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ABSTRACT

Chronic pain is a prevalent disorder that affects engagement in valued activities. This is a
consequence of cognitive and affective barriers, particularly loweffethcy and emotional
distress (i.e. fear/anxiegnd depressed mood), to physical functioning. Although clinicians
intervene to reduce these barriers, their support is limited to clinical settings and its effects do
not easily transfer to everyday functioning which is key tosahagement for the perswith

pain. Analysis carried out in parallel with this thesis points to untapped opportunities for
technologyto support pain selinanagement ormproved function in everydawctivity
settings. With this longerm goal for technology in mind, this thesigestigates the possibility

of building systems that can automatically detect releusytthologicaktates from movement
behaviour making three main contributions

First, extension of the annotation of an existing dataset of participants with andtwithou
chronic pain performing physical exercises is used to develop a new model of chronic disabling
pain where anxiety acts as mediator between pain aneffiedcy, emotional distress, and
movement behaviour. Unlike previous models, which are largelydtiear and draw from
broad measures of these variables, the proposed model usespmaafit data that better
characterise the influence of pain and related states on engagement in physical atheities.
model further shows that the relationship betwtese states and guarding during movement
(the behaviour specified in the pain behaviour literatsredmplex and behaviodescriptions
of a lower level of granularitgre needetbr automatic classification of the states. The model
also suggests thabme of thestates may be expresseth othermovement behaviouypes

Second, addressing this using the aforementioned dataset with the additional labels, and
through an irdepth analysis of movement, this thesis provides an extended taxonomy of bodily
cues for the automatic classification of pain,-&éficacy and emotional distress. In particular,
the thesis provides understanding of novel cues cetstates and deeper understanding of
known cues of pain and emotional distrddsing machine learnig algorithms average F1
scores (mean across movement types) of 0.0@7, and 0.86 were obtainéat automatic
detection ofthreelevels of pain and selefficacy and of twolevels of emotional distress
respectively, based on the bodily cues described and thus supporting the discriminative value
of the proposed taxonomy.

Third, based on this, the thesis acquired a new dataset of both functional and exercise
movements of people with chronic pain basedoovicost wearable sensors designed for this
thesis and informed by the previous studies. The modelling results of average F1 score of 0.78
for two-level detection of botlpain and selt-efficacy point to the possibility of automatic
monitoring of these stas in everyday functioning.

With these contributions, the thesis provides understanding and toolsarg¢esslvance
the area of patnelated affective computing and groundbreaking insight that is critical to the
understanding of chronic pain. Finalljhet contributions lay the groundwork for physical
rehabilitation technology ttacilitate everyday functioning of people with chronic pain.
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1 INTRODUCTION

O! ACETT O 1T &£ Al EETAOh EAZ OAcCOI AOI U AAAT I
recognized as expressive. These may consist of movements of any part of the

AT Auh 8 OEA OEOOCCEI ¢ T &£ A 1 AT80 OET OI AAO
use of the vocal..It has often struck me as a curious fact that so many shades

of expression are instantly recognized without any conscious process of

AT AT UOEO 11T 100 PAOOS8S

Charles Darwin(1898, 349z59)

I HIS thesis addressthe problem of automatic monitoring of cognitive and affective

stateghat influencephysical functioning in chronic pa(tP)

Chronic pain is a condition where pain persistsn the
absence of tissue damage and is associated with
dysfunctional changes in the nervous system

(Tracey and Bushnell 2009)

This is an important application area @B is a disablinglong-term condition thataffects
engagement in valuephysical activities (The Pain Consortium 2016Yhe conditionalso
placesimmenseburden ornthe capacities ohealthcare systesrin many countries including
United Kingdom (The Pain Consortium 2016Jechnology is increasingly being seen as a
practical tool tdacilitate and suppotbng-termmanagement dhis condition(Jamison 2016)
Indeed, échnologycouldbe used to videintervention remotelyfacilitatemoreeconomical

use of both healthcare resources (on the part of the healthcare service provider)-and self
management resources (on the part of the healthcare service re¢gherand Cahan 2016)
Such technology enables provisiaoisintervention in situ rather than icontrolled clinical
settings thaarenot reflective of the challenge everyday life(Singh, BianchiBerthouze, and
Williams 2017) Technology also offers the opportunity to continuously capture relevant
variables (e.g. movement behaviour) that can infoparsonakation for more effective
interventionandsel-managemenZzhu and Cahan 2016; Felipe et al. 2015)

However, while technology that promotes physical rehabilitatibas beengaining

widespreadadoptionin recent yearurrent designs overlook factors that are criticdlP. In



this condition cognitive and affectivdactors (particularly seléfficacy, fear/anxiety, ah
depressed moodjgnificanty contribute tophysical functioning outcomd¥Ilaeyen, Morley,
and Crombez 2016; Asghari and Nicholas 2004¢t, the state of the art in physical
rehabilitation technologyis based ondesign frameworks that focus omngagement in
biomechanicatermsand in terms ofmotivation (e.g. interes} to the exclusiorof critical
cognitive and affectivetatesBiomechanical measures are not as releva@fras they are in
acute conditiongsuch as a sprairjecause othe absenceof related physical damage from
which to recoverFurther, vhile motivationmay bea significant consideratiomhendesigning
to promotephysical exercising, playsa lesser roléhanpain and relatedtatesn engagement

in valued activities

Recent tudies such as Singh et @014)thatincorporate initial findings on the perspective
of peoplewith CPin addition to that of physiotherapists show that physiotherapists aim to help
people withCP develop skills to understand and addresgnitive (e.g. selt-efficacy) and
affective(e.g.fear of paindepressedood)barriersthey facebeyondliack of motivation The
study of Singh et al.(2014) also provides evidence that people wi@tP and their
physiotherapists adapt strategies to reduce exposure to negative affectivanstgiesmote
the use ohelpful cognitive strategie® enable physical functioninghe atentionthat the
physiotherapistpay tohowthe movemenbf a person witlCPis executed is mainly aimed at
detecting psychologicdbarriers to engagementith it to be able to provide appropriate
support Thesefindings highlight the need for technology f@P physical rehabilitation to
addresscognitive andaffective barrierdn an active and constructive walyat is directed
towards facilitatingfunctioning The approach taken by such technology should go beyond
logging of emotional states in the form sélf-report diaries which is usually used to support
postactivity refledion or clinical consultation(Hollis, Konrad, and Whittaker 2015; Li, Dey,
and Forizzi 2012; Longqi Yang et al. 2016} this does not enable re¢mhe addressing of
negative statedVork reportedn Olugbade et al(iin review) andinspred by this thesis (but
not reported herelith initial work with patients and physiotheragst Singh et al(2014)
provides adeeper understanding tiie forms ofreaktime support peoplavith CP needo
overcome the psycholagl barriers they encounter whijgerforming everydayphysical
activities. Thee andyses revealedopportunities for technology taddress these barriers

directly as they occyiin addition to opportunities for informembstactivity reflection



Leveraging of these opportunities, however, requhlescapabilityto automatically detect
these stateduring physical activityso asto erablereattime tailoring of interventiors when
the needarises andto make availableelevant information that enables helpful reflection in the
longer termOlugbade et alin review). This thesis addresses this requirement.

The thesis contributes the areas of affective computing and technology for rehabilitation
andvarious areaof painresearchAn overview of the thesis is given in the rest of the chapter
with an introduction of the research questions and contributions of the thesis in Section 1.1, a
list of publications that have resulted from the thesis in Sectignahd® an outline of the
structure of the rest of the thesis in Section 1.3.

1.1 ThesisContribution

There werdghreemainresearch questionsvestigate in this thesigo address the problem of
automatic monitoring of pain and related ssficacy and emotioal distresgfear/anxiety and
depressed moodj) everyday physical activity settingSig. 11 gives an overview of these

guestionsaandtheyare discussed in this section.

The first question that need to be addresseid designing ap affectaware system ief
the affective modalitiesthat should be usetbr assessing theognitive oraffective states of
interest bearing in mind the modalitiekat furtherinform interventionn response tdetected
cognitive or affectiveneeds. Theiteratureon CP suggestshat observable pain behaviours
(such asbodily, facial, and (para)verbal expressiona)e modalities for assessing such
experience in the context of painKeefe and Block 1982)Bodily expressions have
particularly beendentified as thecritical oneof thesebehaviour formsas theyappearto have
a protective rolg§amongst othersysuggesting that they are typically respesintended to
minimise threat or harrtBullivan et al. 2006)Conversely, &cial and verbal expressions have
amainly communicative role (e.qg. &icit support)(Sullivan et al. 2006)The action tendency
encapsulated in bodily expressions makes them of further significangeroinding
understanding of how a perseith CP engages iphysical activitysuch ashis/hercapabilities
andthe strategieéwvhich may be maladaptiyen exacerbating pajand need to be disrupted)
used tocope with pain experienc&uch understandinfgeds into clinical interventionYet,
despite the importanad bodily expressed pain behavisuiormal understanding on them

still limited.



Problem

how can technology monitor pain intensity,

movement related self-efficacy, and pain related
emotional distress during everyday physical
functioning?

Research Question 1

What is the relationship between these states and
observable pain behaviours?

How can levels of the states can be automatically
detected during physical activity?

a. what body movement b. can these behaviours
behaviours contribute to enable automatic

differentiation of levels BN detection of levels of the

6esearch Question 3 \

How can levels of the states be detected in everyday
physical functioning based on these behaviours?

a. can the behaviours be b. can this set of sensors

measured using a enable automatic
minimal set of low-cost detection of levels of the

sensors? states?
\ Chapter 7

Fig.11. Theesearch questions investigated in this

Chapter 5
¥ ]
@search Question 2 \

of the states? states?
K Chapter 6

he
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A method(Keefe and Block 1982that specifiesthreeexamplesof these behaviourgn
addition toonefacially expressed behaviour andevocally expressed bewiaur) remains the
main approach usdd assessing pain behavioutinfortunately this form of assessmehgs
usually only beencompared withselfreport of painintensity to the exclusion ofother
psychological factorghat are more relevant tbehaviour (Asghari and Nicholas 2001;
Denison, Asenlof, and Lindberg 2004pn the otherhand theoriesof pain that guide
understanding of the influence of pain and related cognitive and affective states on engagement
in physical activities have mainlyeenbased on broad physical functioning outconeg.(
disability) rather thadow level behaviourmeasuregAsghari and Nicholas 2001; Denison,
Asenlof, and Lindberg 2004}urther,the proposedssessmenmnethodof Keefe and Block
hasfocusedon therole of bodily expressed paibehaviours atear responseshereasother
states €.g.self-efficacy, depressed moganaycontribute to the emergenceather (roles of)
painbehavious (Sullivan 2®8). It is, thus,jmportant andimely to address tquestionwhat
is the relationship between observapkein behaviourandpain and related sekfficacy and
emotional distres3 if the extentto which thesgpain behawurs (as specified in the pai
behaviour literaturéKeefe and Block 1982kan be considered a measafehese states to

be understood.

The second questionthatthenneed to beaddresseth buildingtheproposedffectaware
systemis the questiof howbodly expressed paibehavious enable assessmentpdin and
relatedcognitiveand affectivestates Although bodily expressions have been investigated in
the area of affective computinghd shownto be an informative and powerful affective
modality (e.g. inFourati and Pelachau@019, Kleinsmith, BianchiBerthouze, and Steed
(2011), the understanding of hothe body expresses paimovementrelated seHefficacy,
anxiety aboutpain, or depressedanoodin the context ofCP is very limited.To build such
understanding, there needs to be investigateyobdexplaation of grossbodily expressed
pain behaviourée.g. physical activity levelsand specific bodilypehaviour signatusneedto
be analyed Theneed for thisapproachemerges fronthe results of investigation of the first
guestionthat showthat the relationship between these statesbaddy behaviour specified in
pain behaviour literaturis complex and fingrained descriptionsf suchmotor patterns are
necessaryor automatic classification of thetates.This approach addresses the aalpain
literature for research into specific strategies used by people with &Rjagingn physical
activity (Huijnen et al. 20113and into deeper understanding of dimensions of bodily expressed

pain behaviours with respect to pain and related cognitive &extiaé stategSullivan 2008)



Further the bodilycuesneed to beconsidered in terms ddfoth overt expressiongnd the
less exploredin affective computingjnuscle activig. The significance omuscleactivity in
analysing bodily expressed behaviaisuppored by findings inboth affect studiegHuis In
0t Veld, Van Boxtel ,n atd el dGel Men BdXtd4al,, Ha
andpainliterature(Watson et al. 1997; Watson, Booker, and Main 199%)estigatiorof the
secondjuestiorwas thus, aimed at contributirgtaxonomy of lowevel bodily behaviouref
each othe states investigated afmimulae to extract them from movement dasad seenable
the design offfectaware systems that can monitor eachhefbehavious during everyday
functioning or evenin clinical assessmentSuch tools canfurther enable groundng of
theoretical models of pain oobjectively measured behaviour and better understanaof
cognitive and affectivdimension®f behaviour. ' this endthethesis addresdghe question:
how can the levels of pain and relateelfefficacy and emotional distress be automatically

detectedrom bodily expressed pain behaviodrging physical activity?

A third question is on how to integrate affeeadware capabilityinto the settingwhere
physical rehabilitatiomeallytakes placeTherapysessionandsituated semanaged exercises
are not the maisgettingwhere physical rehabilitation occuie people with CKSingh et al.
2014; Felipe et al. 2015; Singh, Bian@erthouze, and Williams 201 7/Ratherjt is everyday
functional activityaspeoplewith CPhave limited physical anpisychologicalesourcesvhich
they dedicate to functiamg in preference taexercising(Singh et al. 2014; Felipe et al. 2015)
Further,functional activitiesarethe target of rehabilitation as thdirectly translate to valued
goals(Singh et al. 2014; Papi, Belsi, and McGregor 2015; Singh, Big®etthouze, and
Williams 2017) It is, thus, necessary tmderstand how affect detection from bodily eegsed
pain behaviours can be done in everyday settidgs. of the psblems that must be addressed
is the possibility of capturinghese behaviours ithesesettings.Unlike situated exercises,
functional activities occur in ubiquitous settingseresensorsieed to be portabland sat is
necessary to consider lesost wearable options and understand the extent to which they allow
capture of affectivéodily expressionsA second problem is whether the same behaviours that
enable affect detection movements in exercise settin@sg.forward trunk flexion exercige
are valid for the same movementsfumctional settings(e.g. reaching forward to piakp an
object) These problemwere addressed ithis thesis with investigation dhe questionhow
can levels of pain and related sadfficacy and emotional distreé®e detectedrom bodily
expressed pain behavioursfunctional movemenesThisis a firststeptowardsunderstanding

the possibility of monitoringhese states the ubiquitous settingof everyday functioning.



In addressing thesthree questions three secondarycontributions emerge First, an
existing pain dataset, ErRain dataset was extended withmore reliablephysiotherapist
annotations ofjuarding and new annotations of movemefated seHlefficacyto enable the
dataseto be leveraged in addressing the first and second quest8etwondly, to investigate
the third question, a new dataset of both exercise and functional movements captured-with low
cost sensorwas acquireds he Emdlain datasewas of exercise movemerasly and thee
were captured using systems which are not port&ially, & the time the work in #athesis
work started, commercially available levost devices for body movement sensing were
largely not portable (e.g. Microsoft Kinecg€venwearable systems (e.g. Animazoo KES)),
which were additionally expensivelhus, a custorbuilt portable weatale system that
measures both bodily expressions and muscle activity was developed thgkiystem itself
is not a contribution, its development and use led to understanding of issues rethed to
design ofuchsystems fodatacapture in everyday setgs.At the time of finishinghis thesis,
low-cost portablevearable alternatives have begun to emerge (e.g. Nbimtich Interfaces
Inc. 2016). However there is not yet a commercial option for integrated sensibgtbfovert
body movement and muscle activignd so these findings remain relevaspeciallyasthe

current commerciadevices suffer fromsimilartechnicalissues

1.2 Publications
Fourmajorpeerreviewed publications have resulted from the investigatbtwso ofthe three
research questionshe second and third)f this thesis. Citations for these publications are

given below:

1 How Do Affect States Matter In Chronic Pain Technology Intervention? And Can
Technology Detect Them?

Olugbade T. A., Singh AjanchiBerthouze N., Marquardt N., Aung M., Williams A.
ACM Transactions on Computétuman Interaction (in review)

2 Human Observer and Automatic Assessment of Movement Relate&fSedicy in
Chronic Pain: from Exercise to Functional Activity.

Olugbade T. A., BianctBerthouze N., Marquardt N., Williams A.
IEEE Transactions on Affective Computir0(8

3 Pain Level Recognition using Kinematics and Muscle Activity for Physical
Rehabilitation in Chronic Pain.

Olugbade T. A., BianctBethouze N., Marquardt N., Williams A.
Affective Computing and Intelligent Interaction (2015)



4 Bi-Modal Detection of Painful Reaching for Chronic Pain Rehabilitation Systems.
Olugbade T. A., Aung M., Marquardt N., Williams A., Biarigarthouze N.
Internaticnal ConferencermMultimodal Interaction (2014)

A publication resulting from the investigation of the first quesisoim preparation for a pain

journat

Disentangling Relationships between Pain Behaviour and Pain Related Cognitive and
Affective States.

Olugbade T. A., BianckHBerthouze N., Marquardt N., Williams &enue decision to be
finalised
1.3 ThesisStructure

The rest of the thesis is composedafr parts that together comprisgghtchapters:

Part | - Background & Literature Review consists of two background chaptethapters
2 and 3 The first of these chapter€hapter 2providesa background or€P and current
understanding of the influence a$sociateadognitive and affective statem engagement in
physicalactivities In addtion, the chaptemprovides a discussion of the opportunities that exist
for technology to address the barriers that these states pose to physical functioning and a review
of the gaps thagxistwith the state of the art in physical rehabilitation techgpl@hapter 3
discusses existing knowledgethe area opainrelatedaffective computingThe significance
of bodily expressed behaviouas an affective modalitgnd the approaches that exists for
capturingthem are also discussadthe chapter

Part Il - Research Question& Methodology has only one chaptéChapter 4where the
research questions that the thesis addressetharapproachused ininvestigatingthem are

presented.
Part Ill - Research Studiesonsists ofChapters 5.

