute the most to the variation of the original data
are selected, such that< N. In this way, the dimensions of the score matrix are
reduced, based on the value of R selection. The new scoig imaiven by

1 7= PG

Where the dimensions of matsk areM-by-R. The value ofR 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 plotloa madesing the matrix in (10

and (13, respectively. This will show a plot in thed®mensionspaceand patterns

can be observed from these plots. External known information about the data like
meta data or any process specific information, depending ogpgé®t 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 PCAmethod outlied in sectior8 is applied to visualise the patternsocointact

events for eaclindividualsin the experimentThe variables are the days of the
experiment and the observations are the contact events over the hours of the day.
The sampling period that prioles the best representation of the variance, will be
determinedThe goal is to observe if there are similarities or differencesynof

contact activity for each individual in the experiment.

Letinputdata matrixH be given by

£ P po
Where
_ Qpp  E  "Qphy
T AQ é?v E él
Qap E Qah

Where matrixE is obtained from (8) andata matrixH in (13), represents the
hourly contact events @nindividual in the experiment the sample number i.e.
contact events from the first to the last hour of the day £€1; m], wherem =
24; ] representshe day of the experiment ije= [1; N] whereN = last day of the
experiment. In simple termsaeh row in the data matrid represents the contact
eventsover the hours and each column represents the days of the experngent

aM-by-N matrix.

Principal Component Analysis using Eigenvalu®ecomposition

Given matrixH as the input matrix for principal component analysis,do\ariance

matrix ofH is given by

Fooa pT

PCA computes thiwadings matrix o{14) using EigenalueDecompositiorand is

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

ordered by highest value tife eigen valu€n.

Selection of Components

A scree plot shows the proportion representation of variance by each principal
componen{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 desiredlle¥ variance are chos¢h0], [51]. The

first R components will be selected such tRak N. This can be done using the
elbow method or the desired variance represkof the firstR componentsThe
resulting score matrix is given by

1 + 1 PO
The score matrix if16) hasM-by-R dimensionsThe 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 thengsglot and

contribution of the original variables to the fiprincipal components

Clustering of Days from Loadings Plot

The loadings plot represents the original variables in the Rrgbrinciple
components using the loading values as coordinateg iRD principal component
space, p r o v i[50]eVrialilels that ardRsim®ar \8ill span in the same
direction of the principal componeniS0]. The closer the variables are in a
guadrant, 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, ithese casedaysthat span in the same
direction and close to each other, willfoa 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 Analysiidgfarms a set of inter
correlated variables to a set of new uncorrelated variables called principal
component$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 firstgewcipal components
They represent how strongly correlated each original varighio each principal
component Each principal component can benmesented mathematically using
a7):

0 0 ) P X

Where | 81| , representing the total contribution of each variable to the
first R principal components and @ 8 @ , representing thelays of the
experinent. From(17), the abslute value| determines the contribution of each
variable. The smaller the value|of the less significant thessociatedariable is.

When the contribution of a variable is insignificantthe principal component
space, it can be assumed that the variable is also not importarg origimal
measurement spa¢g0], [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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Chapter6T Resul t s

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 questionintha st er 6s r esear ch: h o
I ndi vidual 6s contact events across the d
mi ni mum number of days required to repre
Section 6.1 begins with the selection of the data usddsndsearch, followed by

section 6.2, which outlines the data-precessing 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 pexkeSection 6-5.8

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

the results.

6.1 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 beeholds was collecteBach 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

i ndividual s cont actndependanttdataset. Oet ofthe 4br e s e n t
datasets, only 20 dataséiad usable data and this was determined by a minimum

of five days or more, of logged contact activifihe results of the analysis of the

data collected from these sensors are presented irhtpsec.
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Table 61: Summary of Data Used for Analysis

Individual ID Study ID Age Gender |Available Time Trends Number of.Days
for Analysis

Individual 1 A112-001 44|F 2017-10-13 to 2017-10-30 16
Individual 2 Al112-003 22|F 2017-10-13 to 2017-10-30 13
Individual 3 A112-004 7\M 2017-10-13 to 2017-10-30 9
Individual 4 A112-006 4|F 2017-10-18 to 2017-10-30 7
Individual 5 Al112-007 200M 2017-10-13 to 2017-10-30 15
Individual 6 A125-001 64|F 2017-10-13 to 2017-10-29 15
Individual 7 A125-004 14|F 2017-10-13 to 2017-10-28 15
Individual 8 A125-006 7|F 2017-10-13 to 2017-10-28 13
Individual 9 A134-005 M 2017-10-16 to 2017-10-26 10
Individual 10 A134-006 6|F 2017-10-13 to 2017-10-30 16
Individual 11 A140-001 25|F 2017-10-13 to 2017-10-25 13
Individual 12 A177-002 51|F 2017-10-13 to 2017-10-26 9
Individual 13 A177-003 11|F 2017-10-13 to 2017-10-23 6
Individual 14 Al177-004 2|F 2017-10-13 to 2017-10-24 7
Individual 15 K104-002 43|F 2017-10-10 to 2017-10-28 14
Individual 16 K113-002 13M 2017-10-19 to 2017-10-30 12
Individual 17 K113-005 40(M 2017-10-19 to 2017-10-28 15
Individual 18 K119-008 12|F 2017-10-11 to 2017-10-30 12
Individual 19 K119-009 10/M 2017-10-11 to 2017-10-30 18
Individual 20 K138-004 16|M 2017-10-10 to 2017-10-30 12

Table 61 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
removedThe first three digits of the Study Id, following the letter A or K, indicates

the howsehold number. As seen frohable 61, there is not complete household
data, except for household A112. As a result, the analysis is done at an individual

level.

6.2 Data Preparation and Cleaning

The individual datasets are ppeocesed 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 hasiagle 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 evenbeca@en 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 calesponding 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 thate 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 elewisat
multiplication of the matrices, producesesulting matrix of true contact events.
This resulting matrix is used as the input matrix for the principal component
analysis Figure 61 shows the rawlata fa Individual 1 Similar plots for all other

individuals are attached #ppendix 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 andaxis shows the time of da

Figure 61, shows the raw data for Individual 1. This represents all the logged
contact events by the sensor allocated to Individual 1. The st@nesena contact
eventbetween the sensor belonging to Individual 1 and another sensor. The dense
areagepresenthe false contact events or noise that represent two sensors in close

proximity, but are not worn by the individuals.
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Figure 6.2: Cleaned Data for Individual 1. Each subplot represents a day in the

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

Figure 62, shows the eéaned data for Individual 1. It can be seen that the dense
areas have been removed, by using an elemiseat multiplication of the contact
matrix and status matrix. All the resulting contact events shovagure 62 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.

Y



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.