In Chapter 57 respectively the three mainstudies carried out in addressing theee

research questions of the thgsise Fig. 1.1are reported and discussed

In Chapter 5, the investigation of the first research question is presenteel first section
of this chapterthe annotation studwith physiotherapistscarried out to extend the existing
datasetvith annotations for guardidgehaviourand selefficacyis reportedThe analysis done
to investigate the relationships between guardiglgaviourand pain ad related selefficacy

and emotional distress describedn the second sectiohe findings ofthe analyss are
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reportedand discusseith the third section. Findings o&nalysis of cuethe physiotherapists
usedn estimating movement related sefficacy is als@eportedin the fourth section)These
findings arefurtherdiscussedn the fifth section highlighting thecontributionsmadeandthe
implicationfor relevant areas he conclusionof the main findings of the chapter provided

in the sixth section

In Chapter 6, the investigation of the second research question is pre$aptetapter is
divided intosix main sectionsthe first section introduces the notations used in the chapter.
Each of thefollowing threesectons cover the investigations for each of pain, sdficacy,
emotional distress. In tBethree sections, the investigatso(and their findingspf the body
movement features that contribiitediscrimination between level of these stateseperted
and discussedrhe findings of these investigati®are together discussed in thiH section

while the main findings are highlighted in the concluding section (the sixth section).

In Chapter 7, the investigation of ttherd research question is presahta the first section,
the development of the custdonilt sensing device is reported whilee acquisition of the new
dataset baseoh this devices describedn thesecondsection Themethods used fanalysis
of the data is describad thethird section and the findings of the analysis are repoided
discussedh thefourth section Thefindingsof these investigatiorare discusseat a high level
in the fifth sectionand the conclusion of these findings is summarised in the final section of

thechapter.

An overarching discussion of the findings of these studies especially their contributions and

the opportunities that they open for future research is done in Chapter 8.
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2 BACKGROUND: CHRONIC PAIN AND ITSIMPACT
ON PHYSICAL FUNCTIONING IN EVERYDAY LIFE

I N this chapter, three main bodies of literature are reviewed. First, literature on CP is
reviewed to provide a necessary understanding of the condition, its implication in terms of
physical functioning, and the significance of associated cognitive and affective states to the
challenges in physical functioning with the condition. This review is important as it provides a
background to the topic of the thesis and insight into the needs thattadtie questions
addressed in .itSecondly, relevant humatomputer interaction literature in the area of CP
physical rehabilitation is additionally reviewed to highlight the opportunities for technology to
address the challenges of physical functioning for people with CP throughcattemthese
states. Thirdly, the state of the art in physical rehabilitation technology is then reviewed to
show that these opportunities have not yet been fully leveraged in the area. The research
guestions that arise from the review of these bodiesevéture are discusseavardsthe end

of the chapter.

The chapter is organised in6osections. An overview of CP and the challenges of CP
physical rehabilitation are discussed in Section 2.1. In Section 2.2, the current understanding
of the relationship between physical functioning outcomes and pain and related cognitive and
affective states that make physical functioning challenging is reviewed. In Section 2.3, the
opportunities that exist for thoology to address these statasd so failitate physcal
rehabilitation are presented. The state of the art in physical rehabilitation technology is
reviewed in Section 2.4lhe main points of these sections for the topic of the tlesishe
guestions that emerge from them are discussed in Sectiam@atconclusion is provided in
Section 2.6.

2.1 Chronic Pain
In this section, a definition of CP is given with a discussion of its implication for physical

functioning.

2.1.1 Definition
CP is a prevalent lonterm condition(The Pain Consortium 201@)here pain persists in the

absence of tissue damage and is associated with dysfunctional changes in the nervous system
(Tracey and Bushnell 2009)
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Modem understanding of CP draws tire gate control theory of pa{iMelzack and Wall
1965) which describes howpain signals are moderated and modulated by cognitide an
affective processes in the spinal cord and in subsequent transmission between the spinal cord
and the brain. For example, descending pathwaygirfating from the brain and extenditay
the spinal cord) selectively inhibit or facilitate pain signalhwitfluence from cognitive and
affective processgsBu s h n e | ¢ Low 20&3klio CP, ragions and mechanisms involved
in such regulations are alteréedBu s hnel | , L e kForinstaneetherd.iosewidecd 1 3 )
that in the descending pathways in CP, there is both disturbed inhibition and heightened
facilitation which provide a basis for the persistence of a sensitized states icotidition
(Tracey and Bushnell 2009yhe density of gray matter, which is a critical component of the
brain, has also been found to be reduced in CP in regions of the central nervous system that
belong to these pathway3$racey and Bushnell 2009} has additionally been found that
processing of pain signals in the brain is shifted in CP towards regions of the brain involved in
the regulation of affedfTracey and Bushnell 2009)his may contribute to emotional distress
experienced by people with CP in the presence of pain related stimuli; such distress may affect
cognitive regulation of pai(Tracey and Bushnell 2009n fact, reduced deactivation of the
default mode atwork regions of the brain (which is a region of the brain known to be typically
deactivated in healthy persons while engaged in tasks) during task performance has been found
in CP supporting the theory of disruption of normal cognitive processes inotitition
(Tracey and Bushnell 2009)

2.1.2 Implication for Physical Functioning
People with CP find harmless mawent painful with a major consequence being limited

engagement in everyday activitiegjch aswork, family and social interactions, household

chores, and leisure activiti€Breivik et al. 2006)

It is established that cognitive and affective factors, particularlytowement related self
efficacy(MRSE) and pain related fear/anxiety and depressed rsigwificantly contributeéo
this outcome(Vlaeyen, Morley, and Crombez 26; Asghari and Nicholas 2001Yhis
understanding Isaled to a shift in physical rehabilitation methodérom a focus on the
biomechanics of movement execution to a multidisciplinary appraplomoting physical
functioning in people with CP. In thicontemporary approach, cognitive and affective barriers
to movement are addressed to facilitate engagement in physical func{i®mgl et al. 2014)
In fact, qualitative evidences Bingh et al(2014)andOlugbade et al(in review) illustrate

that physiotherapists tailor interventions during structured exercising in pain management
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programs. For example, in providing instructions for the exercises, they s@gtens that
encourage patients to execute the movements in ways that are psychologically comfortable (not
necessarily meamg physical comfort or the absence of pdint non-exacerbation oanxiety

about pain or physical integrjtjor them rather thaimplying constraints in how the exercises
should be execute@Singh et al. 2014) Such tailoring is based
assessment of the cognitive and affective needs of the patient and is aimed at facilitating
reduction of negative emotions and appraisals. The interventions are designed to support a
person with CP in gdually building capability psychologidgland physically so thathe is

able to employ helpful cognitive and behavioural strategies in dealing with everyday physical

activities despite paifSingh et al2014; Olugbade et ain review).

The problem, however, is that the tailored interventions received by people with CP are
limited to the structured exercising in these programs and are not available during everyday
physical functioning. This is a pri#m because the safianagement skills and capabilities
developed during such programs may not readily transfer to everyday physical a¢Tivities
2015) whereas tbse activities are more directly related to valued goals (such as employment)
than exercises. The disconnect between exercise and physical activity for people with CP is
due to the dynamic nature of cognitive and affective barriers in that the barridririaite
performance of an activity may depend on the type of activity, its length, its complexity, and
the settings in which it is performé®lugbade et alin review). This points to the need for
affecttailored intervention to be integrated into everyday settings. Indieeégs in Singh,
BianchiBerthouze, and William&017)provide evidence that technology that can personalise
intervention in these settings can facilitate improved confidence, the employmeatrif le

skills, and improved engagement in physical activities.
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ﬂction 2.1 Highlights N

1 In CP, pain does not mean injury.

1 CP hinders physical functioning via movement related self -
efficacy , fear/anxiety, and depressed mood.

1 Affect -tailored support from physiotherapists during
exercising in clinical settings does not transfer easily to
everyday settings.

1 Technology can be leveraged to provide tailored support in
everyday functioning as well as in exercising outside of

Kclinical settings. j

2.2 Cognitive and Affective Barriers to Physical Functioning in Chronic Pain

Pain is an important signal of (impendiogthreatenedbodily harm and is so powerful that it
demands attention and interrupts engagement in activities even when the pain is chronic
(Eccleston and Crombez 1999; Vlaeyen, Morley, and Crombez .2ZlH€lignificance of pain

is in the responses that it provokes to escape or protect against (perceivedStiiliean

2008) In CP, where pain persists without an injury and duhagnless everyday activities

(e.g. initiating a si#down, picking up a book from a shelQuch responses (e.g. movement
avoidance or suboptimal engagement in movement) are unhelpful. This makes it important to
promote engagement in physical activity despgpain but with an understanding of its
influence on physical functioning. Even so, as mentioned in the previous section, findings in
pain studies suggest thaiovement related sedffficacy and fear/anxiety are more pertinent
factors of physical functioning outcomes in CP. Depressed mood has also been shown to
influence these outcomes. In this section, a more elaborate discussion of these three states and
their influence on functioning is de based on widelsiccepted theories applied in pain

research.

2.2.1 Movement Related SekEfficacy (MRSE)
Seltefficacy is the level of confidence that a person hassthatcan successfully execute the

behaviours required to perform a given actiyBandura 1977)
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2.2.1.1 The SelEfficacy Theory

The selfefficacy theory(Bandura 197) puts this state at the core of engagement behaviour.
According to the theory, seéfficacy can influence the decision of whether or not to engage
in an activity. While people will engage in the activity if they perceive themselves to be capable
of dealing with possible barriers (such as pain), they will fear and likely avoid the activity if
they perceive it to be beyond their capabilifiBandura 1977)Sdf-efficacy also determines

the amount of effort that they will put into performance of the activity and the level of

persistence in performing the activity when confronted with relevant barriers.

The theory highlights performance outcome as one of tterfathat influence appraisal of
self-efficacy. It suggests that persistent poor outcomes in an activity are likely to undermine
selt-efficacy for that activity and related ones whereas successful outcomes will likely lead to
an improvement in selfficacy. This points to a danger with avoidance behaviours which do
not allow opportunity to disconfirm incorrect appraisals of capability through this means
(Vlaeyen, Morley, and Crombez 201@)he theory further suggests that affective responses
(such as anxiety) to threasalinfluence selappraisals of capabilities.

2.2.1.2 Evidene from Pain Studies supportififpe SeHlEfficacy Theory

Findings in pain literature support the validity of the éffcacy theory in CP. For example,
Asghari and Nicholag2001)found selfefficacy to be negatively correlated with avante
behaviour in adults with necancer CP (excluding rheumatoid arthritis and headache). In their
study, seHefficacy was assessed usiagjuestionnairevhich measures the magnitude and
gener al ity odfficaay witheselfmting @ sonfidemd i the ability to perform

each of ten categories of everyday activities (such as household chores) despite pain.
Avoidance was assessed usaguestionnaire that checks whether or not a person typically
avoids a range of activities due to pain. Avoickabehaviour is a pertinent measure of physical
functioning outcome in CP because it conflicts with the pursuit of valued (dalsyen,

Morley, and Crombez 2016)Based on multiple regression analysis, Asghari and Nicholas
(2001) found thatlow levels ofself-efficacy predicted avoidance after controllifag pain
intensity and duration, age, gender, neuroticism, disability, depression, and catastrophising (a
cognitive state associated with fdaeeuw et al. 200%) The other cognitive constructs they
investigated were not independently predictive of avoidance. These constructs were: pain
permanence (the belief that pain will be persistent), constancy (i.e. belief of pain being

17



currently consint and pervasive in its influence in everyday life), pain responsibility (i.e. belief

of responsibility for the management of own pain), and belief about control over pain.

Denison, Asenlof, and Lindbefg004)alsofound selfefficacy to be negatively correlated
with disability (i.e. problems executing everyday activiieseuw et al. 2007%)in adults with
CP (excluding rheumatoid arthritis, osteoarthritis, and fiboromyalgia). In their study, they
measured sekfficacy similar to Asghari and Nicholg2001) although they usea self-
efficacy scale which was originally designed for healthy respondents but was adapted for use
with people with CP. They assessed disability usirsglfreport scalavhich measures the
general level of interference of CP with everyday activities.

2.2.2 Pain Related Fear and Anxiety
Fear and anxiety are both emotional responses to threat; however, whéesefeasponse to

an immediate threat, anxiety is a reaction to a possible futurLeaaw et al. 2007)in pain
literature, fear and aiety are often used interchangeably (possibly because pain is constantly
present) to connote fear that is due to the perception of pain as a primdltbezat et al.

2007) This interpretation of the two terms is assumed throughout the thesis.

2.2.2.1 The FearAvoidance Theory

The fearavoidance theory of paifVlaeyen and Linton 200@pecifies the re of fear in the
maintenance of disability in CP. The theory suggests that wrong appraisal of pain as a signal
of threat (e.g. in catastrophising) leads to fear which in turn results in avoidance behaviour and
reduced engagement in everyday physical dieter Recent discussion of the theory in
Vlaeyen, Morley, and Crombg2016)further postulates that these fear responses (avoidance
and reduced engagement) may generalise to other activities that are not initially feared.
According to the feaavoidance theory, the responses lead to a cycle in thedomgas they
thenresult in digbility and disuse (i.e. stiffnessd loss of muscle fitness) which in turn cause
pain threshold to be lowered, leading back to fear. The theory further suggests that pain related
fear will also interfere with cognitive processes and cause increasedoattém pain,
hypervigilance, and ovesrediction of pain.

2.2.2.2 Evidene from Pain Studies supportifi@pe FearAvoidance Theory

There are several studies that provide evidence of the influence of fear on physical functioning.
One is the previously mentioned wasf Denison, Asenlof, and Lindbe(g004) They found
fear to be positively correlated with disability, and hierarchical multiple regression analysis

showed that fear is predictive of disability even aftemtialing for selfefficacy and pain
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intensity. In the study, fear was assessed using the Tampa Scale for Kinesigphitdria
Kori, and Todd 1991 )which measures general level of fear of pain, movement, and (re)injury.

Their participants and disability measures are as mentioned previously (in Section 2.2.1.2).

Findings in Crombez et a(1999) additionally show that similarly assessgshr also
predicts objectivehassessed behavioural performance in specific physical tasks. Here, the
participants were people with chronic back paimd the assessed tasks weumkrflexion
extension movementshich are typically challenging for this coh@gwatson et al. 1997A

dynamometer was used to assess performance in thkse tas

2.2.3 Pain Related Depressed Mood
An important advance in the understanding of depression in CP is the finding that it is different

from clinical depression in that it is characterised by a negative outlook on health and lacks the
self-denigration componesiof the latte(Rusu, Pincus, and Morley 2012; Pincus and Morley
200]). Rusu, Pincus, and Morlg012)showed this in a sentence completion task: people
with CP and depressed mood made mordtthealated completions than people with CP
without depressed mood, and than people without CP with or without clinical depression.
Interestingly, their health related completions were also more negatively valenced than those
of other groups. This suppottse theory of Pincus and Morl€2001)that depressed mood in

CP is a manifestation of information processing bias towards negative health related
information. In the study of Rusu, Pincus and Morley, the participants with CP were people
with chronic musculoskeletal pain with pain intensity of 3 or more (oical® pain scale) at

the time of the study and on average in the three months before the study. These participants
were decided to be of depressed mood status if they had been prediagsigsed with
depression, had current symptoms (based on
referred to a counselling service for depression.

2.2.3.1 The DiathesisStress Theory and Evidencelbk Influence of Pain Related Depressed

Mood on Physial Functioning

One of the widely accepted modern explanations for the prevalence of depressed mood is the
diathesisstress theory of Banks and Kei®96) Banks and Kern suggettat similar risk

factors (such @ the tendency to have a negative outlook on the future) make a person
susceptible to the two conditions and that the challenge of living with CP may act as a stressor
that activates depression in pemplith CP. The authors suggésat living with CP mayfor

example, bring about thoughts about the lack of a permanent cure for their pain in people with
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CP and such thoughts may provoke a sense of hopelessness and perceived loss of control
(which are symptoms of depression). Unfortunately, such negativaisglp lead people with

CP to have ammplified perception of their pain experiences and this in turn causes their
outlook to be more negativieading to a vicious cycl@Banks and Kernsdo6).

Findings in Asghari and Nicholg2001)show significant correlation of depressed mood
with avoidance behaviour although it did not significantly predicthikisaviour on multiple
regression analysis after controlling for age, gender, and pain intensity and duration. Rusu,
Pincus, and Morley2012)further showed that people with CP with depressed mood report
greater disability and interference of pain than people with CP without depressed mood.

Kection 2.2  Highlights N

1 The influences of MRSE and fear/anxiety on physical
functioning outcomes are independent of each other and of
pain intensity.

1 The self -efficacy and fear -avoidance theories of pain are
grounded on evidence from analyses of gross measures of
the relevant variables.

1 Pain related depressed mood is different from clinical

K depression and is tied to pain . j

2.3 Qualitative Understanding of The Cognitive and Affective Barriers to
Physical Functioningand Opportunities for Technology to Address Them

The studies reviewed in the previous section show that [mnMRSE, fear/anxiety, and
depressed mood influence engagement in physical activity. However, these studies only aimed
to test for effects of thetates on physical functioning and, as such, they do not clarify how
assessment of the states can inform intervenfioraddress this gap and gain insight into the
barriersthat these cognitive and affectiviates pose to engagement in everyday physical
activity and the opportunities for technology to address them for the purpose of facilitating

engagement, qualitative analysis was carried out in Olugbaddiatraview)®. Although tis

1 Olugbade et al. (in review) consists of three studies: two quantitative studies, part of the investigations reported
in Chapters 6 and 7, and; one qualitative study, which only served to provide a strong motivation for the
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analyss was motivated by this thesis, it was not carried out within the thesis investigation (and
was done in collaboration with other researchdrs) rather served to provide dcal
understanding of how these states differ in the challenge that they pose and the roles that
technology neesito play to enable people with CP overcome these barriers in everyday
physical functioning. This is an important background to this thesist gsrovides
underpinnings for the problem addressed in the thesis and the approach taken to address this

problem

The analysiswas based on interviews with 16 people with CP and 3 pain specialist
physiotherapists collected and previously analysed in Sihgh(2014)(but not with a focus
on the influence of pain and related cognitive and affedtaées in CP In this section,
findings of the analysis are discussed. The findings are discussed in three sections for pain,
fear/anxiety, and depressed mood respect\MRSE was not considered in the analysis in
Olugbade et al(in review); however,understanding of the opportunities for technology to
addresghis state emerged in the analysis in Singh gfall4)andthis will be discussed in a

fourth section.

2.3.1 Pain Intensity
Findings in Olugbade et dlin review) suggest that both high and low levels of pain require

intervention although intervention needs differ for the two levels.

In periods of high level pain, a person with CP is likely to avoid physical activity even
though this response is maladaptive in the longer term, and so it is important to encourage the
person to remain physically active even in these pelOtisggbade et alin review). When
periods of high level pain are prolonged and-sffitacy may be undermined, it is impamnt
to further reassure the person that losses in physical capability can be réQdimgde et

al.,in review).

In periods of low level pain, a person with CP may overdo physical activity to achieve
postponedgoals (Olugbale et al.,in review). This is also not a helpful strategy as the
substantial, sudden increase in levels of physical activity often worsens pain, and although this
does not imply harm from activity, it undermines progress in physical rehabilitationseeita

leads to association of increased pain with physical ac{@itygbade et alin review). Thus,

technological approach and inragion of these two studies (and the investigations reported in this thesis), and so
is not reported in this thesis.
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it is important to encourage a person with CP to increase physical activity gradually with breaks

or changes of physical activity even when pain levels aré@ugbade et alin review).

2.3.2 Pain Related Fear/Anxiety
It was also found that regardless of pain levels, pain related fear/anxiety discourages

engagement in feared activities even when they are within the indivduie p hy si c al ca
(Olugbade et alin review). Yet, it is important for people with C#® be (psychologially)

capable of engaginig the variety of movementghateverydayfunctioningrequires and so it

is important to address these feared activifidg®e analysisn Olugbade et al. (in review)
showed that fear/anxiety can vary between contexts, e.g. feratit levels of movement
complexities or different environmental settings. For example, the authors reported the case of
a person with CP who could not flex the trunk while standing, because of fear of pain or injury
from the movement, even though he veasily able to perform the same movement while
seated. The analysis further revealed the need to enable a person with CP who has high levels
of fear/anxiety to become aware of inaccurate appraisals and of unhelpful responses, such as
muscle tension, that avsen pain and make the feared activity more difficult. The analysis
additionally pointed to the importance of encouraging the use of helpful strategies (such as
focus on breathingoreaking down complex movements into simpler compohéntdefuse
fear/arxiety.

2.3.3 Pain Related Depressed Mood
Olugbade et alin review) also found that depressed mood makes it more difficult for a person

with CP to respond to thelevels of pain irahelpful manner and that this state rather than the
level of pain itself may discourage physical activity. As with fear/anxiety, drawing attention to
unhelpful appraisals about pain may heldepressed person with CPdngage in physal

activity. It may also be helpful to make the person aware of positive health related information,
such as progress in his or her physical and/or psychological capability, especially as it relates

to valued goal¢Olugbade et alin review).

2.3.4 Movement Relate&elf-Efficacy
Findings in Singh et al. (2014) suggest that increase in physical capability from muscle

strengthening exercises does not necessarily translate to improved engagement in everyday

physical activities if levels of se#fficacy for those activities remainvio

To deal with this problem, rather than a biomechanical approach that considers the

correctness of movement, it is more important to focus on promoting NiRHSgh et al. 2014)
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Gradual increases in physical activity targets can promote levels of N&&gh et al. 2014)

Verbal encouragement can also enhance this @atedura 1977)however, encouragement

must be given with an understanding of the level of MRSE of the person with CP so as to
promote independence in higher levels of MRSkgh et al. 2014)At these levels, there is

the danger of undermining capability if encouragement is not appropriately tgikaefd et

al. 2004) In fact, physiotherapists gradually withdraw encouragement as MRSE of a patient
increases. As MRSE levelncrease, there can and should then be effort directed towards
encouraging the person to build up in physical functioning and attempt more challenging
activities. For example, a person who had only been able to spend 15 minutes in the garden
playing withher daughter during the weekends could be encouraged to spend 5 minutes more

on the next weekend if her sefficacy for that activity has been obsertedmprove.

Kection 2.3 Highlights N

1 Pain, MRSE, fear/anxiety, and depressed mood play
different roles in impeding physical functioning and so
must be addressed separately.

1 Opportunities  exist for technology to address pain, MRSE,
fear/anxiety, and depressed mood in everyday settings
given capability to read them.

1 The aim of physical rehabilitation intervention is not to
simply promote increases in physical activity levels but
ratherto f acilitate psychological capability to engage in

Kthe variety of movements that valued activities involve. /

2.4 Technology State othe Art in Addressing Cognitive and Affedive Barriers
in Physical Rehabilitation

Findings discussed in the previous section underscore the need to address pain, MRSE,

fear/anxiety, and depressed mood in order to promote physical functioning in people with CP.
In this section, the state of the ar physical rehabilitation technology is reviewed with respect

to how they (fail to) address these states and the requirements of CP physical rehabilitation.
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2.4.1 State ofthe Art: Addressing Psychological Barriers
The majority ofphysical rehabilitation thnology designs are still based on the biomechanical

approach to physical rehabilitation that is more appropriate for acute conditions (such as ankle
sprain) which differ in need from loAgrm conditions (such as CP siroke). For example,
exergamebasel systems developed for stroke rehabilitation in Burke, McNeill, €2809)

were designed to provide performance feedback to the user as either reward for expected
performance or as penalty for submaximal or incorrect performdrue approach is not
helpful in CP where it may trigger anxieties about causing injury due to incorrect execution
(Singh et al. 2014)Further, as discovered by Doyle et @010)in their development of
technology to support geriatric balance and strength rehabilitation, the feedback that users find
informative goes beyond a score of phgsiperformance during exercisingn Doyle et al.

(2010) the participantsequested aggregated feedback of progress in physical capability. The
authors addressed this need with the provision of regular reports from physiotherapists. This
approach still relies orinician support and cannot easily be scaled to everyday settings where
rehabilitation is selfnanaged. In addition, it does not alleviate the demand on the healthcare

system.

Despite understanding from CP literat@¢feirk and Okifuji 2002)and emerging literature
on other longerm conditons(Reed et al. 2010; McNaney et al. 2015; Morris 2016; Ayobi et
al. 2017)of the importance of bringing psychological interventiomhe forefront of physical
rehabilitaton, only motivation to adhere to prescribed exerc{gézsnkus et al. 2010; Burke,
Mcneill, et al. 2009js typically addressedh current technologgesigns. An example is the
stroke rehabilitation system based on exergames developed in Alankug2€t8). In the
design of the system, a focus was placed dagieg boredom and maintaining interest and
this was addressed through automatic tailoring of the difficulty of the game to the physical
performance of the user. This approach does not address the problem in CP physical
rehabilitation where physical caphty does not necessarily translate to psychological
readiness (such as in improved MRSE) to build on current ¢@ingh et al. 2014)A similar
approach was sb used in the exergamased system developed for people with iGP
Schinauer et al(2011)where the games followed a storyline and the progression of the story
was made interactive by adapting it based on the physical performance of the user. As with
Alankuset al.(2010) no consideration was made for levels of pain, MRSE, fear/anxiety, or
depressed mood which significantly influence physical functioning in(&$ghari and
Nicholas 2001; Vlaeyen, Morley, and Crombez 2016)
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Painexperieme wasaddressed in Gromala et §2015)where virtual reality technology
was used to facilitate mindfulness andditetion in people with CP. However, the author
focused on pain intensity: the virtual environment was designed to automatically adapt to the
arousal levels of the user with the aim of reducing pain intensity. As discussed in Sections 2.2
and 2.3, it maype more important to reduce pain related fear/anxiety and depressed mood and
promote MRSE to improve engagement in physical as these states have been found to influence
physical functioning independently of pain intengiBenison, Asenlof, and Lindbgr2004;
Olugbade et alin review, Asghari and Nicholas 2001)

2.4.2 State ofthe Art: Bringing Technology into Everyday Settings
An additional concerwith currentphysical rehabilitation technology designs is that they only

addresphysical exercig whereas, as discussed in Section 2.1, capabilities gained in physical
exercise do not automatically transfer to functional activities which are more important for
achieving valued goals. The need for physical rehabilitation technology to support engiageme
in both exercises and functional activities is made even more pertinent based on the fact that
integrating physical exercises in functional activities has increasingly been found to be valuable
in promoting adherence to prescribed exerc{§&sgh et al. 2014; Bagalkot, Sokoler, and
Baadkar 2016)This is because one of the barriers to exercise adherence is poor availability
outside everyday routin@Bagalkot, Sokoler, and Baadkar 201®agalkot, Sokoler, and
Baadkar(2016)exploited this integration in their technology design for low back rehabilitation.
Their system tracked posture during bike riding, a functional activity (typical within the
geographical area of the study) that requires use of the lower &aak)sed the postural
information to provide redime intervention to facilitate the use of more helpful postures. In
their study, intervention was in form of obstruction of the speedometer of the bike so that it
was only visible to the user wheme wasn a correct posture. As with the systems discussed

in Section 2.4.1, this system does not cater to the needs in physical rehabilitaZi®r(on

other longterm conditios) where it is important to address psychological capability together
with and everbefore physical performang¢8ingh et al. 2014)

A more relevant system is thee evaluated in Duggan et 2015) this system was
designed to support everyday functioning of people with CP. The system enabled tioe user
set daily physical activity goalsnd reminders were used to alert the user when planned
activities were due. The system additionally automatically tracked levels of activity and alerted
the user when activity levels were leior higher than goals set. Thapproach relies on a

person wih CP to be aware of thenhysical activity needs and capabilities. This can be a
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challenge for people with CP &lse continuous selihonitoring that this requires poses a
cognitive burden to people with CP whereas technology could be leveraged to sakibve
burden(Felipe et al. 201%api, Belsi, and McGregor 2015)

A similar design is the movement sonitice system investigatdaly Singhand colleagues
for both exercise(Singh et al2016)and functional activities in the hon{8ingh, Bianchi
Berthouze, and William2017) In their design, sonification is calibrated by the user to
accommodate his/her psyaogical capability. An advantage of the system is thatavides
support at more fingrained levels of physical activities than the system of Duggan et al.
(2015) as moementgenerated sound feedbaakgiven at carefully selected points during
movement execution in the performance of physical activiies. example, in forward
reaching movement, musical notes are produced withreave of the trunk (based sensor
trackingof its orientation) Thiswas found to enabkletransfer of skills and capability gained
in exercising to physical functioning as the feedback provided during the former was
informative and so fed into the latter. For example, some of their particiiegotsed that the
system allowed them to discover that they had larger ranges of motion during functional
activity than they had believed. The approach used also enabled the exploration of prescribed
pain managemerdtrategies in everyday life, e.g. onetbé participants reported using the
system to reorganise her living space to accommodate current cognitive capabilities. However,
similar to the design of Duggan et @015) the system relied on people with CP-Johecking
their capabilitiesto keep calibration up to datEindings inSingh BianchiBerthouze, and
Williams (2017) and Felipe et al. (201Show that people with CP hava preference for
systens with co-supervisorycapability and scsharingin the responsibilityf keepng track of
physical capabilitiesand coaching capability tdacilitate application ofpain management
strategies (e.gocusing on breathing when pain related anxiety is)highch a system would
need to be able to automatically track both movement behaviour (physical capability) and pain
and related affect (anxiety).
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Kection 2.4 Highlights N

Unmet needs of CP physical rehabilitation in technology state
of the art:

1 needto automatically assess and address pain, MRSE,
fear/anxiety, depressed mood alongside physical
performance

1 need to assess and address them in both functional and

K exercise movements j

2.5 Discussion

The aim of this chapter was to review relevant litemtir provide understanding of the
challenges of CP physical rehabilitation, the opportunities for technology to address these
challenges, and the gap that exists in current designs of physical rehabilitation technology. It
was shown that a major challengeCP is reduced engagemémeveryday activitieand that

this challenge is significantly related to pain, MRSE, fear/anxiety, and depressed mood. It was
further shown that each of these states poses a different barrier and so needs to be addressed
differently. Opportunities were also highlighted for technology to address them. Yet, a look at
existing technology designs showed that the state of the art still does not leverage these
opportunities. The questions that arise from these findings are diséngbexisection; these

guestions form the basis of the research questions addressed in this thesis.

2.5.1 Is Assessment of Physical Performance Enough to Inform Intervention?
A finding of the review in the chapter was that physical rehabilitation technologygnddsave

often focused on the assessment of physical performance to the exclusion of the cognitive and
affective states that underlie it. This raises the question of whether such assessment is enough

to inform intervention that address these states.

This question is significant as such observable behaviours are often used to assess
(subjective) pain experience in clinical practice and in pain research even though there has been
limited investigation of the extent to which expressions of pain (gepeed#irred to as pain
behaviours in pain studies) operationalise pain experience. One of the oldest but still relevant

studies in the area is the work of Keefe and BId®&&) who provided specification of five
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observable pain behaviours covering bodily, facial, and (para)verbal expressions. Keefe and
Block (1982) showed that these behawmrs (guarding, bracing, rubbing, sighing, and
grimacing) are collectively and individually (except for grimacing) significantly correlated
with selfreported pain intensity. A more recent study by Tang €2@07)contrasts this set

of behaviours with selfeported pain behaviours showing that the pain behaviieesfe and

Bl o c weabesindeed significantly correlated with sedported pain intensity but not to
anxiety or depressed mood. Their newer finding had a limitation, however, in that nefasure
the two variables (behavioand affect) were mismatched in their study. Théenstmeasured
anxiety and depressed mood in terms of usual exper@nteseaffective stateswhereas
behaviour wasassessed for a specific physical activity event (a bag carrying task). This
incongruence in assessment may have contributed to their finding edigroficance of
correlation between these two variabl@gher studies like those discussed in Sectiorhavz
focused oranalyses obroadself-reportof physical functioninde.g.disability) and behaviour

(e.g. tendency to avoid movement in everyday functiomaiiper than specific events.

Further investigation of the relationship between pain behaviowrpain experience can
help understanidg of whetheit is possible tainderstangbain experiencbased ombservable
pain behaviour and so whether pain experience can be assessed by observing these behaviours
SO as to determine appropriate intervention.idverse problem is the need to understand the
extent to which pain experience and behaviours may lerthectedo aid the decision of
when underlying pain experience needs to be addressed in addition to disrupting the behaviour.
The reason pain behavis may need to be disrupted is because, as discussed in Section 2.2,

they are often maladaptive in that they worsen pain in the longytaeayen and Linton 2000)

Further,Sullivan, a renowned pain reseaechwrote an opinion pieg2008)advocating
for more work to be done on understanding protective pain behaviours (i.e. pain related
movement behaviours) such as guarding (i.gnst in movement) in terms of their cognitive
and dfective components. He proposttht interventios that weredesigned to address these
components may be more effective in addressing such behaviours. He suggests that previous
studies that focus on paimensity (such as Keefe and Blo@®82)and Tang et a(2007) do

not sufficeas they do not account for the role of related cognitive and affective. states

It is, thus, pertinent to investigate the questinat are the relations betwegrain
behaviours and pain intensity, MRSE, and emotional distress (fear/anxiety and depressed

mood)?
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2.5.2 How Can Technology Assess Levels of Pain, MRSE, Fear/Anxiety, and Depressed
Mood? Can This Be Done in Everyday Functional Activity Settings?

It is evident from thealiscussion in Section 2.3 that for technology to address the barriers that

pain, MRSE, fear/anxiety, and depressed mood pose to physical functioning, it needs to be able
to continuously read which states are relevant at any moment so as to approiiately t

intervention.

Automatic detection of the states is a practical solution to this(@etkes and Pantic 2010;
Calvo and DoOoMell o 20 1-Berthougd 2013nkam iettah 2083f)nd Bi an
advantage of automatic detection is that there is no need to interrupt the activity being
performed to assess the states. Rathemables technology to continuously monitor and (only)
intervene when need is sensed. This also allows such technology to be used without repeated
selfreporting of the statesvhich may promote attention to pa{iwlaeyen, Morley, and
Crombez 2016; Duggan et al. 201&)d negative emotions and experienfigs Dey, and
Forlizzi 2011; Hollis, Konrad, and Whittaker 2015)

Automatic detection can also lighten the cogeitburden of repetitive sethonitoring
(Felipe et al. 2015; Olugbade et @h review). Unlike selflogging, which may only support
reflection, automatic detection can support both-tiea intervention (found necessary for
pain, MRSE, fear/anxiety and depressed mood) andtknng reflection (found necessary for

fear/anxiety and ggessed moodOlugbade et alin review).

An additional benefit of automatic detection is that it allows-tiea¢ tracking of these
states together with contextual information that allows proper interpretation and appropriate
personalisation. Indeed, as discussed in the previous section, observatiorsitiathteland
Block 1982)areused in pain research to quantify pain behaviours during movement so as to
understand tha in relation to pain experiences. There is also the potentialsng the
understading of the relationship between these behaviours and the pain expeiretives
tailoring of interventionSullivan 2008) However, such observation is expensive for clinical
practice as it relies on the use of trained coders that need to be reguiadynedand
calibrated Keefe and Block 1982; Sullivan 2008)Jevertheless, seteport of such behaviours
(Cook et al. 2013; Tang et al. 2003)not a réable sourcegiven its relimceon the ability of
a person to be aware of their behavioural responses to pain experienoas.@nd, a person
with CPmay not be aware of his/her cognitive or affective state until long after its onset when
it is difficult to associate the state with its origifielipe et al. 2015)On the other hand, a

person with CP may not necessarily be aware of behavioural responses due to attention to
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perceived threat or pain or because tiesponse has become habitual and unconscious.
Significant others (e.g. family) have been usegruvide a further report of pain behaviour
(Cook et al. 2013)ut this requires continuous observation by these others. Automatic detection
of levels of pain, MRSE, fear/anxiety, and depressed mood together with automatic detection

of movement behaviour addresses this problem.

As mentioned in the previous sectionamy physical rehabilitation technology systems
already incorporate observation of movement behaviour into their desigmsse
considerationsnotivak the consideration of movement behaviour as modality for automatic
detection of theelevantstates and pmpts the question of how the states can be automatically
detected from movement behaviour. An additional question is of the possibility of automatic
detection of these states in everyday functional activity settings as it was found in the review
done in he chapter that technology needs to be abltivesghe states in these settings in
addition to situated exercise settings.

To address these questions, the state of the art in pain related affective computing is
reviewed in the next chapter to undenstavhat has been done, what gaps still exist, and what
needs to be done for technology to be able to address pain, MRSE, fear/anxiety, and depressed

mood.

2.6 Conclusion

The literature review shows that pain and related fear/anxiety, depressed mood, andSBw MR
are barriers that need to be addressed to promote everyday physical functioning in people with
CP. Although these barriers have often not been considered in technological intervention for
this population, there are opportunities for technology to addnesn by leveraging automatic
detection capability for personalisation of intervention to levels of the states. However,
detection of generalegative affecis not sufficient as thaforementionedtates raise different

needs and barriers. Pain behavistudies suggest movement behaviour as a modality for
assessing these states, and for further understanding of how people with CP cope with the
challenges they pose; however, there is limited understanding of the information that guarding
behaviour, the msi understood of pain behaviours, provides about these states. This gap in
knowledge is addressed in this thesis with investigation of the relationship between movement
behaviour and each of these states. The use of movement behaviour for discrimibhageg be
levels of these states is further reviewed in Chapter 3
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3 LITERATURE REVIEW: AUTOMATIC DETECTION
OF PAIN AND RELATED AFFECTIVESTATES

N this chapter, three main topics are reviewed. First, building on the argument initiated in
I the discussion in Gipter 2 for thaiseof movement behaviour as modality for automatic
detection of levels of pain and related states, additiustification for the use of this
modality is discussedThis discussionis important as it completes the rationala why
movemaet behavioumwasfocusedon as a critical modalityor theinvestigations of automatic
pain and related detection in this thesis. Secondly, body movement sensing approaches are
reviewed to provide an understanding of the choices available and theiidinstaith respect
to CP physical rehabilitation. Thirdly, previous studies on automatic detection of levels of pain,
MRSE, depressed mood, and fear/anxiety are discussed, describing the state of the art in these
areas and highlighting the gaps that remairierms of the requirements for CP physical
rehabilitation highlighted in Chapter 2. The research questions that arose in the discussion in
Chapter 2 are then-discussed in the light of the understanding gained from the review of

these topics.