T e g e . L0 aQud®E
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Figure 6.3: Percentage Usable Data of Logged Contact Events. Theayis shows the

percentage proportion of cleaned data over the original data. The-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?e&ndromFigure 63, this

varies across the individuals.

6.3 Selection of Sampling Period

The sampling period is important to represent the contact events over a specified
temporal scale. Contact events are logged evese2bnds, over 24-hourperiod.
Five sampling periods are considered to determine which sampling period provides

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



seconds, Bninutes,-10-minutes, 26minutes, thour. This is done by sampling the
data at the various sampling periods and computing the cumulative variance
representation of the it three principal components. The first three principal
components are chosen, because they can be easily visu&liged: 64, shows a

summary of the cumulative vance representation per sampling period chosen
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Figure 64: Cumulative Variance Representation bythe First Three Principal
Components for Each Sampling PeriodThe y-axis shows the percentage cumulative
variance of the first three principal components sorted in ascending hour by various
representation of thour sampling period. The xaxis shows the individuals in the
study. The cumulative variance is for each sampling period is represented by the
various bars on the plot

Figure 64, shows the cumulative variance representation of the first three principal
components. This conveys how much variance of the original data is retained when
consideing only the first three principal components, using the five sampling
periods considered. FrorRigure 64, the amount of variance representation
increases with an incrsa in sampling periode. a smaller sampling period like-20
seconds, gives the least representation of variance, as compared to a higher
sampling period of -hour. There are exceptions with individual 3 and 16, where
the sampling period of-Binutes yield a similar and higher variance representation

to the ZXhour 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 ishour. There will be 24 samplésr each time trends (i.e. day

of the experiment).

6.4 Presentation of Results

The twenty individuals have been grouped into 4 Classes based on the measurement
of contact events. Cladsrefers to a group of individuals with consecutive days of
contact activly, without a loss of data or gap between the days. The remaining
Clas®sdo not have consecutive days of measurement. Qlasesto a group of
individuals with contact events for seven days or less. @Glaster to individuals

with contact events for at least 8 days and less than 14 days-4Qlefess to
individuals with contact events of at least 14 days and more. A compafisdin
dataset in a class is then summarised in a tdlitee end of each sectighppendix

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 loggegéuical ranging

from sixto 18 daysTable 62 shows a calendar grid that is used to map the days
that are the variables in this analysis, to the actual calendarf tas experiment.

In Table 62, the cells that are highlighted in pink show the days that have been
removed due to no ctact events logged for that dalyhe cells highlighte 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 misreptiesent

contact patterns
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Table 62: Calendar Grid for 1-to-1 Mapping Between Day Number and Calendar

Day

Date Calendar Day|Ind 1 |Ind2 [Ind3 [Ind4 |[Ind5 |Ind6 |Ind 7 [Ind8 [Ind9 |Ind 10|Ind 11|ind 12|Ind 13ind 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

FromTable 62, Individual 11, 16 and 8 have consecutive days of contact activity,

12 days in total. The compliance of the participants wearing the sensors can also be
observed. The motbe number of days of no contact activity are obsembedess
compliant thendividualsare to the stud Some behavioural patterns can also be
observed from this calendar grid e.g. most of the individuals did not wear the
sensors on Saturday, -14-2017 or that the individuals are generally not in the
household on most weekends. However, the importantteésofrid is to compare

the similarities between the calendar days of the month.

6.5 Class1: 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 individualsalve 12 days of logged contact activity.
The full analysis forndividual 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.
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6.5.1 Visual Inspedion of Contact Eventsi Time Trends

In this sectionthe visual inspection of the time trends is presented. Each variable

i.e. day of the experiment, is a measure of contact events oven2d.

cm—— e .

Days of the Experiment
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Figure 6.5: Contact Eventsover Time for Individual 11. The subplots i.e. yaxis shows
the days of the experimen{top subplot is day one and bottom subplot is the last day)
and the xaxis shows the hour of the day. Each bar represents contact events for that

hour.

Contact events fandividual 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 adsshow 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 contaevents. 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 Classre found irAppendix E

Froportionariance Represaentad

1 2 3 4 5 G T 3
Principal Components

(=]

1 11 12

Figure 6.6: Scree Plot Showing Proportion Variance Represented bach Principal
Component

An example is provided ifrigure 66, this plot shows that the first principal
component for Individual 11 accounts for 35% of the variation.auition 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 Clags
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6.5.3 Principal Component Loadings

Table 63: PC Loadings for Individual 11

PC Loadings - Individual 11 o

- Contribution
Variable |PC 1 PC2 PC3
Day 1 0,1231 0,2404 0,0874 0,081
Day 2 0,307 0,2134 0,1994 0,180
Day 3 0,0902 0,130 -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 0,327 -0,1649 0,141
Day 7 0,1084 0,1461 0,0269 0,034
Day 8 0,0599 0,3031 0,0284 0,097
Day 9 0,2958 0,101 0,1704 0,127
Day 10 0,053¢ 0,3831 -0,731q 0,684
Day 11 0,1984 0,0441 -0,0539 0,044
Day 12 0,4022 0,078 0,3884 0,319

Table 63, 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 princgd component, given in the last column.
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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 67, 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 andy 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 @andl. 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 contantsewveterms of

the intensity or the weight of contact events, across the days, to determine the
similarity between the days.

6.5.5 Significanceof Days toPrincipal Components

Each principal component can be represented as a linear combination of the original

variable, by expandin(iL7) from Section 5.e.
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Wherel terms are given by the contribution columnTiable 63 andw terms
represent the days of contact activiffhe representation of the principal
components as a linear combination of the original variables makes it easier to
guantitatively determine, which variables are important towards the first three
principal conponents 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 retaed, therfrom 17 andlable 63:

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 Candar 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 Inddual 11, day 2, 47 and day $orm 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 event$2for
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 differenfThe results also show that the clustering is observed across
calendar days that are far apdfor 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
thatthesedayd o carry i mportant information to
activity. The more significant the days are in the principal compasEatethe

more variation they represent. This is also a measure of how important those days

are in representing theontact 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

I ndi vidual 1wty ds contact act.i
6.5.7 Summative Comparison of Classl Individuals

Table 64: Summary of Main Results for Class1

Number of | Number of

. imi N f
. Cumulative Clusters of Similar Days Clusters: | Outliers: gmpgr °
Individual ID . . . Significant
Variance Loadings | Loadings Davs
Time Trends Loadings Plot Plot Plot Y
{d2,d4,d5,d10}; {d6,d7,d8};|{d2,d4,d7,d9};
{d9,d11} {d1,d3,d5,d11};
Individual 11 72% 2 3 7
{d1,d12}; {d5,d7,d8}; {d1,d2,d5,d8,d12};
{d9,d10,d11} {d3,d4,d9,d11}
Individual 16 59% 2 3 9

{d1,d2,d8}; {d3,d4,d5,d6}; [{d1,d8}; {d7,d10}; {d5,d11};
{d9,d10} {d2,d4,d6,d12}; {d3,d9}
Individual 18 61% 5 0 9

Table 64, shows a summary of the analysis doné€tassl. 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 sommagyse 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 IndividGaarid
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 remair@hasswill be

presented and the plots will be referenced fAppendix E

64



6.6 Class2: 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. Toeus 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 Time Trends

Bl _Hem

m-————...-_.

_=l_

I— | | |
|

B

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00
Hours of the Day Oct 24,2017

Days of the E xpermeant

Figure 6.8: Contact Events for Individual 4. The subpots i.e. yaxis shows the days of
the experiment(top subplot is day one and bottom subplot is the last dagnd the x
axis shows the hour of the day. Each bar represents contact events for that hour.

Following Figure 68, 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,dmutld also fornclusters There

aretwo cluster that can be observed for Individual 4.

6.6.2 Scree Plot

The scree plots fo€lass2 are found inAppendix 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 fourppendix E In this

section, the loadingslot and clustang of days is presented for Individual 4.

Component3
i

Component 2

Component 1

Figure 69: 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 69, there are two main clusters and two outliers. Day 2, 3 and 4

are similar. Day 1 and day 7 are similar
contribution. Day 5 and day 6 seem to be outliers. However, Day 4 and Day 5 span

in the same direction of principeomponent 1, but dadalso 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
consisent 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, whih 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 codlbe 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 Significanceof Days toPrincipal Components

The principal component loadings tables for Class 2 are founflpendix E
Usingprincipal component loadings taldad a threshold of 10%hen 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 contactchvity 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 fordinidual 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 r e
6.6.7 Summative Comparison of Clas£ Individuals

Table 6.5: Summary of Main Results for Class2

individual ID Cumulative Clusters of Similar Days Number of | Number of | Number of
Variance |[Time Trends Loadings Plot Clusters: [ Outliers: | Significant

{d1,d2,d3}; {d4,d5}; {d6,d7}{d2,d3,d4}; {d1,d7}

Individual 4 85% 2 2 7
{d1;d3} {d1,d2,d3,d6}; {d4,d5}

Individual 13 90% 2 0 5
{d1,d3,d5}; {d4,d6} {d1,d2,d3,d5,d6}

Individual 14 79% 1 2 5

Table6.5, 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
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in contact activity. For exampl&dividual 4 has similar days between da$ &nd

day 46 and day &7/, even though #seare 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 tag/s 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 hagédighest representation

of variance, which means that the smaller dimensions of three principal

components, really represents the original variance in the data very well.

6.7 Class3: Contact Events for 813 Days

In this section, the results for individualsth logged contact events forl® 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 lodividual 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 awer Time for Individual 2. The subplots i.e. yaxis shows
the days of the experimen(top subplot is day one and bottom subplot is the last day)
and the xaxis shows the hour of the day. Each bar represents contact events for that

hour.

Following Figure 610, 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 = day0 and 11. Day 2 and Day 12 seem different from rest of the days.

6.7.2 Scree Plot

The scree plots fo€lass3 are found inAppendix E The cumulative variance
representation of the first three principal components is: Individual 2 (55%),
Individual 3 (72%), Indszidual 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 principglomponent loadings are found Appendix E In this

section, the loadingslot 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
variablesin the first three principal components space for Individual 2

Following Figure 6.10shows the loadings plot for Individual 2. This plot shows
thatmanyvariables 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&, day
day 7, day 8, day 9 and day 13

6.7.4 Comparison of Clusters

From the visual inspection of the time tdsn 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 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 Significanceof Days toPrincipal Components

The principal component loadingsblesfor Class 3 are found iAppendix E

With a threshold of 10%or 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 Significat 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 dhy; these represent Thursda
Wednesday and Thursday. Even though these dagsot 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, dg 9 and day 13, which represent Friday, Saturday, Sunday, Monday,
Tuesday and Monday. These are the last days of the experimefurtaumately,

the calendar days were consecutive. This shows that for Individual 2, there is great

deal of similarity acrosthe 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 Class3 Individuals

Table 66: Summary of Main Results for Class 3

N Cumulative Clusters of Similar Days Number of | Number of | Number of
Individual ID Variance Clusters: | Outliers: | Significant
Time Trends Loadings Plot Loadings | Loadings Days
{d1,d3}; {d5,d6}; {d1,d3}; {d4,d10,d11};
individual 2 55% {d7,d8,d9,d13}; {d10,d11} [{d5,d6,d7,d8,d9,d13} 3 2 11
{d1,d2,d6}; {d3,d4} {d3,d4}; {d1,d2,d6}
Individual 3 2% 2 4 5
{d1,d2}; {d3,d4,d5}; {d7,d8}{d1,d2,d3,d4,d7,d8,d9,d10
Individual 8 60% {d9,d10,d11} {d5,d11}; {d12;d13} 3 1 4
{d1,d2,d3,d7,d10}; {d1,d2,d3,d7}; {d8,d9};
individual 9 85% {d4,d5,d6}; {d8,d9} {d4,d5,d6,d10}
3 0 10
{d1,d2,d7,d8}; {d3,d6}; {d3,d6}; {d1,d2,d7}
Individual 12 7% {d4,d5})
2 3 8
{d1,d2,d3,d5,d6,d7,d8,d10}{d3,d6}; d2,d5,d8};
individual 20 70% {d8,d2} {d1,d3,d7,d9}; {d11,d12}
4 1] 10

Table 66, shows the summary of the results for Class 3. This group of individuals
have contact events that range frorii 83 days. This group of individuals also
demonstrate a clustering of contact @seifthis 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 clustf similar days. Individual %as three
clusters of similar days without a single @ertl 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, exceptifaividual 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.
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6.8 Class4: 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 19ndividual 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 té\ppendix E

6.8.1 Visual Inspectionof Contact Eventsi Time Trends
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Figure 6.12 Contact Eventsover Time for Individual 1. The subplots i.e. yaxis shows
the days of the experimenttop subplot is day one and bottom subplot is the last day)
and the xaxis shows the hour of the day. Each bar represents contact events for that

hour.

Figure 612, 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 onlgne 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. Clustes formed by day 1, day 2,
day 3, day 11 and day 12. Cluskas formed by day 4, day 5, day 6, day 9 and day

10. Cluste3 is formed by day 7, day 8 and day 13. Clugtes 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 pncipal 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 ippendix E

6.8.3 Principal Component Loadings
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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 ikigure 613, 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
5,ay8,day 1Q 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 dayaté 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 Significanceof Days toPrincipal Components

The principal component loadings fGtass4 are found inAppendix E With a
threshold of 10%, the following days contribute significantly to the first three
principal componentdor Individual = 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 ], day 2 and day 11 and these are represented by Friday, Sunday and Monday.
Cluster2 is represented bgay 3 = Monday day 5 = Wednesdayday 8 = Sunday

day 10 = Tuesday, day 12 = Thursday, ddy= Saturdayand dayl5 = Sunday.
Cluster3 is representeday 7 = Saturdayday 9 = Monday anday 13 = Friday.