The chager is organised intoiie main sections. In Section 3.1, the significance of
movement behaviour as a modality for automatic detection of pain and related states is
discussed. In Section 3.2, a review of the advantages and limitations of various typeg of b
movement sensors is given. In Section 3.3, the state of the art in automatic detection of levels
of pain, MRSE, and emotional distress (fear/anxiety and depressed mood) from movement
behaviour is discussed. In Section 3.4, an overall discussion @figlséions that emerge from

these sections is don&.conclusion of the review is provided in Section 3.5.

3.1 A Case for Movement Behaviour as Modality for Pain and Related Detection
In this section, an argument is made for the use of movement behaviounadabty for
automatic detection of pain and related states based on findings in pain studies and affective

computing literature.
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TABLE 3.1 THE STATE OF THE ART INTHE UNDERSTANDING OF MOVEMENT BEHAVIOUR IN PAIN

What the Behaviours
Author Behaviour Broader Category are Known to be
Relevart to

(Fordyce et al. Physial activity

1 1984) levels Avoidance behaviour -
2 é:f)i?(fi;gzd) Guarding, grimacing Motor behaviour Pain intensity
: Guarding, bracing, : .
(Sullivan et al. . . . . Coping with challenge
3 2006) rubbing, hodling, Bodily expressions in physical activity

touching

Communication of pain

Grimacing, wincing Facial expressions .
experience

Grunts, sighs,
moans, and the use (Para)verbal expressior
of pain words

Communication of pain
experience

Table 3.1 shows the progression of understanding of the relevance of movement behaviour
to the assessment of CRs highlighted in the tablefFordyce (1984)is a pioneer ofthe
assessment shovement behavioun the context of pairmalthough the method (measures of
physical activity levels) he proposed for this assessmennditdseenfound relevar to the
understanding of pain experien@eordyce et al. 1984; Huijnen et al. 201RByilding on the
groundvork of Fordyce Keefe and Block1982)propogd a more finggrainedobservation
method where motofbodily andfacial) patterns during individual activitiesre assessed by
trained observer3.his methodhas beeshown to capturehe pain intensity dimensiaf pain
experiene althougHurther work in Sullivan et a[2006)showed hatthe bodily expressions
may bemore relevant cuesf pain intensitythan the facial expressions. The significance of
bodily expressions the context of pairs due to their beingrimarily adaptive and intended
to protect against perceived hammereasfacial expressionsare more associated with the
communication of paiand sanaydepend on the presemof an empatlic third party(Sullivan
et al. 2006) Sullivan (2008) hasproposed that pain related bigdexpressions mayurther
encapsulate much more than just pain intensity and that related cognitive andeatfatées
may contribute to it; however, as discussed in Chapter 2, there has been limited investigation
of this.
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Beyond the significance of mement behaviour in the context of pain, this modality has
led to favourable result@apur et al. 2005; BiancHBerthouze and Kleinsmith 2003; Karg,
Ké¢hnlenz, and Buss 2010; Dickey et al. 2002;
2013; Gruebler and Suzuki 2014; Aung et al. 2016; Aleéal. 1988)n the field of affective
computing in general even if it has largely been overlooked in this lirelde specific context
of physical rehabilitation, me@&ment behaviouiurtherhas advantage over the more favoured
modalities (face andvoieCal vo and DoMell o 2010; Hudl i cka
Berthouze 2013; Gunes et al. 201&i)the affective computing fieloh that it is more feasible
to tradk in everydaysettings than the face and the voice. In such settings that involve functional
activity in addition to situated exercises, environmental conditions may not be controllable and
issues such as background noise, sparse vocalisations, poagligittiditions, and occlusions
are necessary concerns for the capture methods for the face and voice in these settings
(Hudlicka 2003; Zeng et alAdvan$ il @earableadnsing a n d
technology make it possible to continually track movement behaviour in such settings. In
addition unlike physiological signals such as heart rate and skin conductance, affective cues
in movement behaviour are not confounded in physical activity settings. This may be due to
the degrees of freedom of body movement data compared to physiological sibicalsare

inherently onedimensional.

3.2 How Should MovementBehaviour Be Captured?

In the previous section, an argument was made for the use of movement behaviour as a
modality for automatic detectiorf pain and related states. dtimportant to furthernderstand

to what extent available sensing techniques enable this functionality to meet the reqsirement
for CP physical rehabilitation. As discussed in the previous section, one of these requirements
is for intervention to be available during both exegsiand everyday functional activities so

as to enable transfer of helpful strategies and capabilities from exercise settings to functional
movement settings. Unlike exercises which may be situated and done in controlled settings,
everyday functional activii es (such as playing wvakimgtooneos
the train statiopare usually less constrained and ubiquitdaghis section, the suitability of
camera based systems and wearable sefts@atomatic affect detection in these sejtimre

discussed.

3.2.1 Camera Based Sensors
Video has been the most popular method for capturing body movement for affect detection

(Camurri et al. 2003; El Kaliouby and Robinson 2004; Gunes and Piccardi 2009; Shan, Gong,
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and McOwan 2007; Karpouzis et al. 2007; Castellano, Villalba, and Camurri 2007; Sanghvi et
al. 2011; Park et al. 2004; Merskey and Bogduk 1994; Joshi, Dhall, et al. 2013; Kessous,
Castellano, and Caridakis 2010; M. a. Nicolaou, Gunes, and Pantic 2011; Thrasher et al. 2011;
Eyben et al. 2011; S. Chen et al. 2013; Glowinski et al. 2011; Werner 816l.Rivas et al.

2015) The advantage of this method is that it requires virtually no training for the user to set
up and video cameras are relatively low cost and readily availaftle many personal
electronics such as laptops and smartphones espiippth video cameras of decent
resolutions. However, video camegagnot practical in everyday physical activity settings as
they must be set up such that the subject remains in the field of view of the camera(s) without
occlusions and in good lightingonditions.Yet, in everyday physical activitgettings, the
location of the subject is dynamigith movements around a room, between rooms, buildings,
and across larger geographical exparseludingchanging lighting conditionsnaking video

cameras &hallenging mode of captune these settings

Marker based optical motion capture is another widespread capture method for body
movement for affect detectidifPollick et al. 2002; BianchBerthouze and Kleinsmith 2003;
Gross et al. 200@Bernhardt and Robinson 2007; Gong et al. 2010; Karg, Kiuhnlenz, and Buss
2010; Dickey et al. 2002; Kapur et al. 2005; De Silva et al. 2006; Janssen et al. 2008; Lai et al.
20009; Piana et al. 2014; S ama d a nThistechiquwed s i
usesoptd ef |l ecti ve mar kers which are placed on
fidelity infrared cameras that allow reconstruction of the taliegensional positions of these
segments. Marker based optical motion capture doesuffer under poor lighting conditions
and it provides rich information about body movement. However, like video cameras, it
requires that the target is in the field of view of the camera(s) without occlusions. Furthermore,
it requires the use of multiplegensive cameras. These make it also not practical for everyday

physical activity settings.

Depth sensing motion capture systems like Microsoft Kinect are-@dstvalternative for
threedimensional motion capture for affect detect{&@poor and Picard 2005; Piana et al.
2014; Zacharatos, Gatzoulis, and Chrysanthou 2013; Grafsgaard et al. ROdiédyer they
also depend on cameras and so are prone to the same failings common to the video and marker

based optical motion capture.
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3.2.2 Wearable Sensors
A more practical approach to the capture of body movement during everyday physical activity

is the use of wearédsensors. These sensors have the advantage that they do not use cameras

and so are infallible to the problems associated with the camera based methods.

One type of wearable body movement sensors is inertia measurement units (IMUs) which
allow the captureof threedimensional motion with application for affect detection
(Kleinsmith, BianchiBerthouze, and Steed 2011; Savva and BiaBelihouze 2012; Aung et
al. 2016) Another emerging type of wearable body movements@®sn are surface
electromyography (SEMG) sensors which allow tracking of muscle actanty bodily
responsewhich cannot be detected by IMdOscamerag Hui s | n o6t Vel d, Van
Gelder 2014a)In fact, IMUs and SEMG sensors are starting to become integrated in the same
device(DorsaVi 2016) this offers the opportunity of aghronised capture of data from the
two types of sensors. This is important as ¢jmncomitance of bodily muscle activity
patterns with observable bodily expressions can be a cue of pain expéWaisen et al.

1997; Watson, Bookerand Main 1997) This points to value in fusing both modes of

movement behaviour for automatic detection of pain and related states.

There is an increasing number of commercialtmst wearable sensing systems that allow
the tracking of body movement urbiquitous settingsThe use of lowcost wearable sensors
for automatic detection is important for CP physical rehabilitation as it provides the opportunity
for ubiquitous tracking of affective movement cues, smthiloredntervention integrated into
everyday settingaMore expensivesensoravhich may be used in clinical consultatimould
not be scalable to reéife settings Belsi, Papi, and McGregor (2016) have shown that people
with CP are generally open to the use of such semstirghe belief hat it will equip them in
selfmanagement of their condition, particularly improving awareness of behaviour. Singh et
al. (2014) have shown that such awareness support can relief the burden of continuous
monitoring and alleviate ovattention to negativeensations during movememtowever,
there has been little investigation of the feasibility of the use of data captured by such sensors
for the automatic detection of cognitive or affective states within the context of-a¥ece
CP support.Many of thecommercialsensorsystems that exist have IMUs only, e.g. Notch
(Notch Interfaces Inc. 2016Moov Now (Moov Inc. 2016) and PhysilogGaitUp 2016) A
few systemssuch as ViPerfornjDorsaVi 2016)thatallow synchronised motion capture and
muscle ativity tracking during physical activitieare expensivg> AU$7500for ViPerform

asat 2014)anddesigned for use in elite sports.
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There have been several research investigations into the developmentaafstolody
movement sensing devices. For exam@leeng et ali2013)investigated the use of wearable
capacitive sensors for tracking movement of the head and neck. They built a neck band
containing four of these sensors with data collated from the sensors by an iPhone application
via Bluetooth Low Energy (BLE They tested the use of data captured using their prototype
for automatic discrimination between five everyday events: eating, sleeping, no motion,
physical activity, and normal. A similar study by Bedri et(2D15) designed an ear worn
sensing unit composed of three infrared proximity sensors which they used to discriminate
mouth open from mouth closed in twetthyee subjectsgyforming thirty minutes of routine
activities (eating, walking, stair climbing, talking, and resting). Neither study provides
understanding of the feasibility of capturing movement of anatoreaginentsuch as the
trunk, arms, or legduringthese fundbnal activities using thee types of sensors.

The system built by Farella et af2006) addreses this:their system used three
accelerometers placed on the trunk, upperdeg, lower leg respeeily with Bluetooth for
data transmission. The system was designed to enable rule based discrimination between
sitting, standing, and four lying down postur@thoughthis was na further investigaed
Ylisaukko-oja, Vildjiounatie, Mantyjarvi(2004) similarly built a system that uses five
accelerometers for movement capture; their system also used Bluetooth for data transmission.
They tested the system in data capture studies indoors during a variety of athletic activities and
outdoors during skiing and crossuntry racing. In these tests, the sensor nodes were placed
onthe wrists, ankles, and hip, but ot reliability of the wireless connectivity was evaluated.
Munguia Tapia et al. (2007) also usedustorbuilt system ofive accelerometer@vireless
transmitting to a PC)on the wrist, upper arm, ankle, thigh, and hipd with a heart rate
monitor, to discriminate between walking, cycling, and rowikfginguia Tapia and colleagues
(Intille et al. 2004) als@valuated the se of a network ofour accelerometer®n the wrist,
ankle, thigh, and arnfior differentiaing twenty everyday activitiesrcludingwalking). In the
work of Biswas and Quwaid€2008) fourteen accelerometers were yseith Mica2Dot radio
nodes for wireless connectivity;dlsystem they built was used with the sensors placed on the
head, arms, wrists, waist, legs, and ankles. They used the data captured for the automatic
differentiation of stand, sit, walk, andin. Despite the promise of this system and those
discussed eadr, theydo not integrate muscle activity sensors with the IMUs. As previously

mentioned, muscle activity information is an important part of movement behaviour analysis
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(Huis I n 6t Vel d, Va nesoallirethe contexha GWatson@te | d e r
al. 1997)

There have beestudieson SEMG sensorgor movement sensinguch asHarun et al.
(2015)wherea muscle activity sensing prototype that uses a single SEMG sensor and transmits
the data to a mobile application W -Fi was builf althoughthe system was not tested in user
studies.Costanzaet al. (2005 2007 also built a single sEMGsensing devicdghat uses
Bluetooth transmissigrihey evaluated on the bicegor handsfree interaction with a digital
system In a singleunit armband configuratiorgaponas et al. (2010) used six SEMG senso
for a similar purpose, with focus ordiscriminatng between pinching and pressiggstures
of three different fingerslhe senmg device transmitted daterelessly to a PC usingigBee.
Similarly, in Donnarumma, Caramiaux, and Tanaka (204 8)echanomyogram was used with
a single sEMG sensor on the forearmbtald a gesturdased music generation system,
focusing on three types of arm gestures: fist clenching, forearm rotation, finger

flexion/extension.These studiedo notintegratelMU sensors withsEMG sensors.

3.3 Review ofthe State of the Art in Automatic Detection of Pain and Related
States

The significance of affect detection in CP physical rehabilitation is the capability it provides

for intervention to be tailored to relevant affectstates. In Chapter 2, it was shown that pain,
MRSE, fear/anxiety, and depressed mood are pertinent states that need to be addressed directly.
It was further shown that there are opportunities for technology that can discriminate between
low and high levepain, detect fear/anxiety and depressed mood, and read MRSE levels in
people with CP to leverage so as to address these states. Beyond the states to be monitored, the
modality of detection is also an important consideration as discus€ddpier 2 an@ection

3.1. There is a strong case for movement behaviour as a modality for detection because of its
relevance to pain experience and the information that it provides @qmog strategieshich

also feeds into tailoring of intervention. In this sectithg state of the art in automatic pain

and related detection is reviewed with respect to these requirements for CP physical
rehabilitation technology: do existing systems cater to these requirements? what do their
findings teach? what gaps exist?

The sedbn is organised into three main headings for pain, MRSE, and emotional distress
(fear/anxiety and depressed mood) respectively.
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3.3.1 Pain
This has become the most studied of the three stateshibioost in investigations (mostly

based on the shoulder paiataset ofLucey, CohnPrkachin, et al. 201} pn itin thelast two
years Table 3.2rovides a summary of all of these studies (published on or before December
2016).

TABLE 3.2AUTOMATIC PAIN LEVEL/STATUS DETECTION STWIES
(*AUC =area under receiver operatiomaracteristic (ROC) curve, i.e. curve of true positive rate against false
positive ratg

Author Pain Level/Status  Modality/Sensor Type I';A;tfg?ﬂffcsé Setting
| Oleyeta Iileveisorion SETESTOTITANCr N OIS g
2002) back CP P =0.U% pain p exercises
capture (no crossvalidation)
low back CP verss force and centre of
> (Gioftsos and revious low back gravity/force plates; knee Neural trunk
Grieve 1996) pre hip, and trunk Networkaccuracy=0.86 exercises
pain versus healthy :
movement/goniometer
3 (Ahern etal. low back CP versus activ?ta ?Is(Enlc/IuéFlt?unk Discriminant trunk
1988) healthy y ¢ Analysidaccuracy=0.86 exercises
movement/goniometer
4 (Grip et al. neck CP versus neg;l:sren dozei?ce;slzlr;n;?gﬁr Neural neck
2003) healthy P Networkaccuracy=0.89 exercises
capture
gait features/markerased Support Vector
(Lai et al. knee CP versus optical motion capture; Machindaccuracy=0.89 .
5 ground force walking
2009) healthy - (leaveoneout cross
reaction/force platform validation)
and light gates
RadialBasis Function
6 (Bishop et al. 2 levels of low back trunk Neural trunk
1997) pain movement/goniometer Networkaccuracy=0.86 exercises
(no crossvalidation)
7 (Rivas et al. 2 levels ofstroke handpressure/game Macsrﬂgzgrlt%e;tzozw hand
2015) relatedpain controller L exercises
fold crossvalidation)
shoulderand facial muscl
(Walter et al. 2 Ie_vels of actlvny/sEMG; head Random
8 2015) experimentally pose/videoskin Forestaccuracy=0.80 seated
induced pain conductance; '
electrocardiography
un 1o 5 levels of shoulder muscle Random Foregtiean
9 (Kachele et al. eF;( erimentall activity/SEMG; skin squared error=0.89 (5 seated
2016) XP "y conductance; levels); accuracy=0.86 (
induced pain
electroencephalography levels)
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TABLE 3.2 AUTOMATIC PAIN LEVEL/STATUS DETECTION STWDIES (CONTINUED)
(*AUC =area under receiver operation characteristic (ROC) curve, i.e. curve of true positive rate against false

positive ratg

Author Pain Level/Status  Modality/Sensor Type Method/Best Setting
Performance
(Amirian facial muscle
Kachele énd activity/sEMG; blood Radial Basis Function
10 Schwer;ker 2 levels of pain volume Neural -
2016) pulse/electrocardiography Network/accuracy=0.8
skin conductance
5 levels of
11 (Werner et al. experimentally face/video; head/video Random _ seated
2016) induced pain Forest/accuracy=0.31
acted pain,
Z?szlgte Sasn' S(;r%: Transferable Belief
12 (Hammal and sa d?less', ar? d r;eutr‘ face/video; context Model/F1>0.8(acted); i
Kunz 2012) 5 Ie\,/els of ‘ (clinical or not) F1>0.7 (induced) (no
. crossvalidation)
experimentally
induced pain
Linear Regressioniean
(Neshov and 16 levels of shoulde Ise ?/lé?g)e_ gﬁrroc:r:tl\}ze:%t((nlr( arm
13 Manolova pain; 2 levels of face/video o pp ,
2015) shoulder pain Machinehccuracy>0.9€ exercises
(2 levels, 16fold cross
validation)
(Kaltwang, Relevance Vector
14 Rudovic, and 1;:??;!1:&?:?;12? facelvideo Regressiomhean ex::gi]ses
Pantic 2012) P squared error=1.37
Recurrent Convolution
15 PuEal oo cewdeo  NewsiNewoean (2T
P squared error=1.54
(Rudovic, . .
16 Pavlovic, and 7 I_evel; of shouldder face/video Cogdltlona:d?r(imal arm
Pantic 2013) pain (observerated) Random Field#1=0.40 exercises
17 (Lucey et al. 6 levels of shouldet face/video Support Vector arm
2012) pain (observer ratec MachinefAUC=0.84  exercises
(Zebarjadi and 5 levels of sholder . Support_ Vector arm
18 . . . face/video Regressiomhean :
Alikhani 2016) pain (observer ratec - exercises
squared error=1.54
19 (Hammal and 4 levels of shoulder f . Supp_ort Vector arm
. ace/video Machineaverage :
Cohn 2012) pain (observer ratec F1=0 56 exercises
Support Vector
(Rathee and up to 4 levels of Machineaverage arm
20 Ganotra 2016) shoulder pain face/video F1=0.94 (2 levels); exercises
(observer rated) average F1=0.75 (4
levels)
Support Vector
21 (Roy et al. ughtgu? dls:/eI:ir?f facelvideo MachineAccuracy=0.82  arm
2016) P (4 levels); exercises