The third cluster is represented ttyy 6 = Thursday andlay 16 = Monday. Even
though the days of measurement are not consecutive, but the clustering of the
specific calendar that exhibit similar contadtivity. There arenine 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 asieto represent the

contact activity of Individual 1
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6.8.7 Summative Comparison of Clasgt Individuals

Table 6.7: Summary of Main Results for Class4

Cumulativel Groupings of Similar Days Number of Number of Number of
Individual ID Variance Clusters: Outliers: Significant
Time Trends Loadings Plot Loadings Plo] Loadings Plot Days
{d1,d2,d3,d11,d12}; {d1,d2,d11};
63% |{d4,d5,d6,d9,d10}; {d3,d5,d8,d10,d12,d14,d15
Individual 1 {d7,d8,d13}; {d14,d15} {d7,d9,d13}; {d6,d16} 4 1 9
{d2,d7}; {d3,d4,d9}; {d1,d10}; {d7,d8,d13};
49% |{d6,d8,d15}; {d11,d12} {d11,d12}; {d3,d5,d6,d15};
Individual 5 {d4,do} 5 2 9

{d1,d2,d4,d7,d8,d14}; {d2,d3,d4,d5,d6,d7,d8,d9,d
67% |{d3,d5,d9,d10,d12,d12}  (0,d12,d13,d14}
Individual 6 1] 3 12|
{d1,d9,d10}; {d2,d3,d11}; |{d1,d15}; {d2,d4};

63% |{d4,d5,d6,d8,d14}; {d7,d12]{d3,d5,d7,d11,d12,d14,d16|

Individual 7 {d9,d10,d13} 4 ) 1
{d1,d15}; {d1,d8}; {d7,d13,d14,d15};
73%  |{d2,d4,d9,d10,d11,d12};  [{d2,d3,d4,d5,d9,d10,d11,d

Individual 10 {d3,d5,d6} ,d16} 9 1 9

{d1,d3,d13}; {d4,d11}y;  |{d1,d4,d11}: {d3,d5};
66% |{d6,d12,d14}; {d7.d9,d10} |{d2,d6,d7,d8,d9,d10,d12,d

Individual 15 ,d14} 3 0 10
(d2,d4Y; {d3,d7,d15}; {d7,d11}; {d2,d3,d14};
580  |(d9,d10}; {d13,d14} {d1,d5,d6,d8,d9,d10,d12,d
Individual 17 ,d15} 3 1 8
(d1,d12,d18); {d2,d3;, _ |{dL,d12}: {d2,d5,d10}:
71%  |{d6,d14}; {d12,d18}; {d3,d7,d16}:

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 thdargest number of days forming a single cluster. For example, Individual 6
hasonecluster 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 componentspace ranges from 8 to 11. This means that for these
individuals at least 8 days of measurement are required to represent the contact

activity.



6.9 Summary

The main analysis presented in this chapter shows that for all individuals that have
been grouped intthe four Classsbased 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 originatlata 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@ 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 inglprincipal components space ranges freén 7

for Classl; 5-7 for Class 2; 411 for Class 3 and-81 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 coatdwtity of an

individual varies or remains similar across the days and the minimum number of
days requiredadequately measuring and representtng i ndi vi dual

activity.
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6s



Chapter 71 DI scussi on

This chapter will discuss thesults 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 measur e saonthct acevipyr This ahapterisan 1 nd
structured as follows: section 7.1 wdiscuss the similarity of daySection 7.2 will

di scuss the number of days required to r
Section 7.3 will discuss the limitations of tihesearch. Section 7.4 will discuss the

impact of this research and section 7.5 will disdusure work recommendations.

7.1 Similarity of Days

Twenty datasets were analysed in this research, which represent the contact events
over a period betweeni618 dgs 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 conseeuwdf 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 daysaftact activity. The

results of these individuals are summarised in TaldeTable 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 automatextess then verified visually. Visual

inspection of the time trends, show the contact events ovehal24eriod, across

the days of the experiment, and the loadipgg, which show the span of the

variables i.e. days of the experiment in the tinseeprincipal components space.

Days that have similar patterns form a cluster. The more clustering is observed, the
greater the variation in contact activit
activity is the same throughout the days of the experimben a single cluster

would beexpected. All the individuals have at least two clusters of similar days,
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with the exception of Individual 4 fro@lass2 and Individual 6 fronClass4, who

have a single cluster of 5 days and 12 days, respectivelyidadivi 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 activityg ls&nilar

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. fiis means that the contact activity is not the same thoagh

the experiment, but can be grouped according to clusters of similarity. The higher
the number of clusters, the greater the variability in contact act®lgss one
represents individual witi2 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 apaThe example from Individual 11 with two
clusters shows that clustéris formed by Saturday, Monday, Thursday and
Saturday. The second cluster is formed by Friday, Sunday and Tuesday. This
pattern of norconsecutive calendar days that form a clusteomsistent among all
individuals. Thisresultshows that contact events are not the same for all the days,

even in the case of consecutive days of measurement.

Class 2 shows indiiduals with fewer days of measurement ranging fremdays.

There are fewlasters 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 ofieasurement. Even withese smaller numbeds 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. Classa8d Class 4, have more dayflsmeasuremeniThe

results from Table 6.6 anbable 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 have2iclusters. The rest of the individuals

have 35 clusters of similar day3 he results sho¥hatwhenincreasing the number
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of measurement days introduces more heterogeneity in contact events, hence the
increase in number of clusters. However, from Glsthe results show that in
general, particularly Individual 1, Individua, Individual 7, Individual 10,
Individual 15 and Individual 17 have large clusters i.e. more days forming a single
clusier and this is the difference between Clasnd Clas®, the number of days
forming a single clusterThis means that increasingetihumber of measurement

days to greater than 14 may introduces redundasyore 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 numbef 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 clusté¢hat vary from 2 to 4, and Class 4, excluding
Individual 6, have a number of clusters that vary from 3.tbherefore, the days

of contact activity between individuals do exhibit variation over time and this is

represented by the number of clustafrsimilar days.