(observer rated)

accuracy=0.87 (2 levels
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TABLE 3.2 AUTOMATIC PAIN LEVEL/STATUS DETECTION STWDIES (CONTINUED)
(*AUC =area under receiver operation characteristic (ROC) curve, i.e. curve of true positive rate against false
positive ratg

Author Pain Level/Status  Modality/Sensor Type Method/Best Setting
Performance
(Shier and Support Vector
22 Yanushkevich 3a|iﬁv(%lsscgr32?lrj£:cr facel/video Machine/average ex::gi]ses
2016) P precision=0.61
Support Vector
(Werner et al. up to3 Ievelg of . Machine/accuracy=0.9. arm
23 shoulder pain face/video ) .
2016) (observer rated) (2 levels); exercises
accuracy=0.76 (3 levels
(Irani,
Nasrollahi, and 3 levels of shoulder . proprietary arm
24 Moeslund  pain (observer ratec face/video method/accuracy=0.7( exercises
2015)
o5 (Hasanetal. 3levels Qf cancer face/video Support. Vector clinical
2016) pain Machinef assessmer
(Lucey, Cohn,
26 Matthews, et al 2 I_evels of shouldel face/video Support VeEtor arm
2011) pain (observer ratec machinefAUC=0.81 exercises
27 (Ashraf etal. 2 levels of shouldel face/video Support Vector arm
2007) pain (observer ratec MachineAccuracy0.81 exercises
(Lo Presti _and 2 levels of shouldel . Nearest arm
28 La Cascia . face/video . _ .
2015) pain (observer ratec Neighbouraccuracy=0.8€ exercises
Support Vector
29 (R.Yang etal. 2 I_e\,els of shoulder face/video MachineAccuracy=0.83 arm
2016) pain (observer ratec ) exercises
(sequence); 0.73 (frame
(Monwar and , . Neural i
30 Rezaei 2006) 2 levels of pain face/video Network/@accuracy=0.92
Nearest
31 (Khan etal. - 2 I_evels of shouldet face/video Neighbouraccuracy=0.97 arm
2013) pain (observer ratec c7 exercises
(1-fold crossvalidation)
(Junkai Chen,
32 Chi and Fu 2 I_evels of shouldel face/video Support V?ctor arm
2016) pain (observer ratec MachineF1=0.54 exercises
Structured OutpuBupport
33 (Alashkar etal. 2 levels of pain face/video Vector i
2016) (observer rated) MachinefAUC=0.8 (2
fold crossvalidation)
(Jixu Chen, _
34 Liu,and Tu - face/video EnsemblefiAUC—O.Bg -
2012) (subject dependent)
Support Vector
(Werne_r A no pain vs acted . Machinetrue positive
35 Hamadi, and . face/video — -
Niese 2012) pain rate—0.93_ (1Q‘0Id Cross
validation)
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TABLE 3.2 AUTOMATIC PAIN LEVEL/STATUS DETECTION STWDIES (CONTINUED)
(*AUC =areaunder receiver operation characteristic (ROC) curve, i.e. curve of true positive rate against false
positive ratg

Author Pain Level/Status  Modality/Sensor Type Method/Best Setting
Performance
(Littlewort, experimentally Support Vector forearm in
36 Bartlett, and induced pain versu: facel/video MachinF:eF;accurac ~0.8 water up
Lee 2009) acted pain Y=E-8" 16 elbow
(Niese etal, PaIm neutral, happy _ _ lying
37 2009) surprise, disgust, face/video Support Vector Machine/ down on a
and anger bed
Support Vector giving
38 (Bragggrg) etal nge(lsrgragiﬂggga face/photograph Machine/accuracy=0.9€ blood
P P (10-fold crossvalidation) samples
39 (Lu, Li, and Li 2 levels of neonata face/ohotoaraph Support Vector %II\(/)IQS
2008) pain (prelabelled) P grap Machine/accuracy=0.86
samples
(Gholami, Relevance Vector ivin
Haddad, and 2 levels of neonatal Machineaccuracy=0.91 gving
40 ; face/photograph blood
Tannenbaum pain (prelabelled) (leaveoneout cross samples
2009) validation) P
a1 (Michael et al. 13 levels of shoulde face/ohotoaraoh - /mean absolute i
2016) pain P grap error=1.67
blood volume pulse: LinearDiscriminant
42 (Chu, Zhao, an 7 levels of pain  electrocardiography; skir Analysisaccuracy=0.99 seated

Yao 2014) (leaveoneout cross

conductance validation)

As can be seen in the table, a lot of the work has been focused on automatic detection based
on facial expressions. While many of the studies have achieved impressive performances (such
as mean squared error of 1.28 for 16 pain levels in Neshov and Mai@thb), they have
been based on observer ratings of pain (based on the Facial Action Coding &chem
Ambadar, and Ekman 20Q7)The earlier discussed findings of Sullivan et(2006)dispute
the use of such ratings in lieu of pain intensity-seffort, whichis the clinical gold standard
(Jensen and Karoly 199X urther, as discussed in the previous sections, the capturedmeth
for the face does not make it a practical modality for automatic detection in CP physical
rehabilitation (which comprises both situated exercises and functional aciivitiegjuitous

settings).

There are about a fourth fewer studies where movement behaviour has beas aised

modality. A few of these studies have been on the detection of experimentally induced pain in
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healthy participants. For example, Walter e{20.15)used features dfead poseqctivities of

the trapezius (poster to the shoulderthe zygomatic (around the cheesipdthe corrugator
supercilii (around the eyehuscles video based facial expressions, and skin conductance to
automatically detect thresholds for heat induced pain. The muscle activity features were based
on signal processing methods and included peak height, entropy, stationarity, Fourier
coefficients, andstatistical moments. Detection accuracy of 0.80 was obtained using these
features. In feature subset selection, the authors found that the facial expression features
particularly the amount of wrinkling around the nose and the range of the distancéérom t
brow to the mouth were the most relevant for detection of the pain levels. Kache(@2&1&).
similarly used features of the activity of the trapezius muscle with electrocardiography and skin
conductance features to automatically detect up to 5 levels of heat induced paimuduoéer
activity features were similar to those used in Walter gall5) They found that fusion of

the three modalities led to better detection of 2 levels of pain although the muscle activity
features alone led to better than chance level detection acchigiogr than the accuracy of

the electrocardiography modality but lower than for skin conductance. For thiEuelo
detection, they obtained accuracy of 0.86, while mean squared error of 0.89 was obtained for
the fivelevel detection. Unfortunately, the findings these studiesre Imited for the
understanding of pain level detection in CP physical rehabilitation as the experience of pain in
CP is different from experimental paibegrain et al. 200%ecause it is usually perceived as

a long lasting and enduring thréaeeuw et al. 2007)This may explain the finding in Walter

et al. (2015) of the superiority of facial expressi® over the bodily expressions for
experimentally induced pain contrary to the findings in Sullivan ¢€2@06)for CP; limitation

of the bodily expressions considered to the upper body may also have contributed to the finding
in Walter et al(2015)

More relevant, therefore, are the studies on people with CP. The earliest of these is the work
of Ahern et al(1988)where features of the activities of the lumbar paraspinal (lower back)
muscles and the range of trunk movement during trunk exercises (trunk rotation and flexion,
sitting, and standing) were used to am#tically differentiate participants with low back CP
from healthy participants. The authors obtained accuracy of 0.86. Similarly, Grig2&04)
used features such as the range and velocity of the neck in neck rotation and flexion exercises
to automatically discriminate heeen participants with neck CP and healthy participants. They
obtained accuracy of 0.89. Another study by Lai g8l09)considered participants with knee

CP while they walked. The authors used the amplitude and time of ground force reaction peaks
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and botmovements to obtain accuracy of 0.89. Although these studies do not further classify
participants with CP according to their levels of pain, their findings provide understanding of
the movement behaviour cues of pain that may be relevant in the con@xt heir findings
particularly suggest that how the painful anatomical segment is handled in movement can

betray that a person has CP.

In the study of Dickey et a(2002) 11 levels of pain in people with low back CP during
trunk exercises (stair climbing, flexion and rotation;tgistandto-sit) were automatically
detected with an impressive performance @rage error of 0.06 points on the scale (although
this result may be biased as it is based on a single fold of validation). A major limitation of the
study, however, is that the features used weredgraemed intervertebral movements (vertebral
motion anddeformation) which were captured using sensors mounted on pedicle screws that
had been inserted into the spine (bilaterally on the S1 in the pelvis and the L4 and L5 in the
lower back) under general anaesthesia as part of clinical assessment. Thisreatitaceis
invasive and requires clinical expertise and so the capture of such intricate motions of the spine
is not feasible outside of clinical settings. The author found that intervertebral twists (between
the S1lin the pelvic regiorand the L4 or L%n the lower backand intravertebral twists (within
each of the S1, L4, and L5) may have linear relationships with pain intensity whereas
intervertebral and intravertebral flexion and bends may each have a more parabolic relationship
with pain intensity. Ufortunately, the delicacy of the acquisition of these features makes it

hard to interpret their findings based on more practical capture methddsssusing the IMU.

3.3.2 Self-Efficacy Levels
Despite the importance of sadfficacy in many areas of humarel{Bandura 1977)there has

barely been any interest in automatic detection aflteof the state. The ondyuthorghat were

found to use the dat@riven approach typical in the affective computing commuaity
Grafsgaard et a(2015, McQuiggan, Mott, and Lest¢R008, andArroyo et al.(2009) In
McQuiggan, Mott, and Lest¢2008) the authors investigated the automatic detection of up to

5 levels of selireported learning sekfficacy in an online tutorial setting. They used features

of the interaction behaviour of the student in the tutorial system (e.g. how Bnmtaracted

with a question), learning outcomes such as the proportion of set goals that the student
accomplished, and physiological cues (blood volume pulse and skin conductance). They
achieved accuracies (based onfdld cross validation) of 0.87, B80.79, and 0.75 for two,

three, four, and five level setffficacy detection respectivelimilarly, Arroyo et al.(2009)

used interaction behaviour, skin conductance, facial cues, mouse pressure, and sitting posture.
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They obtained?? of 0.82 for five seHefficacy levels. Grafsgaard et &015)based their own
study on facial expressions and obtaif8af 0.67.Although thee studieprovide evidence

of the feasibility of automatic detection of selficacy, the features they used do not transfer
to the contekof CP physical rehabilitation where movement behaviour is critical.

The other study found is that of Matsuo e{(2015) They proposed computation of MSRE
levels of an elderly peosmi based on mathematical calculations using quantifications of
Bandur ads tfefficacy fant@g1977) pleysical performance score of the person,
physica performance score of an observed peer (a robot), a measure of provided intervention,
and the emotional state of the person. However, there is no empirical evidence to support their
model and there was no attempt to verify that the model does indeedoedabjective ratings

or observer estimations of MSRE.

3.3.3 Emotional Distress: Depressed Mood and Fear/Anxiety
Tables 3.3and 34 provide summaries of the studies on automatic detection of depressed mood

and fear/anxiety respectively.

3.3.3.1 Depressed Mood
Even though a significant proportion of the studies in this area have been based on body

movement modality, they have all been limited to sedentary settings. For example, in the study
of Cohn et al(2009) facial and vocal expressions during clinical assessment interviews were
used to automatically discriminate between two levels of clinical depression. They obtained
accuracy (based on leavaeout aossvalidation) of 0.88 using facial features and 0.79 using
acoustic features. Nasir et §016)similarly investigated automatic detection of 2 levels of
depressed mood based on facial and vocal features captured during clinical interviews
delivered through a xtual agent based on a WizastiOz setup. They obtained average F1
score of 0.76 based on-1@ld crossvalidation. Pampouchidou et 015)considered 4 levels

of depressd mood in a similar setting using facial features alone with accuracy of 0.55. In
Valstar et al(2013) 64 levels of depressed mood were classified using facial and vocal features
captured during speakinggks. Based on-fold cross validation, they obtained root mean
squared error of 14.12 based on acoustic features and root mean squared error of 13.61 using

facial features.

Alghowinem et al(2016)further showed the feasibility of automatic detection of depressed
mood based on acoustic features captured in similar settings across a variety of data sets. They

useddata pooled fronthree different dtasets. The composite dataset consisted of German and
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TABLE 3.3STUDIES ON AUTOMATIC DETECTION OF DEPRES®N (LEVELS) OR DEPRESSED MOOD

Author Affective State  Modalities/Sensor Type Method/Best Setting
Performance
eye and head movemer Support Vector Wizard
(Le Yang et al. 25 levels of and face/video; speech PP of-Oz
1 L . Regressiombot mean .
2016) depressed mood acoustics; previous _ clinical
. squared error=9.1 . :
emotion labels interview
(Alghowinem  clinical depression . Support Vector clinical
2 head movement/video Machineaverage . .
et al. 2013) versus healthy _ interview
recall=0.73
. 2 levels of Support Vector -
3 (Joshi, Dhall, e depression in the full body_ MachineF1=0.97 (leave .Cl'n'c.al
al. 2013) - movement/video LN interview
clinically depressec oneout crossvalidation)
(Joshi, Goecke clinical depression head, upper body; Support Vector clinical
4 Parker, et al. . . i . .
2013) versus healthy facelvideo MachineF1=0.8 interview
(Joshi, Géecke . . . head and shoulder .
. clinical depression Support Vector clinical
5 Alghowinem, et movement and . — . .
versus healthy : o MachineAccuracy=0.92 interview
al. 2013) face/video; voice
eye and head movemer Wizard
(Pampouchidot 2 levels of and face/video; speech . _ of-Oz
6 et al. 2016) depressed mood transcript and acoustics Decision Treg?1=0.83 clinical
previous emotion labels interview
Support Vector
Regressiombot mean
7 (Valstar et al. 64 levels of face/video: voice squared error=13.6 (face speaking
2013) depressed mood ' root mean squared tasks
error=14.1 (voice) (5old
crossvalidation)
8 (Pampouchidot 4 levels of face/video Nearest i
et al. 2015) depressed mood Neighbouraccuracy=0.5¢
Support Vector
2 levels of MachineAccuracy=0.88
9 (Cohn etal. depression in the face/video; voice (face);Logistic _ interview
2009) - Regressiordccuracy=0.7¢
clinically depressec )
(voice) (leaveoneout
crossvalidation)
clinical
interview,
nor
10 (Alghowinem 2 levels of speech acoustics Support Vector clinical
et al. 2016) depression b Machinefecall=0.75 interview,
and
speaking
tasks
. Wizard
(Nasir et al. 2 levels of . Sypport Vectc_)r Mach_mg of-Oz
11 speech acoustics with Stochastic Gradien i,
2016) depressed mood . _ clinical
DescentearningF1=0.75 interview
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English (United Stategpeech data from healthy participants, participants with low and high
levels of depressed mood, and clinically depressed participants with low and high levels of
depression captured during interviews (clinical andclomcal, in English) and speaking tas

(in German). They obtained recall of 0.75 for two levels of depressed mood overall (high levels

of depressed mood and clinical depression were considered as one class and the others as the
second class). However, when one dataset was used to trairebtonoldssify the other two,
classification was only marginally better than chance level classification in the best case (recall

= 0.52). The worst case (recall = 0.40) was when the dataset with German speech was used to
train the model for the othemvo with English speech.This suggests thaaffect detection

models may be sensitive to witHiEnguage acoustic features. The finding that a model built
trained on the English datasets and tested on the German dataset was the worst case (recall =
0.50) whertwo datasets were used to train a model to classify the third (best case recall = 0.58)
supports this. This finding suggests that automatic detection across contexts is not a trivial

problem and may require deep investigations of ecosgext affective fatures.

The findings of all of these studies provide limited understanding for automatic detection
of depressed mood in CP physical rehabilitation settings where, as discussed previously, body
movement is the relevant modality. Joshi and colleagdeshi, Dhall, et al. 2013; Joshi,
Goecke, Alghowinem, et al. 2013; Joshi, Gbecke, Parker, et al. 2@i@) investigated
automatic detection of levels of depressed mood based on body movement modality. For
examplejn Joshi, Dhall, et ak2013) they used videbased fulbody movement features to
discriminate between two levels of clinical depression and obtained F1 scof¥ dfeked on
leaveoneout crossvalidation. They found that the best performance was obtained by
combining holistic features (based on spatimporal interest points) and featurafsthe
relative movement of anatomical segments. In Joshi, Goecke, Parke(2&18l) they used
video-based upper body movement, headvement, and facial features to automatically
discriminate between healthy participants and participants with clinical depression. They found
that using head movement features alone led to the same performance as the use of facial
features alone (accunae 0.71) while the use of upper body movement features alone led to
better performance (accuracy = 0.77). In Joshi, Goecke, Alghowinem(20E3) they used
video-based upper body movement and facial features and acoustic features to discriminate
between these two groups. They found that the audio features alone lgdedrad better
performance than the viddiased featusebut the best performance (accuracy = 0.92) was

obtained with fusion of the two modalities. In similar work by Alghowinem €pall3)where
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videobased head movements alone were used, recall of 0.75 was obtained. Further,
Pampouchidou et [2016)and Yang et al2016)used a combination of viddmsed eye and

head movement and facial features, speech acoustics (andiptaimsBampouchidou et

and features of previous emotion label annotations. Whereas Yang et al. considered automatic
detection of 25 levels and obtained root mean squared error of 9.1, Pampouchidou et al.

considered 2 levels with accuracy of 0.83.

A limitation of all of these studids that theyare based on data capture during interviews
where movement is constrained (in contrast to physical activity settings iwlcmhtral to CP
physical rehabilitation)In addition, they did not investigate paialated depressed mood
whose expressions may be different from-pam depressed mogBRusu, Pincus, and Morley
2012) Nevertheless, thetudiesprovide understandingof how depressed mood may be
detected from movement behavialthoughtheir findings arewith respect tovideo-based
features that do not easily transfer to otinewvement sensors such as IMUs.

3.3.3.2 Fear/Anxiety
The majority of the work done on automatic detection of fear or anxiety have been based on

acted data. For example, in Camurri e{(2003) kinematic features such as velocity, features
relating to the use of space (e.g. body contraction/expansion and amount of movement), and
other movement quality faaes (impulsivity and smoothness) were used to discriminate
between dance choreographies for fear, anger, grief, and joy. They found that although their
model performed better than chance level classification overall (accuracy=0.36 badettlon 5
crossvalidation), detection of fear was poorer than chance level. Although they did not
elaborate on the possible reasons for this finding, it may have been because the motion features
they used were based on video data. Unlike data from other types of mogemsns, video

data may be more suited to computer vision features.

In contrast to Camurri et al., very good differentiation of fear (F1 score of 0.88) from
sadness, happiness, and anger was possible in De Silva and Hartblouze(2004) with
better agreemenwith actor intentions than even observer assessments (F1 score of 0.72).
Sadness was the easiest of the four states to differentiate with F1 score of 1. Although full body
postures were considered, orientation of arms and the head were found to besthe mo
informative for this discrimination; shoulder armbf poses were not informative. In Fourati
and Pelachau@015) anxiety, sadness, panic fear, pride, joy, shame, anger, and neutral in

aded everyday type activities (lifting/throwing, walking, steoesit, moving books on table,
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TABLE 3.4STUDIES ON AUTOMATIC DETECTION OF FEAR AND ANXIETY

Author Affective State Modalities/Sensor Type Method/Best Setting
Performance
shoulder and facial musc
activity/sEMG .
_ ' playing
. anxiety versus electrocardiography -
(Rani, Sarkar, . . Decision computer
1 and Liu 2005) (engagement, arg, - impedance cardiography TreeAccuracy=0.89 game
frustration, boredom photoplethysmography '
: seated
skin conductanceheart
sound temperature
imagery induced
(Gross et al. anxiety, sadness, full body Discriminant
2 - movement/markebased . P -
2006) anger, content, joy, ; . Analysisaccuracy=0.77
: optical motion capture
pride, neutral
(Shan, Gong, acted anxiety, ange Support Vector
3 and McOwan boredom, disgust, body and face/video Machine/accuracy=09% -
2007) joy, puzzle, surprise (5-fold crossvalidation)
acted anxiety, fear,
Sad.”ess’ d|sgu§t, hand and head movemel Support Vector
4 (S. Chen et al. happiness, surprise f d ski Machine 0.7¢ d
2013) anger, boredom ace, and skin achineaccuracy>0.7¢  seate
' ' colour/video (3-fold crossvalidation)
puzzlement,
uncetainty
acted anxiety, fear,
sadness, disgust, Stpport Vector
5 (Gunes et al. happiness, surprise  body move_ment and MachineF1=0.83 (3 seated
2015) anger, boredom, face/video A
fold crossvalidation)
puzzlement,
uncertainty
(Fourati and sagﬁteesian;ﬁf:yf’eal Random everyda
6 Pelachaud INEss, p full body movement/IMU  ForestAccuracy=0.87 ryaay
pride, joy, shame, e activities
2015) (out-of-bag validation)
anger, neutral
, (Pamcta, (ST Stes bod) e Supponvector
2014) PP » dISg gop Machineccuracy=0.61
anger, surprise capture
(Meng,
Kleinsmith, and acted fear. sadness Support Vector
8 Bianchi anger ha; iness‘ body movement Regressiombot mean -
Berthouze ger, happ squared error of 0.14
2011)
(Kapur et al.  acted fear, sadness body mover_nent/ ma_rker Neural
9 . based optical motion N ac -
2005) joy, anger Network/iaccuracy=0.8¢
capture
(De Silva and body posture/marker
Bianchk acted fear, sadnes: Y post ) Discriminant
10 . based optical motion . _ -
berthouze happiness, anger Analysisaccuracy=0.9(
capture
2004)
(Camurrietal. acted fear, anger . Decision
11 ' ' " body movement/video Treeaccuracy=0.36 (6 dance

2003)

grief, joy

fold crossvalidation)

48



knocking on a door) were differentiated with accuracy of 0.87 (based-af-bay validation).

They found that acceleration of the elbow joints (except for in the activity that depended on the
elbow, i.elifting and throwing an object) and body posture features were the most relevant for
detecting panic fear. For anxiety, body posture features, amount of upper body movement (for
lifting/throwing alone), and elbow joint acceleration (for books moving arai #nocking

only) were the most relevant features. In contrast, speed of movement and body posture
features were the most relevant for sadness. Further, a study by Gung@oétailnvestigated
automatic detection of the absence, onset, apex, and offset of anxiety, fear, sadness, disgust,
happines, surprise, anger, boredom, puzzlement, and uncertainty usingbaded facial and

bodily expression featureshey found that the apexes of these emotions were the easiest to
detect (accuracy = 0.86;f8ld crossvalidation) while their onset was thmeost difficult to

detect (accuracy = 0.83).

Unfortunately, the findings from these studies are limited as acted expressions do not fully
reflect spontaneous expressions in real life because acted expressions are usually exaggerated
and so are more salient. Although Rani, Sarkar and2005)investigated the differentiation
of spontaneous anxiety from engagement, anger, frustration, and fmo¢edsed on bodily
muscle activity, facial, and physiological cues), this was done in @agleettings and, as with
the otherstudies, their study of these emotions was not in the context of pain. As discussed in
Chapter 2, movement is the object of tear/anxiety in the context of pain and so, as Tang et
al. (2007)show, fear/anxiety in that context is expressed in the execution of the movement. It
is, thus, difficult to understand how the findings of bodily expressions of fear and anxiety from

these studies may transfer to the context of pain.

Aung et al(2016)investigated the automatic detection of expressions that have been linked
to pain and related fear in physical activity settifl§sefe and Block 1982; Watson, Booker,
and Main 1997)In their study, these expressions (guarding, bracing, rubbing, abrupt motion,
and limping) of people with low back CP were assessed by edtpeetvers and as such do not
necessarily reflect (subjective) pain experienddaeyen and Linton 2000Although Aung
et al.(2016)do not address the detection of the pain related affect, their finding of average
mean square error less than 0.04 based on body movement captured using IMUs and sEMG
sensors points to the possibility of aotatic detection of pain related states during physical
activity using this method. As the data acquired and used in their study was readily available

and relevant, it was used for the investigations in this thesis.
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3.4 Discussion

The aim of this chapter was review relevant topics so as to: 1) provide further grounds for
using movement behaviour for affect detection for CP physical rehabilitation, 2) review typical
sensing approaches available for this modality, and 3) understand existing knowledge on
autorratic detection of levels of pain, MRSE, and emotional distress. It was shown that there
is strong argument for the use of movement behaviour as the main modality for pain and related
affect detection; wearable sensing approach (using wearable IMU and sEMGrs was

further highlighted as practical means of capturing this modality in ubiquitous settings typical

of everyday functioning. A review of the state of the art showed that gaps still exist between
current design of affect detection systems amdrteéed for CP physical rehabilitation. The

questiors raised in Chapter arere-discussed in this section in light of these findings.

3.4.1 What is the Relationship between Movement Behaviour and Pain, MRSE, Depressed
Mood, and Fear/Anxiety?

Review of pain behaour literaturein this chapter and in the discussion in Chapteh@ws

that fine-grainedmovementbehaviouris a critical modality for assessindevels of pain in
people with CA(Keefe and Block 1982; Sullivan el. 2006)and that the best developed
met hod of assessing this behavi o(@82)methodt he <co

based on observer rating of guardingndividual activities

However, agap in knowledgexists oftheunderstanding of pain behaviour with respect to
the cognitive and affectivetateselated to painStudies that havied tothe understanding of
the influence of these states on phydigactioning havanostlybeen limited tauestionnaire
basedself-reports(Denison, Asenlof, and Lindberg 2004; Asghari and Nicholas 2@8igh
like physical activitylevels(observed odiary-baseq are too broad a measuré movement
behaviour(Fordyce et al. 1984; Huijnen et al. 201This makegproposalof obsened motor
patternsuch agyuarding asbehavioural signature ahxiety, depressed mood, or low MRSE
an open questiostill. As discussed in Sectigh5,understanding guarding, which is theain
relatedmovement behaviouhat is most understops a behavioural signature of anytloése
statescan informthe decision ofwhatcues to capture and use for automatic detectiadheof

associated state

This thusmakes importanthe questionwhat are the relations between observable pain

behaviour and painMRSE, depressed mgahdfear/anxiety
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3.4.2 Howcan Levels of Pain, MRSE dpressed Mood, and Fear/Anxiety be Automatically
Detected?

Review of literature clearly shows that levels of pain,-séitacy, depressed mood, and

fear/anxiety can be automatically detected better than chance level esti(Datiey et al.

2002; McQuiggan, Mott, and Lester 2008; Alghowinem et al. 2016; Fourati and Pelachaud
2015)and, in some cases, even better than humamarséDe Silva and BiancHberthouze

2004) This suggests that automatic detection is a feasible approach for technology to assess
these states so as to tailor intervention to them to e@&blghysical rehabilitation.

Strong support haseenfound for the use of movement behaviour cues to implement this.
Not only does this channel complement knowledge about pain experience in informing the
design of appropriate interventiq®ullivan 2008) it has also been shown to be a more
significant medium of expression of pain experience than other observable modalities like the
face and voicgSullivan et al. 2006; Keefe and Block 1982; Aung et al. 20R6ither, there
are evidences that detection performance using the modalitpngarable with (and
sometimes even better than) these other modalidiekey et al. 2002; Joshi, Géecke, Parker,
et al. 2013) However, previous work provides limited understanding of the movement
behaviour cues of pain, MRSE, fear/anxiety, and depressed mood.

Concerning the assessment of pain level, it has been shown that how the painful anatomical
segment is moved may be aecof whether or not a person has @Rern et al. 1988; Grip et
al. 2003; Lai et al. 20099nd findings in Dickey et a[2002)suggest that this may also be
relevant for further assessment of the levels of pain of people with CP. However, the work of
Dickey et al. does not provide understanding of how teg®nd thosehat can be tracked
with the use of invasive methods availahtehospital settings differentiate between these
levels. Such understanding is important to inform the implementation of automatic pain level
detection systems in physical rehabilitation technology. Further, it addresses the need
highlighted in Sullivan(2008)to understand pain related movement behaviours in terms of
their cognitive and affective components so as to inform research on intervention designs for
CP physical rehabilitatin.

In the case of MRSE level detection, there is little known in literature beyond the study of
Keogh, Griffin, and Spectd1981)who investigated videbased observation of this state in
gymnastic settings using expert observers (physical education experts and gymnasts). They
found very high levels of agreement between the observers suggesting that observation method

may bea reliable form of assessing MRSE levels. This points to value in further investigation
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of automatic detection of levels of the state. On analysing cues that the observers reported using
in their assessment, the authors found that the observers paitbatten 1) movements
performed to start the gymnastic routine being performed, such as moving to the appropriate
start position or fidgeting, 2) how the routine was performed, 3) timing and sequencing of
phases of the routine, and 4) engagement behavadutlse participants, such as looking
excessively at the experimenter. Although these cues are a starting point in understanding how
levels of these states can be detected, further investigation needs to be done in the context of
CP physical rehabilitatiowhere pain may be a confounding factor in how-séitacy levels

are expressed. Further, in this context, movements are less constrained (and may have more
individual differences) in how they should be dpimecontrast to the choreographed routines

typical of gymnastics.

For fear and anxiety detection, it has been shown that posture, kinematics, and amount of
movement can be useful cu@amurri et al. 2003; Fourati and Pelachaud 20H8)wever,
there needs to be further investigation of the relevahtieese cues for real fear or anxiety
which may be more challenging to detect than acted expressions because they are subtler and
less stereotypical (and so with more witsubject variations)(Kleinsmith, Bianchi
Berthouze, and Steed 2011 fact, fear and anxiety needs to be considered in the context of
pain and movement which are central to these states in CP physical rehabilitation. The same
need existdor detection of depressed mood where the focus has been on the assessment of
clinical depression in sedentary settings. The findings in this area have been further limited for
understanding how detection systems fagstbstates carbe implemented for CRphysical
rehabilitation technology due to the use of videsed features that draw on computer vision
analysis that are not readily interpretable in terms of movement behaviour descriptions. There
are existing psychology and affect studies (@Mpxer 1977; Waxer 1974; Scherer et al. 2013;
Lemke et al. 2000; Michalak et al. 20Dp®)at provide complementary understanding of these
cues. However, these studies were also not done iothext of pain. Thus, it remains unclear
how these cues differentiate between levels of the states within pain experience and if they are

(or how they can be) relevant in physical activity settings.

A question that, thus, needs to be addresseabis: canlevels of pain and related self
efficacy, depressed mood, and fear/anxiety be automatically detected from movement
behaviour?particularly, what movement behaviour cues contribute to the detection of each of

these statesRnd can these cues enable automdgtection of the states?
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3.4.3 Howcan Levels of Pain, MRSE, Depressed Mood, and Fear/Anxiety be Automatically
Detectedn Functional Activities?

An important consideration for the automatic detection of levels of pain, MRSE, fear/anxiety,

and depressed moadCP physical rehabilitation is the possibility of this functionality for both
functional movements in ubiquitous settings and exercigesh may be situated and more
constrained. As earlier discussed, the importance of this lies in the challengeajite with

CP) of applying skills and capabilities gained in controlled exercise settings to functional
activities where the barriers may be different even for the same movement($ypgis,
BianchiBerthouze, and Williams 2017As the study of Singh, BiancBerthouz, and
Williams (2017)show, technology that is available to a person with CP in both contexts can
guide transfer of strategies and better grounding of awareness of capabilities that promote
functioning in valued activities, which is the goal of CP physical rehabilitation.

A primary problem then is the need to understand the feasibility of this functionality based
on sensing approaches that are practical for such settings. Not only does the sensing system
need to be wearable, it also needs to be portable and so as minimal &imdkint of unit
sensors required) as possible. It is also important for the system to Hsedoas expensive
systems are not practical for use beyond clinical settings where they serve little use in self
managed physical rehabilitation. Although themvén been studieéFarella et al. 2006;
Ylisaukko-oja, Vildjiounatie, and Mantyjarvi 2004; Biswas and Quwaider 20@8nguia
Tapia et al. 2007Harun et al. 201,5Costanza et aR007; Saponas et al. 2QIDonnarumma,
Caramiaux, and Tanaka 20Q1that investigated the efficacy of le@ost wearable systems for
body movement sensing, no investigation was found of systems with IMU and sEMG
integrated. Yet, pain studi¢dhern et al. 1988point to the significance of fusing data from
these two sensors in the assessment of pain experience. Further, the existing studies do not
investigate the feasibility of automatic detection of Isvel pain, MRSE, fear/anxiety, and
depressed mood based on such systems.

An additional problem based on findingghe study of Alghowinem et g2016) reviewed
in the chapter is that affective cues may eeilytransfer betweephysical activitycontexts
exercises versus functional settingBhis problem is important to addressgiven the
convenience of acquiring training data in controlled eisersettings in contrast to everyday
functional movementand so the possibility of a system largely trained on exercise movements

to be used in functional movements
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It is, thus, necessary to further aslkn movement behaviour cues that enable automatic
detection of levels of pain and related ssfficacy, fear/anxiety, and depressed mood be
detected using lowost sensorsand can these cues enable automatic detection of these states

in both exercise and functional movements?

3.5 Conclusion

The literatureeview points tanovement behavioyparticularly finegrained descriptions of
movement rather than general activity levelas an important modality for the automatic
assessment of pain and related states in physical activity selttmgsver, existing studies in

pain level detection have mostly focused on facial expressions; where movement features have
been considered, the method used in capturing them are impractical for everyday settings.
MRSE level ancemotional distresdetectionstudies have been limited to sedentary settings

(for MRSE) and depressed mood) and acted expressions (for fear/anBetyond its
investigation of the relationship between movement behaviours and these states, this thesis
further closes the existing gapy studying lowlevel movement featurethat inform
discrimination between levels dfe states in physical activity settings. The investigation will

be based on features tracked using IMU and sEMG sengaich are practical for everyday
settings. Thehtesis will also investigate the feasibility of automatic detection in functional

movements, captured lajjow-costdevice with integratetMU and SEMG sensors
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4 RESEARCHQUESTIONS ANDMETHODOLOGY

HIS thesis investigates movement behaviour as a modatigssessment of cognitive
Tand affective needs that emerge during physical activity. Theteyngaim is to develop
technology that enables such monitoring to occur in everyday tite so enable
personalisation of therapy. This aim emerged from the review in Chapters 2 and 3. In Chapter
2, it was shown that pain and related cognitive and affective states, partitmhaNjRSE,
fear/anxiety, and depressed mood, interfere with engagemehysical activitiegAsghari
and Nicholas @01; Vlaeyen, Morley, and Crombez 201B)rther, untapped opportunities for
these states to be addressed when detected in everyday physical aghiugéeside et alin
review) so as to facilitate engagement in these activities were highlighted. It also emerged that
assessment of movement behavimsueritical toinform such interventioas it provides inght
into thecopng strategies used by a person with ©Rengage inndividual movementsin
Chapter 3, movement behaviours were shown to be additionally relevant for automatic
detection of pain and related cognitive and affective states although séttioadstigated in
this area. This thesis, thus, focuses on providing understanding of pain, MRSE, and emotional
distress (fear/anxiety and depressed mood) dimensions of movement behaviours during
everyday physical functioning. With this, this thesis aimsontribute to the fields of pain and
affective computing by unlocking new channels for supporting physical rehabilitation. Figure
4.1 provide an overview of the specific research questions addressed in the thesis. These are
introduced in more detailin the next section followed by a description of the approach,

methods, and dataset used to address them.

4.1 Research QuestiongRQs)

The research questions of this thesis on the understanding of movement behaviour as a
modality for automatic monitoring ofgin and related seé#fficacy and emotional distress are
presented in this section. An overview of the questions and the relations between them is given
in Fig. 4.1.