7.2 Minimum Number of Days Required to Represent Contact

Activity

As indicated in Chapter 3tuglies of this kind have typically measured contact
activity for 25 days. The average number of contact events per day is calculated,
to determine ifliere 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 Iti et al andOzella et al[19], [36], which takes into
account the similarity of neighbours of a network node. This cosine similarity is
given bythe equation belowbtained fron{36]
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Where0 j and0 j are the weights (cumulative sum of contact events) on the
link between nodeandj measured between two time poi(its. two consecutive

days) respectively19], [36]. The cosine similarity is 1 if individuahad the exact

same neighbours on the network for the two days of measurement, with the same
fraction of time and O for the oppos[tE9], [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 eve@atross the number of days fogaen
individual, because the measurement period was eBlg&ys, of which only two

days of data was used for analysifie limitation with this approach is that a
household has a finite number of members and there is a high possibility that these
membes 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
tempor al changes in an individual 6s cont

period

Similarly, work done byKiti et al, in quantifying contact patterns in a rural
community in Kenyameasuredcontact events for three consecutive dghgj.

Work done bywanhems et gR1] andlsella et al[23], measured contact patterns

in a hospital ward and paediatric ward for 4 days and 5 days respe@itetiie et

al [7] measured contact patterns in a primary school for a period of 2 days. Al
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 shihigs in

research.

Principal Component Analysis is used in this research to determine the variation in
contact activity and find clusters of similar days. The contributiothe original
variables i.e. the days determined by the loadings. Each loadilegermines the
correlation between the original variable and the principal component. In this
research, the first three principal components wased 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
analyss 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 variabledpr uniform variablese.g. if there are 12 variables, a
threshold valuef 1/12 = 0.083 would be used to retain variables with a contribution

of 8.3% and abovb0]. In this research, to demonstrate the significance of feature
selection, an illustration was made withthaeshold 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 tinst 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 sétvariables i.e. principal components.

Therefore, the number of significant days in the principal components space, would
represent the minimum number of days to 1
This is subject to the choice of the threshold llexsz=d to retain significant days

and this value will have to be determirederimentallyand validated in a bigger

cohort of individuals.

7.3 Limitation sof Research

There are severéimitationsto thisresearch thanay 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 petirban area. Five households werestdd in botlareasthis was
constrained to ethics requirements, because this was a pilot/Sifigypnesensors

were deployed to 51 participants, from which 45 sensors were returned. From the
returned sensors, only 20 sensors had usable data oft & tkgs of measurement.
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This reduced the sample size significargtyd 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 showwdure 63,

demonstrates that 60% thfe participants i.e. 12/20 ha86% of clean contact data

and the remaining proportion of individu
that a significant portionfa@ontact 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 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 thibas a potential of misrepresenting contact events anghtherns

thereatfter.

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 closange proximity to be in contact andéye not wearing

the sensors adiscussed in the preceding section. This leads to a number of false
negativeswhich arecontact events that should have been logged, but were missed.
Unfortunately, there is no way ofecovering these false negatives, unless
supplementary data like contact diaries, tf8ked time logs of contact eventare
implementedFalse negatives have a potential risk of misrepresenting the variation

or similarity of contact events over time.

Seondly and mor e i nmegged toatactevents areiintethdtedv i dual s
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. Thiposes a question of how true are the individuals contact events, if they

depend on other dividuals to log contacevents.Can we truly rely solely on

wearable proximity sensors to find patterns of contact activity, if compliance is an

important measurena often lacks in studies of this kind3pecifically, when

82



measuring the variation of contact activity over time, do individuals exhibit this
variation of contact activity ovedime or is ita function of other members being
present and wearing the sersofThis is an important limitation in the

represent at i tuecowtdctactivitdi vi dual 6s

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 ptgximi
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 eents may not be loggedhis representsnce again, the false negatives
mentioned above andig a known clallenge in studies of this kin@atteries also

run out of power and this was the case in the pilot study conducted by the author.
Batteries need tbe consistently replaced, when deploying a study of this kind for

a long period. Failing to do so, leads to missed contact events and a

mi srepresentation of an individual 6s cont

7.3.3 Limitations of PCA

PCA requires a dataset to be normalized aaaddardised in order for each variable

to contain the same weight, otherwise this leads to bias and certain variables will
dominate the analys{®0]. In this research, the days that had no coraetivity

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 showabie 62, 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 misrepre ent t he i ndi vidual 6s contact g
on those particular days there was little or no compliance from other members of
the householdleading to these very sparse contact events on those days. In this
research, PCA has been showifird 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.

7.4 Impact of Research

Conta¢ 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 infectial diseases. Contact patterns are used to parameterize
transmission models in public health research, determine contact rates between
people, aganixing patterns between people, internet of things and social network

analysis. This research specifically, mdlontribute towards understanding the
tempor al patterns of i ndividual 6s cont a:
clustering in individual 6s <contact act i

complex behavioural science.

A major contribution of tte research is the recommendation of the minimum
number of days required for representi ng
shows that previous studies may have potentially misrepresented the contact
patterns between individuals by only measuring feharterperiod 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 ahlyesize.
representation otemporal contact events in a matrix format, will allow for
automatedhnalysis techniques in signal processing, image processing, data science
etc. to find new ways of representing and analysing data of this kind

7.5 Future Work

Future work willneedo apply the techniques used in this researemniuch bigger
datasetin order tocompare andalidate the findingsA compliance measure of
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other individuals in a household, needs to be factored into the representation of an
i ndi v itrekwcantad events over time. This will require complete household

data from all participas to crossvalidate 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 clusteessmts 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 dayds wo

not explored in this research, is that everyvidiial had outliers that did not form

a cluster and the weight of these outliers needs to be determined in order to conclude

t hat each cluster represents a dayds mea
specified threshold to retain the number of imatrtiaysremains a valid method.

Future studies could also explore what the minimum number of days required is for

a good representation of an individual
unfortunately was limited by th@oor quality of data collectezhdthe 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 dotmesaype 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 househotthtactscan use this type of data
classify different househadcaccording to the individual contact activity and this
may or not have a significance in assessing factors that may drive household

transmission of infectious diseases.