The first research question addressed is:

RQ1 (Chapter 5) What are the relations betweebhservable pain behaviour and

pain, emotional distress, and selficacy?
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/RQ 1 - Chapter 5 \

What is the relationship between observable pain behaviours
and pain, self-efficacy, and emotional distress?

e EmoPain dataset extension with physiotherapist annotation
¢ (Quantitative exploration of RQ based on extended dataset
Q Analysis of MRSE cues reported by physiotherapists in annotatioy

AQ 2 - Chapter 6 \

How can levels of pain, self-efficacy, and emotional distress
be automatically detected during physical activity based on
movement behaviour cues?

e Movement features investigation based on literature, video
analysis with physiotherapists, visual inspection of movement
data.

e Modelling based on the movement features (from EmoPain
dataset) and using machine learning algorithms

e Analysis of feature relevance based on feature set optimisation
Kand statistical methods /

\ 2
/RQ 3 - Chapter 7 \

How can levels of the states be detected in everyday physical
functioning based on these behaviours?

e Prototyping of minimal set of low-cost wearable sensors
e Acquisition of Ubi-EmoPain dataset using prototype

e Modelling based on the movement features (from Ubi-EmoPain
\ dataset) and using machine learning algorithms /

Fig.41. Theesearch questions investigated in this the
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This questioraddresses the need (pointetht@€hapter 2) to understand the extent to which
pain and related seéffficacy and emotional distress can be operationalised in terms of pain
behaviours which have been specified in pain literatifeefe and Block 1982Yor
observational assessment of pain experience. The significance of paieffisatly, and
emotional distress (fear/anxiety and depressed mood) is their importance as factors in
enga@ment in physical activities in people with @&Rsghari and Nicholas 2001; Vlaeyen,
Morley, and Crombez 2016)he pain behaviour focused on in the investigation of the question
is guarding. This is because this behaviour is the most prevalent and relevant (Keefe and Block
1982; Tang etal. 2007; Augt al . 2016) of Keef e aandtheBl oc k o
only one of the pain behaviours shown to be associated with longer term dig&ikéaghn,
Schultz, and Hughes 2007)

The investigation addresses the shortcoming of the two threaelewhntwork in the CP
literature. In one thread, understanding of the relationships between physical functioning and
pain and related cognitive and affeet states has been based on-ssghiorts of behaviour
(Asghari and Nicholas 2001; Vlaeyen and Linton 200f)h as levels of interference of pain
in everyday functioninglin the second threaaf work, focused onnvestigation of more fie-
grained behavious, there hashoweveronly been understanding of the relations of pain
behaviours to pain intensifKeefe and Block 1982; Sullivan et al. 20@6)the exclusion of
other psychological factorghat underlie physical functioning as shown by tresarlier
mentioned body of workThetwo bodies of work remaidisconnected leaving a critical gap
that needso be addressed. The first question addressed in this thesis aims to build a bridge
between thestwo threads by investigatirtge relationships between bodily motor patterns and

pain, MRSE and emotional distress

The investigation further aims to inform the development of affeare systems that can,
thus, provide tailored support for setfanagd physical rehabilitation. Although movement
behaviour has been pointed to as a cue for assessing pain expésigliican et al. 2006;
Keefe and Block 1982)he lack of systematic study of the relationshipMeein movement
behaviour and pain experience in the literature makes it difficult to understand what movement
behaviours may be of value. @A382®suficert?fCeasand Bl
Sullivan (2008) suggestsare theremore relevant behavioyrsiith each pain related state
having its own behavioural signatur@&fthough affective computing is moving towards system
devdopment that does not requipee-crafting of features but rather uncovers relevant features

through mining of raw data, such methods rely on vast amounts of data whereas acquisition of
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representate data from people with CP is challenging. Further, the methled danot enable
understanding of features in such a way that informs minimisation of the number of sensors
used for data capture. This minimisation is important as, in everyday Igaat possible to

capture all aspects of movement behaviour given the need to make the sensing system portable
and wearable. This initial question, thus, aims to shed light on how much guarding defines pain

and related cognitive and affective states.

The findings of the investigation of RQ1 which showed that guarding is not sufficient to
characterise levels of pain, MRSE, and emotional distress, and a more coomplaration
of lower level movementehaviourdescriptionsnay be at play led to the sew question:

RQ2 (Chapter 6) What movement features characterise levels of pain, self
efficacy, emotional distress during physical activity and could enable their

automatic detection?

The question builds on RQ1 by addressing the need to understandestaft behaviours

enable differentiation of levels of the above states and the feasibility of automatic detection of
their levels based on these behaviours. It is, thus, composed of two main parts. The first part is
on understanding what behaviours cdnite to differentiation of the levels of each of the states
while the second part of the questions extends this with further investigation of the use of these
behaviours for automatic detection. Each of the states is individually investigated by bringing
together knowledge from the literature and findings that emerged by working with
physiotherapists and from visual inspection of behaviour data from people with CP and healthy
participants. Rather than looking at observable movement features alone, mdvetmaerdur

was also explored in terms of muscle activity with the aim of having insight to covert motor
responses and also contribute to research on this-ergkred modalityHuisl n 6t Vel d,
Boxtel, and de Gel der 2014a; Hui s.Fdatureget Vel c
optimisation and statistical methods were used to understand the discriminative power of the

features.

Beyond investigating the feasibility arichitation of building pain related affeetware
systems based on movement behaviour features, the investigation challenges how pain
experience monitoring is currently addressed in affective computing literature and it aimed to
signal opportunity for a wigk understanding of pain experience and behaviour that goes
beyond pain intensity and even beyond the other states explored in this thesis. The investigation

also questions current applications of badgvementsensing technology in the contexf
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physicalrehabilitation ast aimed to provide proof of concept of the possibility of assessing
progresgbeyond biomechanical metrics typically used in acute cond)tiakig into account
psychological measures that are relevant for the management of chruhiooos (Olugbade

et al.,in review, McNaney et al. 2015; Morris 2016; Ayobi et al. 2017)

The understanding of the movement behaviours that enable discrimination between levels
of the aforementioned states and the feasibility of automatic detection based on the behaviours

led to the further question:

RQ3 (Chapter 79how can body movementcamuscle sensing technology be used
to detect levels of pain and related seficacy and emotional distress in everyday
physical functioning?

This question is very important as up to now -hdldy sensing technology for physical
rehabilitation has mainlpeen designed for situated exercising. However, in CP (and other
chronic conditions) physical rehabilitation happens during everyday activity and not just during
exercisegSingh et al. 2014)0n the other hand, wearable devices for fithess and activity level
tracking during everyday lifée.g. the MooWow bracelet{Moov Inc. 2016) are not su#ble

for capturing the movement behaviour cues of pain and related cognitive and affective states
(Huijnen et al. 2011 The investigation of the question, thus, builds on the understanding of
features that emerged from RQ2 with a minimaligtsignof a wearable network of IMU and
SEMG sensors that leads to initial uretanding of movement behavioduring functioning

The investigation is composed of two parts. The first part aimed to understand the possibility
of using such wearable device for movement behaviour tracking in everyday settings where
physical activity is not situatedhe second part is groundwork towsaunderstanding the
possibility of using the behaviours captured with this set of sensors for automatic detection of
the above states in both exercise and functional moventigstoutside the scope of this thesis

to investigate fully the usability ofhé device in everyday settinghowever,a partial
understanding ofvhat would bea dense examinatias providedin the investigation of the

guestion in this thesis.

4.2 Methodology

The approach used to address the research questions is characterisedrbgithedements:

(a) the use of data from people with CP engaged in movements that are generally considered
challenging in this population and are constituents of everyday functioning and physical
rehabilitation exercise progms; (b) rapid prototyping ofiearablebody movementsensing
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devices; and (c)he use of machine learning and statistical analysis to model relations and
mapping between movement behaviours and cognitive and affective states. The general aspects
of the methodology are described belovet@lled description of the methods used in each
study are reported within the specific study chapters.

4.2.1 Datasets
Two sets of data were used in investigating the three questions. One is an existing dataset,

EmoPain, while the second, the tHinoPain datasgis a new dataset acquired as part of the
investigations of this thesis. Both the EmoPain andEioPain datasets comprise real and
spontaneous body movement data from people with CP withegmfts of pain intensity and
emotional distress. The EmoPailataset additionally includes data from healthy control
participants. Rather than using webntrolled experiments to gather the datégrt wasmade

to gather movement data that better reflect the way people would move if they were self
directing theiractivity. Hence, little instruction was provided on what would be considered the
correct way of executing the movements. This is very important as both the pain literature and
the National Health Service pain management program that supported the iacqoigitat

dataset insisted on the need for the data collection design to be reflective of everyday movement

settingswhere movementare unconstrained.

The EmoPain datasetas used for investigating RQ1 and RQ®wever, it was first
extendedas part bthis thesislusing an annotation study to obtain annotations for guarding
and seHefficacy using physiotherapists. This approaclad¢quisition ofguarding and self
efficacy measures for the EmoPain dataset is based on the findings of Keefe and 8agk
and Keogh, Griffin, and Spect(r98l) that suggest that observer annotation is a reliable means
of assessing guarding and MRSE respectively. Physiotherapist annotation of MRSE offers
further opportunity to understand how they assess this state and the behavioural cues that they
use in mding their estimation. The annotation study was, therefore, leveraged to gain
understanding of the cues of MRSE so as to inform the investig#ftRQ2 given that there
have been limited studies in this graa highlighted in Chapter 3. The EmoPain dataset is
described in Section 4.3 and the annotation study that extends it is reported in Chapter 5.

The UbtEmoPain dataset was further acquired because of the limitation of the EmoPain
dataset that the sensarsed to capture its body movement data were expeasdieased on
a full-body network of sensors (rather than a minimal @nelesslycontrolled by acomputer

(rather than a portable devisach as @hone) RQ3 prompted the need for a dataset based on
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a reduced set of lowost sensors so as to investigate the possibility of using such sensors for
automatic detection of levels of pain, MRSE, and emotional distress in everyday settings. The

acquisition of thiglatasets reported in Chapter 7.

For both tle annotation study and the data collection study carried out, local and NHS
research ethics approval was obtaineethd participants gave informed consent. The

information sheets and consent forms included as Appendix |.

4.2.2 Rapid Prototyping
A further needhat emerged from theview ofliterature review(in Chapter 3andis pertinent

to the investigation of RQ3sithe need to develop a sensing prototype to acquire body
movement data for the UfimoPaindatasetlue to lack of readily available integrated fow

cost IMU and sEMG sensors. Thus, as part of the investigation of RQ3;@$&wearable
sensor prototype (nameddMEes-PC, for movement sensing prototype for pain and related
affect computing) consisting of IMUs and SEMG sensors was developed usitigateapid
prototyping. As the prototype was not intended as a commercially viable system but rather as
a rapid prototype to enable investigation of the possibility of using similar sensing systems to
detect pain and related states from body movementiglaeeryday settings, attention was

only paid to movement tracking functionality in its design. Placement of the units of the
prototype for pain related behaviour tracking were grounded in findings from the investigations
of RQ2 based on the EmoPain dataBefore using the prototype to acquire the-BbioPain
dataset its efficacy for tracking overt behaviour and muscle activity was validated using
healthy participants. The development and validation of the prototype are described in Chapter
7.

4.2.3 Data Analwis
Different types of methods were used to investigate RQ1 an®RQs

Quantitative data analysis methods were usad/gstigating RQ1. These incluBayesian
modelling techniques and traditional statistical methods. The analyses explored the
relatiorshipsbetweerguarding and pain and related sefficacy and emotional distress based
on guarding and seé#fficacylabelsobtained from thearliermentioned annotation study and
selfreports of pain, anxiety, and emotional distress from the EmoPaisetlatdne analysis
methods used are described in Chapter 5 for convenience. Thematic analysis of the visual cues
used by the physiotherapists in estimating MRSE was further done to gain understanding of
cues that enable the assessment of the state.
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Quantitative analysis methods were also employed in investigating RQ2 and RQ3. Visual
inspection, machine learning algorithms, optimisation algorithms, and traditional statistical
analysis methods were used to learn the features thaleahfferentiation betweelevels of
the pain, MRSE, and emotional distress and to understand how the features contribute to
automatic detection. This analysis was based on body movement data apgdaesf of pain
andemotional distresfrom the EmoPain dataset and physiothesapatings of sekefficacy
from the annotation study. The machine learningrtigms used in addressiiRQ2 and RQ3
are described in Section 4.4 while the other methods are described in €6agptdrfor the

respective studig®r the sake oEonvenence

4.3 EmoPain Dataset
The EmoPain datas(pre-existing thevork presented in this thesis)described in this section;
studyspecific details about subsets of the dataset used for each study are provided in the

specific study chapters.

4.3.1 Participants
The EmoPain dataséfung et al. 2016}onsists of data collected from 28 healthy control

participants and 22 people WICP in the lower back, which is the most prevalent CP location
(Breivik et al. 2006) The control participants comprised 14 femaled 44 males with mean
age of 37.1 years. The participants with CP consisted of 15 females and 7 males with mean age

of 50.5 years.

4.3.2 Physical Activities
The data was collected while the participants performed two series of physical exercises where

each seds had similar sets of exercises but differing levels of challgdgey et al. 2016)

The investigations of this thesiocus on 3 of the 7 physical exercises performed: Forward
Trunk Flexion, Full Trunk Flexion, and Sib-Stand.The other four exercises were sitting still,
standing still, balance on one leg, and walking. The first two were not considered in this thesis
as it has been shown in Watson et(&897)that people with CP do not differ from healthy
persons in motor patterns during sedentary periods such as sitting or standirgrstakd
Trunk Flexion, Full Tunk Flexion, and Sito-Standwere chosen over the latter two because
of evidence that they are challenging movements for people with low ba¢weaiBon et al.

1997; Janssen, Bussman, and Stam 2002)
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In Forward Trunk Flexion, each participant was instructed to reach with both hands as far
forward as he/she could while standing (see Figt@p2 This simulatefunctional forward
reaching movement such as in reaching for a distant stem in a rose bush while gardening or for
a plate on a high kitchen shelf. At the higher challenge level, the participant had to hold a 2
kilogram dumbbell while performing the actiyitin Full Trunk Flexion, each participant was
instructed to bend to reach towards the toes with his/her hetading from standing posture
(Fig. 4.2middle). This also simulates a functional movement, e.g. picking up an item from the
floor or bendingo tie shoe laces. This activity only had one challenge level. Jto-Stand,
each participant had to stand from seated position on a bench (Fimptthgh). At the lower
challenge level, a participant completed three-gatfed sito-stand movementsyhile at the

higher challenge levethe was required to complete each of thre¢osstand movementd a

the prompt of the instructor.

Fig. 4.4 A participant wearing the Animazoo IG®0 sensor Fig. 4.5 The 4 tracked muscle activity locations
system (Left) and the 26 tracked anatomical jofletiselled from
1 to 26) tracked by the system (Right)

66



4.3.3 Body Movement Data
Body movement was captured using video cameras, a wearable IMU based motion capture

system, and SEMG sensdmsung et al. 2016)The video cameras captured the ventrolateral
view of a partici pant desolutmo of @024 D0P4spixglsasnd @ Fi g .
sampling rate of 58 hertZhevideorecording were used to facilitate labelling of the motion
capture datal he motion capture system used is the Animazoe1&§ which recorded three
dimensional motion at a rate of 60 hertz. Thetey comprises 18 gyroscopes attached to the
participant using Velcro straps as shown in Fig-léfd three were placed on each limb while

one was placed in the middle of the trunk with another about the pelvis, one on each of the
shoulders, and one ohe each of the hdaand the neck. These alloweztonstruction of the
threedimensional positions of 26 anatomical joints (see the labels in Figight). Muscle
activity was captured using the BTS FreeEMG 300 wireless SEMG system, which had 4 sEMG
sen®rs: two were placed bilaterally on the trapezius, the other two on either side of the L4/5
spinal segment as in Fig. 4Aung et al. 2016)Each sensor recorded muscle activity at 1
kilohertz. The resulting signals were fwhve rectified to single polarity and the upper

envelopes of the consequent signal taken to filter out noise.

4.3.4 Affective Measures
There are three maa®s of the EmoPaitatasethat were used in this thesis: Hospital Anxiety

and Depression Scale (HADS) scores, painrggdrt, and anxiety seteport.

The HADS was completed by both participants with and without CP before performing any
of the physical exercises. This scéfggmond and Snaith 1983)easures emotional distress
(Cozo et al. 2012fi.e. anxiety and depressed mood) using 14regbrt items each scored
between 0 and 3 in increasing order of intensity. One item on the lscatesit at ease and
feel relaxegdwas excluded in the use of the HADS in this thesidiasitem is thought to be
problematic as an emotion measure in people with CP because of its possible somatic
interpretations in this populatidRincus et al. 2004; Pallant and Bailey 2005)

Pain selfreport was obtained frotine peoplevith CP after each exercise type for each of
the two seriesf exercisesusing a standard ifdoint pain scal€Jensen and Karoly 199&bm

0 for no pain to 10 for extreme pain.

Anxiety selfreport was also obtaindm these participants after the performance of each

exercises using a10-10 scale.
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4.4 Modelling approach

The automatic detection of levels of pain, emotional distress, and MRSE were treated as
separate modelling tasks this thesis to gain idepth understanding of each individual
problem. The automatic detection tasks were basdtienody movement (motion capture

and surface electromyography) dde&scribed in Sections 4.3.3 and.Far each of the tasks,

body movement features were normalised addressindividual differences in lengths of
anatomical segments and muscle actildiselire. Details ofthe normalisation of the features

are described in the study chaptédsher individual differences that may affecovement
behaviour, such as age, weight, and idiosyncragiese accounted for by using leagre

subjectout crossvalidationto evaluate the performance of tetectionmodels.

We approached the building of models a classification tasks each of the states was
assumed to comprise a small number of discrete |®ased on the requirements for affect
aware CP physical rehabilitation discussed in Chaptds2he aim of this thesis is to provide
benchmark and proadf-concept understaimy of the feasibility of automatic detection of
these states from body movement data as opposed to the investigation of machine learning
algorithms, it was considered sufficient to use standard machine learning algdigthms
classification The algorithrs used in this thesis are described below. Specific details about

hypeparameters used are provided in the study chapters.

4.4.1 Machine Learning Algorithms
As shown in Section 3.3ee Tables 3.2, 3.3, and 3.d¢cision trees, Random Forests (RFs),

and SuppdrVector Machines (SVMs) have been used extensivelyainrelated affective
computing studiesvith good classification performance. Thus, these algorithms were chosen
for use in the investigations in this thegis the focus of this investigation is eopf of concept

rather than deploymemeady engineering (and for the sake of easier comparison with general
performances in previous studies), the use of more advanced machine learning techniques is

left for future work

A decision tree is a simple claisr built by recursive splits of a feature vecinto
subsetgBreiman et al. 1984 A criterion widely used to split the nodes (i.e. feature subsets) is

the minimisation of the Gini index of diversity

apilmp(im, i,j=122
I,
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which is a measure of the node impurity with respedtdlasses, i.e. how much a split does
not discriminate between thé classes within a set of observations, whpfdm) is the
probability that an observation of sub3gt| m of features belorgto dassi. This criterion
was usedor splitting inthe decision tree classifiers used in this thesis. Terminal nodé&sm

are assigned a clasbased on the rule

pilm = maxp(jlm j=122,J
j

A decision tree has the advantage of being able to handle nisdaig doesthisby optionally
storing surrogate splits (for each node) that can be used to classify an observation that is missing
the primary feature used to split the node.

In the studies done in this thesis, the MATLAB functimtreewas used tamplement the

decision tree and the maximum numhsplitsof splits wasoptimised based on grid search.