7.6 Summary

In this chapter,a discussion of the results presented to answer the research

guestion in this masters. It is found that there are sinabetween some of the

days of an individual 6s contact activit
represented by the clustering of similar days. The mostezs an individual has,

the greater the variation in the contact activity over the days. The number of days
required to measur e ancouldmdtibe ¢codclusavelyd s ¢ o nt
determined, because this depends on the threshold chosendog téction and

that the number of significant days vary across all individéralsy 511 days

However, it was demonstrated in this resedne2-5 days of measurement would

not be sufficient to represent ren i ndiv
clustering of days that are obsenaesdl that the calendar days that form the clusters

are not consecutive calendar daRResearch limitations of thguality of data, the
representation of true contact events and limitations of PCA in this study, were

discussed ancecommendations on potential future warkremade.
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Chapter8T1 Concl usi on

Representing wearable proximity sensor data in a manner that enables automatic
analysis of thedatawill 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 satisystemsStudiesthat 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 measuntsré contact events, which
range from 25 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 thanheadured
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

individual 6 s 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, emeekwise
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 requiringduadiv

inspection of each sensor to determine vehtatise and true contact is

Individuals were categorised in four classes, based on the number of available days
of contact events. Clagsrepresents individuals with consecutive days of contact
events. Ghss2 represents individuals with seven days or less of available contact
events. Class8 represents individuals with available days of contact events
between 813. Class4 represents individuals with contact events of 14 days or
more. This categorisatiomade 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 afatiegory
exhibited similarity and variation in contact eveatsoss 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 foriedahidual. The higher

the number of clusters, the more variation in contact activiincipal 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 Indi@idufrom 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 othdiffarent. For
studies that measured contact events fbrd2ys, 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
daysr equi red to adequately represent an
for the representation of the original intmrrelated variables in a new set of
uncorrelated variables called principal components. Each principal component is a
linear combimtion 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 spa¢kan 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 significaantd 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 vadaeross 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 toemall;to determine experimentally what this ideal threshold should be.

This should be explored in future studies vathiggercohort

88



The findings of this research will be important in transmission models that use
contact patterns to calibrate their models $onulation 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 signat@ssing, 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 intapplying the methods used in this research to a bigger

cohort of individuals to vadiate and compare the findings. A compliance measure

should be considered to factor in the logged contact events of other members in the
household to crosgalidate the contact events for each individual in the household.

A comparison of the number of cless versus a threshold for retaining significant

variables, should be explored as a means to determining the minimum number of
days required to repr es eMdachinalearningtdoisvi dual
can be considered in future studies towdhdgslassification of individual contact

activity and assessing the association of these classes of individual contact
activities in assisting the understanding of transmission dynamics of infectious

diseasesrequired in public health research
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1 Modderfontein Rd Sandringham
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We acknowledge receipt of your letier deted 13 July 2018 with the following documentation pertaining to the

above-caplioned trial,
Amendment Date; 13-Jul2018 Amendrent Yersion: Protocol Amendment
Amendment Number: Recaived Data: 13-Jul-2018

The following has been approved by the Wits Human Research Ethics Committes: {Muedical):

* Protocol: Community burden and lransmission of influenza and RSV (PHIRST study) Amendment dated
13 July 2018 (Tracked)
* Summary of Changes

Ethics Approval Date: 27 July 2018

The University of the Witwatersrand, Human Research Ethics Committes Approval Granted for the above
mentioned study is valid for five years. Where raguired by Sponsor to have approval on a more frequent basis it

remains the responsibility of the Sponsor and Investigator to apply for continuing review and approval, or fiar the
duration of the Trial.

1. THIS APPROVAL IS SUBJECT TO THE FOLLOWIMG PROVISOS:

* Acopy of the SAHPRA Approval andior SAHPRA Notification leter must ba submitted to the Ethics Regulatory
Office Secretarial hefora the study commences / or where an Amendment may be Implemented {IF SAHPRA
APPROVAL / NOTIFICATION IS APPLICABLE). It remains the rasponsibility of the Principal Investigator andfor
Sponsor o ensure thal the relevant approvals are in place.

* The sludy is conducted according to the profocol submitted to the Univarsity of the Witwatersrand, Human

Research Ethics Committee. Any amendments to the protecal must first be submitted to the Human Ressarch
Ethics Committee for approval.

* During the study, the University of the Witwatersrand, Human Research Ethics Committas is informad
immediately of :
- Any Unexpected Serious Adverse Events or Unexpected Adverse Drug Reactions, which, in the Investigator

andior the Sponsor's opinlon are suspecled (o be related to the study drug. (Refer o POL-IEC—001 and SOP-
IEC-005, Item 3.4).

- Any data received during the trial which, may cast doubt on tha validity of the continuation of the study ,
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* Tha University of the Witwatersrand, Human Research Ethécs Committes is notified of any decision o
discontinue the study and the reason stated.

* Thea Investigators authorisaed by this approval participate in this study, Additional Investigators shall be submitted
to the Univarsity of the Witwatersrand, Human Research Ethics Committee for approval prior to their participation in
the study.

* Inthe avant of an authorised Investigator ceasing to paricipate in the study, the University of the Witwatersrand,
Human Research Etnics Committes must be informad and the reason for such cessation given,

2. PRINCIPLES OF INFORMED CONSEMNT:

* The University of the Witwatarsrand, Human Research Ethics Commitiee requires that in all studies, the
Principles of Informed Consent are adhered 1o. This applies lo volunteers as well as patients.

3. PROGRESS REFORTS:

* The University of the Witwalersrand, Human Research Ethics Committee requasts thal the MCC Progress
Reports ba submittad twica a year aither in March and September or six monthly from start of study to the HREC
Secratariat Office - 011 274 8281 and a repart of the final results, at the conclusion of the stedy. (IF APPLICABLE)

4. REIMBURSEMENT TO PATIENTS FOR TRANSPORT:

* Tha Human Ressarch Ethics Committes: (Medical) is in agreemant that relmbursemeant par visit s according to
the South African Health Products Regulatory Authenty and that reimbursament should be appropriate according 1o
the situation.

5. TRANSPORT AMD STORAGE OF BLOOD AND TISSUE SAMPLES IN SOUTH AFRICA:

* |f blood specimens are to be stored for futwre analysis and is planned that such analysis will be done outside
Wils, then the blood must be stored at a facility in South Africa agreed with the relevant IRB, with release of sub-
samplas only once projects have bean approved by the local Research Ethics Committee applicable to where the
analysis will be done as well as by the Wits Human Research Ethics Committes: (Medical).

6. GEMETIC TESTING

* The Human Research Ethics Committee: Medical: will not approve opan-ended genelic testing as this does not
fit the Human Research Eihics Commities criteria.

7. GOOD CLINICAL PRACTICE

The South African Depanment of Health, South African Health Products Regulatory Authority requires Good Clinical
Practice (GCP)} Training for all investigators in Clinical Trials, and that GCP fraining be renawesd every thres (3)
years,

As yel, there are no National Guidelines for the content of GCP courses.  Until these are avallable the Wits Human

Research Ethics Committee (Madical) will note courses completad by Invastigators without approval of the content
of tha individual courses,

Thei above has bean nolpd for the Ethics Committee infarmaton and records.

KINDLY FORWARD TO THE RELEVANT INVESTIGATORS /CRA / STUDY CO-ORDINATORS

G
m&fﬁ%’
Faor and on behaf of the Human Research Ethics Committes: (Medical)
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AppendixBT Pr oxi mi ty P

Desi gn

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 Octob@017.

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).
PHIRST Study is run by the National Institute for Communicable Diseases (NICD)
and is a householi@vel community cohort study implemented in two sites in South
Africa. The first site is a rural community in the Mpumalanga Province, where the
study isconducted within the Health and so@emographic Surveillance Site
(HDSS) at the Medical Research Council (MRC)/ Wits Rural Public Health and
Health Transition Unit (in Agincourt). The second site is a satp@n community

in the Jourberton Township inlé&ksdorp, 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 2808 and will conclude in
October 2018. The data for this research is obtained &rstudy 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 pattemesdreindividuals

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 bakyard 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 tHfeHIRTS 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.
household must have at least 3 merala@d more than 80% of household members

must consent tparticipateprior to the household beirenrolled.

Randomization and Household Selection Criteria

A list of randbmly selected householdsgenerated at the beginning of the study at
each site The randomization list igenerated by NICD for both sites (Klerksdorp
and Agincourt). The randomizationquess iss 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 gelédrom 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 apprahfidreenrolment.

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 ahild (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 consensfonce 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 tfield workers go through with the participants for consent.
It is impottant that the field worker gthirough the forms carefully with the participants
before they can grant caerd to participate in the studjhese forms are:

U Assent Leaflet for Individda 77 17 Years: This is an information leaflet for
children between the age of 7 and 17. The purpose of this docuisntent
explain the study clearly to the children, the requirements, theisragid all
legal considerations

U Pilot Study Informed Consg¢ Form- Adults: This is the consent form for
adults explaining to the participant \ahit is they are consenting.to

U Pilot Study Informed Consent FormMinor: This is the consent form for
minors signed by the parent on behalf of the minor.

Once theconsent forms have been signed and colledtesl participants are now
enrolled in the pilot study. For the pil
an excel file where meta data wil!/ be <cr
age, gendr and name. This file will be used to create an inventory of glirthemity

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, thdesign 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 ligihweight, coin
shaped tag that contains sensitive electronic components saoritee. 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

U Thetagis covered with a transparent plastic mat@sahow ifrigure B1,
to protect against water, sweat and damage from possible scratches.

U The tag is safely placed in a small, square pouch made from fabric. This is
both for aestetics and protection.
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U The tag is worn as a lanyaad shown irFigure B2. The tag is made of a
white material, this is done to make it easier for the school childrén an
working adults to wear it underneath their clothes.

U 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:
U The participantare each givea white pouch containing the proximity
tags, with their study | Didheyarer i tt en

required to wear the tags every day, throughout théataiie duration
of the study.

U Permissionis granted by head masters of the schools, lmwathe
schoolgoing children to wear the tags at school.

0 Working adultsare asked to wear the tags to work and beneath their
clothes (if they wish).

0 The tag is designed as a lanyard and can be worn even in bediime
a very light material for comfoeind convenience

0 The participantare encouraged taear the tag at night. However, if
they are uncomfortable they need to store them securely in the storage
poucheswhich are provided as indicated in the below point and
remember to putvear themn themorning.

10C



U Storage pouches made of foil are provided and this will shield the radio
frequency signals when the tags are not used.

U The storage pouches have to be stored in the same location, preferably
the kitchen where they will be easily accessible andlbeigo remind
the participants in case they forget to wear the tags.

U School children will wear the tags in the morning as they get ready for
school and keep them on throughout the day.

U School children will need to keep the tags on after changing theolsch
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.

U Care givers will need to clip the tag on to the clothes of the infants using
the safety pin on the pouchhis 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 ed 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 workershave a routine visit questionnairadministered online using
RedCap database platform. The questions addvhas the daily experiemcof
wearing the tag is, if the participaritggot to where the tagand why, challenges
encountered so farhis type & 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 gong 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 &wapping tags of participants which will give

an incorrect representation of the contact patterns. This can be done by either

the participants themselves when they i
the field worker could assign a tag to the wrongipigant. To avert this, the

tags themselves are labelled at the back withtitepac i pant sé st udy |
in Figure B3) and on the pouch itself, with the participéntsst udy | D.

Individual
Study number

@;,ZF

Household ID

Battery

Figure B.3: Rear view of tag with participant study ID.

For the participant tag shown in figure 6, the study ID is: KQ33. This type
of doublelabelling on the tag and the pouch ensure that the right individual

receives the right tag. The participant
encourage toonlyweartpeouc hes with their study | DG
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 tagl 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 mg trs2
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 noidégure B4 shows an example of the foll

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 usdd prevent the reflection of the Ritgnals 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 proximyttag 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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A B s

TagID Individual ID Name
664459 A112-001 Tsakani
798358 Al112-003 Lucracia
7R354 A112-004 surrender

Figure B. 5: Meta data file forlinking proximi t y
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Mambane
Mhamhno

tag

Age

Gender
44 F
22 F
7'M



Appendix CT Raw Data Extr a

C1l. 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 dafaqaressing.

C2. SocioPaterns 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 dewatdiopn a Linux platform

and the system infrastructure is showirigure C1

USB Cable

Figure C.1: System infrastructure of the SocioPatterpgatform 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 dgroleployment, 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 Foundatidtaly) 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 datanfrthe proximity sensors to
produce the final raw csv filé&igure C2 shows the flow diagram of this data

extraction process.

’
N

;’ 151 Foundation Proprietary Software ‘l

]
1

|
. [ Unpacking Raw Merge with :
Data Download I Data . g :
- Meta Data :
' I
I 1
I l !
I 1
| |
Final Contact : Export to csv Household and 1
Raw Data — format Individual Contacts :
' 1
\ !

rs
\‘\-._ _________________________ ,-n’

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 beginthwhe 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 downloadgwess are outlined in Appendix 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 arother script where the unpacking of the raw data begins.

Unpacking Raw Datarhe 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 sepagginto a Dataframe.

t attenuation Namii_ti House:][;)_l(: lndivildDu—a): Namii_ts Houselh[gy_k; IndivildDu:ayI
0 030302107;103'83 690 Klerksdorp K156  K156-004 Klerksdorp K156  K156-005
1 080210;07;5%83 670 Klerksdorp K156  K156-001 Klerksdorp K156  K156-002
2 P50 675 Klerksdorp K104  K104-004 Klerksdorp K104  K104-001
3 5 1204‘07;‘0‘;'83 660 Klerksdorp K104  K104-004 Klerksdorp K104  K104-001
4 0812900107;52'88 690 Klerksdorp K104  K104-004 Klerksdorp K104  K104-001

Figure C.3: Contact Dataset Extracted from the hdf5 file

t attenuation Namii_ti House:][;)_l(: lndivildDu—a): Namii_ts Houselh[gy_k; IndivildDu:ayI
0 030302107;103'83 690 Klerksdorp K156  K156-004 Klerksdorp K156  K156-005
1 080210;07;5%83 670 Klerksdorp K156  K156-001 Klerksdorp K156  K156-002
2 P50 675 Klerksdorp K104  K104-004 Klerksdorp K104  K104-001
3 5 1204‘07;‘0‘;'83 660 Klerksdorp K104  K104-004 Klerksdorp K104  K104-001
4 0812900107;52'88 690 Klerksdorp K104  K104-004 Klerksdorp K104  K104-001

Figure C3, shows the Dataframe in Python created frowa 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. Thel anuid2 fields arethe hardware IDs

of the sensors, which are merged visthandid2 (sensor IDs), during the download
stage. It is these IDs i.@l1l andid2 that are merged with the metadata, explained

in the next paragraph.

Meta Data:



The meta data is important for aysib 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 theu$ehold IDs and the Individual IDs,

because the raw data can be grouped according to these IDs.

t attenuation Namii_ti Houselh[t))_lt’i( Indivild[;l_ai Namii_ts Houselh[t))_lg Indivild[;lj
0 A 9.0 Klerksdorp K156 K156:004 Klerksdorp KIS6  K156-005
L 050 20ma s 670 Klerksdorp K156  K156-001 Klerksdorp K156  K156-002
: 15182050000 675  Klerksdorp K104 K104-004  Klerksdorp K104 K104-001
- 05 660 Klerksdorp K104  K104-004 Klerksdorp K104 K104-001
4 06 690 Klerksdorp K14 K104-004  Klerksdorp K104 K104-001

Figure C.4: Merged Contact Dataset

Figure C4, 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 Indval IDs are important in the

separation of the dataset into the various household and individual contacts

explained in the next paragraph.

Household and Individual ContacEom the merged contact dataset, there are two

fields for both Household ID anchdividual 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 stages t he focus of this mast

cleaning of false contact events from the true contact events.
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t attenuation |Individual 1D _x Individual ID_y
2017-10-11 13:44:40+02:00  |-65.0 A134-007 A134-001
2017-10-11 13:45:00+02:00 |-63.0 A134-007 A134-001
2017-10-11 13:4500+02:00  |-50.0 A134-001 A134-005
2017-10-11 13:45:40+02:00 |-58.0 A134-006 A134-001

Figure C.5: Snapshot of the Final Raw Data File with Power Attenuation Values

Between Two Tags at a Time t

The datan Figure C5, above shows the power attenuation values of contact which
Is the difference between the transmitted and received power, between any two pairs
of tags, deated byIndividual ID_xand Individual ID_y. Each row in figure 10

represents a logged contact event.

To reiterate the challenges with data, the contact data set contains rows of contact
events which are logged as power packets exchanged between tas sernsne

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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Days of the Experiment

Raw Data: Individual 10
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Days of the Experiment

Days of the Experiment

Raw Data: Individual 13
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Days of the Experiment
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Days of the Experiment

Days of the Experiment
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Individual 20
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Appendix ETPCA Resul t s

El. Class 1

E1l.1 Time Trends

Input Data - Contact Events: Individual 16
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E1.2

Proportion Variance Represented

Proportion Variance Represented

Scree Plots

Scree Plot of Eigenvalues: Individual 16
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E1.3 Principal Component Loadings

PC Loadings - Individual 16 I

- Contribution
Variable |PC 1 PC2 PC3
Day 1 0,5517 0,049Q0 0,2714 0,380
Day 2 0,2119 -0,1044 0,0334 0,057
Day 3 0,0044 0,097 -0,0411 0,011
Day 4 0,0029 0,1791 0,1344 0,050
Day 5 0,2684 0,0144 0,1849 0,107
Day 6 0,454 -0,0820 -0,4759 0,440
Day 7 0,2314 0,110Q0 -0,652¢ 0,492
Day 8 0,4751 0,036 0,2534 0,292
Day 9 -0,0158 0,32971 0,0615 0,113
Day 10 -0,0913 0,8003 -0,2014 0,690
Day 11 0,0243 0,3744 0,3271 0,248
Day 12 0,2889 0,1865 0,0501 0,121

. PC Loadings - Individual 18 Contribution
Variable [PC 1 PC2 PC3
Day 1 -0,00723 -0,2783% -0,28107 0,157
Day 2 -0,29481 -0,67783 -0,18699 0,581
Day 3 -0,17008 -0,23523 0,19137% 0,121
Day 4 -0,0597% -0,47849 0,359374 0,362
Day 5 -0,0308% 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 0,0745¢ 0,678
Day 11 | -0,20289 -0,18549 -0,12553 0,091
Day 12 | 0,174059 0,00077% 0,269462 0,103
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Days of the Experiment
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E2.2 Scree Plot

Proportion Variance Represented Proportion Variance Represented
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Scree Plot of Eigenvalues: Individual 4
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E2.3 Principal Component Loadings

PC Loadings - Individual 4 o

. Contribution
Variable [PC 1 PC 2 PC3
Day 1 0,277  0,020§ -0,2122 0,122
Day 2 0,2213 0,0459 0,2904 0,136
Day 3 0,312 0,227Q0 0,0304 0,150
Day 4 0,5214 0,0991 0,599(¢ 0,640
Day 5 0,4821 -0,101§ 0,0614 0,247
Day 6 0,295 0,6829 -0,5494 0,856
Day 7 0,4299 -0,6778 -0,4523 0,849

. PC Loadings - Individual 13 Contribution
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 0,3243 -0,1264 0,306
Day 4 0,0313 0,1102 -0,9564 0,928
Day 5 0,5522 -0,7413 -0,0073 0,854
Day 6 0,511 0,5524 0,205§ 0,609

PC Loadings - Individual 14

Contribution

Variable |PC 1 PC?2 PC3

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 0,2527 0,307
Day 4 0,136 -0,2144 -0,9072 0,888
Day 5 -0,1641 -0,6224 0,2105 0,459
Day 6 0,0051 -0,2080 -0,1021 0,054
Day 7 0,9630 -0,1813 0,1977 0,999
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Component 3

Loading Plot - 3D: Individual 14

14 "

o 0.5

=

1
Q
7

s 04 6
Q.

£

[

O -0.5

-0.5

Legend

d1=Fri
d2=Sun
d3=Mon
d4=Wed
d5=Fri
dé=Sat
d7=Tue

-0.5

Component 2 - - Component 1

Loading Plot - 3D: Individual 13

It
o
/

o

Legend

d1=Fri
d2=Sun
d3=Mon
d4=Tue
d5=Wed
d6=Thu

-0.5

-1 -
Component 2 1 Component 1




E3. Class 3

E3.1 Time Trends

Days of the Experiment

Days of the Experiment

Input Data - Contact Events: Individual 3
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Input Data - Contact Events: Individual 8
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Days of the Experiment

Days of the Experiment

Days of the Experiment

Input Data - Contact Events: Individual 9
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Input Data - Contact Events: Individual 12
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E3.2 Scree Plot

Scree Plot of Eigenvalues: Individual 2
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