The RF is an ensemble of decision trees and is defined as:

{h(x,Qx), k=1...K}

where Uy is a random vector used to build tkih tree and encodes the randomness in the
selection of features for splitting the nodes of the tree or in the selection of observations from
the training setx used to build the tre€Breiman 2001) Each tree casts a vote for the
classification of an unseen observation. The RF has the advantage of affiselofgmultiple)

low variance learnerdgrées) which make the algorithm robust to overfit{iBgeiman 2001)

In the investigations of this thesis, the MATLAB functioh®eBaggemlndfitensemblavere

used to implement the RF. For the former, the numtreesof trees and the numbefeatsof
randomly selected features used in growiaghenode were optimised using grid search. In the
use of the latter, only the maximum numipsplits of splits were optimised (based on grid

search).

In contrast to decision tress and RFs, the SVM is adass classification algorithm that

works by solving for the hyperplane, defined by
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Xib+b=0
that separates observations into either of two classesyr -1, with a maximum margin

between the two sets of observations wheasdhe set of observation ahds a constaniCortes

and Vapnik 1995)The optimal solution of thieyperplane is found bsolving for.

| I
argmax(@ a; - %aéaiaj Yi ¥ K. ¥i))
i i

a

whereU is related td as

??'1 ajyix=b
with the constraints that
|
? ajy; =0
and
0¢a ¢C

xi andy; are thdth observation vector and its class respectively whikethe penalty parameter

that governs the size of the (soft) margin. A soft margin is necessanyeality, observations

are usually not fully separable. The margin permits the hyperplane tdassifg some
observations; a lowet indicates a stricter permissiai(xi, yi) is a kernel function ok and

yi; kernel functions are used to map observations into a feature space where they are more
linearly separable. The investigations in this theggored standard kernel functions, i.e. (1)

polynomial kernel
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K(%,y) = (%y; +1)1

whered is the degree of the polynomial, (2) radial basis function kernel

(-(x-y‘)‘(&-yi))
K(x.y)=e 2

where(>1 is the width of the Gaussian function, andh@)erbolictangent kernel

K(%, ) =tanh(y ;' + py)

wherep: andp; are constants witp: > 0 andpz < 0. In the investigations done in this thesis,
the MATLAB functionsvmtrainwas used to implement the SVand the optimaK(x;, yi) and

C for each model were found using grid search.

4.4.2 Feature Subset Selection Approach
Feature subset selection was done on the feature vectors used for classification. This was done

for three main reasons: to understand the contribution of the body movememedeat
investigated in discrimination between levels of the considered states (RQ2), to minimise the
number of anatomical segments that need to be tracked for automatic detection (RQ3), and to
maximise classification performance (RQ2 and RQ3). Misingithenumber of anatomical
segments to be tracked enables the number of sensors to be reduced to a minimum and can
inform the facilitation of body movement capture for automatic detection in everyday settings.
The method used for feature subset selection innbestigations done in this thesis is a
wrapperbased approach, which has the advantage of tailoring selection to the specific
classification algorithm to be used. Specifically, a bredfidgshtree search of the feature vector

V was used to find the optial subset” O V such that

acq =maxacqy "Ul V
u
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whereacq is the value (i.e. classification performance) of a classification algorithm based on
the feature subséi. Rather than an exhaustive search, a method similar to the Branch and
Bound algorithm of Narendra and Fukungd@877)was used so as to minisaithe runing

time of the search. In the method used in the investigations of this thesis, for anyralgorith

tree node (i.e. feature subset) was visited only if the node is at least as good as its parent based

on the assumption thataq, satisfies monotonicity (al

acgy; >acqy, >3 >acqy,,

whereU:0 U2¢ O Un) and so that the successors of the node will do no better than the node.
While this assumption does not always hold true, it allows faster discovery of a feature subset
UOV whereaca; Oaca,, which is the objeive of feature subset selection in the studies of this
thesis. To further reduce the running time of the search, a node was also required to be better
thann of its peers (other nodes in the tree whose parents have been visited) to be visited. When
the adlitional criterion was enforced, peer nodes were visited, if they met the criterion, in

decreasing order of their values.

4.4.3 Machine Learning Performance Evaluation
As is the standard in affective commgj leaveonesubjectout crossvalidation was used to

assess classification performance in the investigations done in this thesis because it tests how
well a classification model can genesalito observations of unseen subjects. This is
particularly important given intandividual variations in expressiom$ cognitive and affect

states.

4.5 Conclusion

Threemain regarch questionare investigated ithis thesisEach of the investigations is based

on data collected from people with CP including an existing dataset extsidiecthis thesis,

and a new dataset captured using a cudtoiit devicebased ornntegrated IMU and sEMG
sensors. For the first question, Bayesian modelling is the main approach used}amiéerd
machine learning techniques were used in addressinghbetato questions. Further details

of these and additional methods employed in the investigations are reported, with the findings
from them, in thanext part of the thesis, Part@nsisting ofChapters 56, and7 dedicated to

the investigations ahe first, second, and third questiorspectiely.
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5 EXPLORING THE RELATIONSHIPS BETWEEN
OBSERVEDPAIN BEHAVIOURS AND PAIN AND
RELATED COGNITIVE AND AFFECTIVE STATES

HE first question investigated by this thesisnbatis the relationship between observed
Tpainrelated behaviour and pain and related sefificacy and emotional distres3he

review of literaturen Chapter 2 points to two main bodies of work in the area of CP
related to this question. One set (hereatt&rred to as pain theory literature) have focused on
understanding the cognitive and affective factors responsible for poor functioning outcomes
and the maintenance of the CP condition. bé&st developed and investigatddhese theories
is the fearavadance theoryVlaeyen and Linton 2000)hich suggests that fear of pain and
consequent avoidance behaviour lead to the maintenance of CP and thatecagpitaisal
(e.g. catastrophisg) mediates themergence of fear in pain experienthis theory is limited
as it is based on studies whésar andavoidance wrequantified usingoroadmeasures such
as the usual level of fear and level of disability respectiviéig.second body of work hasen
basel on the analysis omore finegrainedbehaviours such as guardingat the level of
individual activities(Keefe and Block 1982; Sullivan et al. 200dpwever, they have mostly
been focused on pain intensityaé without consideration of related cognitive or affective
states. As such these two bodies of whikve complementaryapproaches to gaining
understandingf CP; although each part is important in its own right, separately faiiep

uncover importantelationships between the relevant factors and behaviour

The first research question of this thesigs aimed at bringing together these two pain
researclapproacheby modelling the relationship between observed pain behaviour and pain
and related cognite and affective factors grounded on data for specific movement events. To
address this question, the existing EmoPain datasetuseiio investigate the relationship
between measures of pain and cognitive and affective states of people with CP wdgkdeng
in physical activities and pain behaviouaccompanyingthe activities as observed by
physiotherapists. To this purpose, the EmoPain dataset was first extatidedhis thesidy
inviting physiotherapist# labelpain behaviour observed in videofsthe oplewith CP and
of healthy participants duringpecificactivities Two set of labels we collected: guarding
behaviour and MRSE. Guarding was the behaviaugetedas it appears to be the most

prevalent and relevamd pain experiencef the @in behaviours defined by Keefe and Block
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(1982)(Keefe and Block 1982; Tang et al. 2007; Aung et al. 201i6¢ second label, MRSE,

is a cognitive construgcsignificant to physical functioning in QRAsghari and Nicholas 2001)

that expert observers read from movement behayogh, Griffin, and Spector 1981; Singh

et al. 2014)put has been ignored in the pain behaviour litera@@reen the lack of literature

on MRSE, physiotherapists weedso aked to report the cues they used in making their
estimation. A combination aftandardstatistical analysis techniques and Bayesian modelling
was then used to investigate the relatpsbetweerthe self-reported affective states (pain
intensity, anxietylevd, and emotional distress) awthserveirated variables of the extended
datasetFinally, the types of behavioural cues of MRSE reported by the physiotherapists were

analysed.

The physiotherapist annotation study is described in Sectioanfl.the methods used to
explore the relationships between guarding and pain, anxiety, emotional distress, and MRSE
are described in Section 5:Pheresults of this analysis and analysistioé MRSE cues are
described in Secti@b.3 and 5.4 respectivelwith low level discussios of theseresults In
Section5.5 isa higher leveldiscussioraimed at highlightinghe contribution andmplication
of the findings with respect time literature.The conclusion of these findings is provided in
Section 5.6.

5.1 Physiotherapist Annotation Study
In this section, the methods used in obtaining independent-baed annotations of guarding

behaviour and MRSE for the EmoPain dataset from physiotherapists are described.

5.1.1 Rationale for Physiotherapist Annotation
Although the EmoPain dataset originally included guarding behaviour labels, a decision was

made to reannotate the dataset for this ldimtausethere was low level agreement

( Kr i pp éJr @.20) bet@een the ratings in the EmoPain da(@setg et al. 2016)This
occurreddespite the fact that the raters (two physiotherapists and two clinical psychologists)
conferred wih one another (after independent pilot annotations) to discuss guarding
judgemens. The low level of agreementas partlydue to the highresolution annotation
approach (framéy-frame annotation) which demanded that the raters not only agree on the
occurence of each guarding event but also onetkect onset and offsef each event. Such
fine-grained labelling may be unnecessdor tailoring intervention for CP physical
rehabilitation(Keefe and Block 1982)nd it may be sufficient to simply detect if a person with
CP exhibits guardingt any poinduring the performance of a movement (e.g. an instance of
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Forward Trunk Flexion). Thus, a new atetton study was carried ofdr this thesisd acquire
new guarding ratings per exercise instatregher than framéy frame) aiming for higher

levels of agreement.

Selft-efficacy estimations were obtained in the study asrselbrts of MRSE were not
avdlable in the EmoPain dataset and findings in Keogh, Griffin, and Sp@@8f)suggest
that expert observer estimationMRSE s a possible alternative to selport. The annotation
for MRSE also afforded the opportunity to learn how physiotherapists estimate the state. This

knowledge is important because it can inform automatic estimation of MRSE.

5.1.2 Method
5.1.2.1 Video Material
There were 421 video clips annotated. Each clip was approximately 1 minute long and showed

the performance of Sto-Stand, Forward Trunk Flexion, or Full Trunk Flexion in a single
challenge level (lower or higher for Sa-Stand and Forward Trunk Flexioand lower alone

for Full Trunk Flexion) by a person with low back CPlgra healthy persorOf the clips,

72.7% were of Sito-Stand, 19.2% were of Forward Trunk Flexion, and 8.1% were of Full
Trunk Flexion.They consisted of 17 people with low back @B.2% and21 healthy peple

The videos from healthgeople werencluded to avoid saturation in the observation of pain
behaviour and the labels obtained for these healthy participants were not used in the study as
explained in Section 5.2. Persons freither group (CP or healthy) will hereafter be referred

to as O6subjectsd for convenience. The video
screen size of 15.5 inches although the video players used did not all allow maximisation to
full screen sie. Different video players were used as videos in the EmoPain dataset had been
recorded using different encodings. All the video clips were shown mute to compel the raters

to use visual cues alone.

5.1.2.2 Physiotherapists (called raters in the subsequent segtions
The number of physiotherapists used for annotation was based on an estimation of the number

of hours needed to have each video clip annotated by 4 physiotherapists. The estimation
showed that it would be burdensome (taking about five hours) for oneofitersipist to rate

all of the video clips andosa special design was used to assign the video clips to
physiotherapists to limit the annotation time for each physiotherapist to one hour. The optimal
number of physiotherapists needed to address theseantsstvas found to be approximately

30. In the design used to assign videos to these physiotherapists, video clips were considered

in sets where each set consists of video clips of the three exercises for a single subject in one
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level of challenge. An had worth of video clip sets (approximately 14 sets with 6 video clips
per set on average) were then randoodampiledand assigned to each of 30 physiotherapists

such that each of the 421 video clips was rated by 4 physiotherapists.

The physiotherapistsere recruited from United Kingdorither physiotherapy experience
rangedrom 1 to 36 years (median = 11.5, interquartile range = 12.75); their pain management

experience ranged from less than 1 to 32 years (median = 5, interquartile range = 6.75).

5.1.2.3 Annotdion Protocol
The raters recorded their annotations in Microsoft Excel Workbooks. Separate Worksheets

were sed for each video clip set. An example is the Worksheet in Fig. 5.1 which contains
hyperlinks to the video clips for the exercise performances of subject CS026 in the difficult
challenge level. In the Worksheets, the pain st&i/ersus healthy) of theubjects were not
made explicit to the raters and the sheets
example in Fig. 5.1) to allow the researcher identify them. For each video clip in a Worksheet,

the rater were asked to rate:

| ©- B Annotation Sheet 1 with AVIDEMUX xdsx - Excel Temi Clugbade | —

Home Insert Page Layout Formulas Data Review  View Developer Q Tell me what you want to do £ sha

Subject CS026D
Overall
Guarding . .
. . . Confidence Confidence
Serial Behaviour Pain Rating Rati Rati
eria . atin, atin
Exercise Code Video Link Rating (No, Low, or g. €
No. N (Low, Medium, (Low,
(Present or High) . "
or High) Medium, or
Absent) .
High)
1 RF-D E:\To Be Annotated\Subject C5026\C5026 RF-D.avi
2 STS1-D E:\To Be Annotated\Subject CS026\CS026 STS1-D.avi
3 STS2-D E:\To Be Annotated\Subject C5026\C5026 STS2-D.avi
4 STS3-D E:\To Be Annotated\Subject C5026\CS026 STS3-D.avi
5 STSNI-D E:\To Be Annotated\Subject C5026\C5026 STSNI-D.avi
6 B-D

» ... | CSO19N CS020D CS020N CsS021D CS021N C5022D CS022N €5023D CS023N C ... (-i-) <

Fig.5.1 An examWt skheatstead t he annEtchtiremw s$sthudhe third cc
clip skRowiubg etch Y spéi kaoadmEsdizdeence | abell ed in th
col umn. Each rater awaosthosomschednsbaprceviodied dir raem
col u@@iFsFor ward Tr,unSkT SFiSd xsialg Ful | Ay adikgdhdae xlietnN\gle =-
Instructed (i.e., a functional movement that the s

one i nstr dcteendd epxoesrtcuirsee and t he startf{ Apogt et)eaodf
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1. whether or not they observegdiarding behaviour in the performance of the exercise
shown in the video clippfesent or abseniRaters were instructed to use the definition
of guarding as #fAstiff, interruptedtoor rig
anothero (Keefe and Block 1982) (p. 366).

2. their estimation of théevel of pain (none, low, or high) that the subject in the video
clip experienced while performing the exercise. At the time the study was planned, this
rating was believed to be of imést for comparison with setéport of pain intensity.
However, during the study, a majority of the raters made verbal assertions that they
found this a challenging task given the subjectivity of pain experience and, in fact, one
raterrefusedoutrightto complete pain rating for his set of videos. For this reason, these

estimations were not analysedthis thesis.

3. their estimation of thievel of movement related seléfficacy (low, medium, or high)
that the subject in the video clip had in performihg exercise showi.hese MRSE
levels are similar to those considered in Keogh, Griffin, and Spété&1) Self-
efficacywas referred to as o6confidenced in al

consistency between their ratings.

The raters were also asked to estimate the overall MRSE (confidence) of the subject shown in
the video clips in the Worksheet based ohddlthe exercise performances seen in the
Worksheet. The decision to request this rating emerged from a prior discussion with an
experienced physiotherapist who suggested thatlinical practice physiotherapists tend to
continuously update their judgents about the MRSE levels of a patient as they observe

multiple movement performances by the same patient.

5.1.2.4 Rater Profiling
In clinical practice, physiotherapists judge behaviour wihie patient igphysically present.

Given the different observation sag in this study, it was of interest to understainthis
difference affectedater®ability to estimate MRSE. Thus, before completing the annotation
sheets, raters had to complete agmaotation questionnaire where they scored their own levels
ofconf i dence (hereafter referred to as o6rater
thescaleshown in Fig. 5.2. For comparison with their initial s&lports, rater confidence was
obtained from the ratesgainafter they completed the annotatofo complement this, the

raters were also asked how difficult they found the rating of MRSE. Finally, they were asked
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to report the cues that informed their estimations of MRSE to understand how these estimations

were made. Fig. 5.3 shows the formatha postannotation questionnaire.

How confident are you that you can detect his/her movement confidence level from a

patient’s behaviour?

0 1 2 3 4 5 6

Not At All Completely
Confident Confident

Fig. 5.2 The preannotation rater confidence sedfport itemused in the annotation study

Post-Annotation Questionnaire

0 1 2 3 4 5 b 0 1 F 3 4 5 &
Mot At All Extremely | Mot At All Completel
Difficult Difficult | Confident ¥ What modalities did you use?
Confident

Confidence Rating

Fig.5.3 Thepo-ahnot ati on quesdanrantnati iren ustewdy n
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5.1.3 Annotation StudyResults
Before investigating the central question of the chapter, the MRSE and guarding annotations

obtained were analysed to understand the agreement between the raters and the effect of the
study settings on the MRSE estimations. The analysis was importameistand the validity
of using this data in the modelling analysis reported in SectionThé results of this

preliminary analysis are reported in this section.

5.1.3.1 How Much DoThe Raters Agree?
A oneway random, absolute agreement, average measures intraclass correlation (ICC) was

computed for the guarding and MRSE ratings to evaluate the level of agreement in the ratings
andcompare with previous studies. The ICC is a standard method especially with désgns

the one used in this studyhere diferent sets of raters annotaach observatioMcGraw

and Wong 1996)The ICC variant for absolute agraent was used rather than the variant for
consistency which only requires similarity between the rank order of the rdtiadjgren

2012) The variant chosen instead requires similarity in absolute ratings. -vayeandom

model was used instead of a tway random or mixed model as it was assumed that the raters

were randomly sekted from a larger populatighlaligren 2012)

TABLE 5.1 INTERRATER AGREEMENT

Average Measure€C

Activity Type Number ofinstances
Guarding MRSE
Sit-to-Stand 306 0.72 0.81
Forward Trunk Flexion 81 0.63 0.70
Full Trunk Flexion 34 0.71 0.81
Considering the three 73 - 0.76

movement types (Sto-
Stand, Forward Trunk
Flexion, and Full Trunk
Flexion)altogether, for the
same challenge level
(lower or higher)
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Guarding
The resulting ICC for the guarding labels was found to be in the good (@rgletti 1994)

for the three movement types as can be seen in Table 5.1. These values are lower than the level
of agreement found in Keefe and Blod®82)(percentage agement = 0.93). However, the
method they used for computing the level of agreement has the limitation of not accounting for
the degree of disagreement between raters and agreement due to chafidallgveh 2012)

sothe high value they obtainedlikely to beinflated. The values obtained in the study of this
thesis were muchigher than that of Aung et af2016)( Kr i p p eUxd@9) fobtse
EmoPairdatasetThis suggests that reduction of the resotutibthe ratings provided by raters

from rating per frame of exercise instance to rating per exercise instance may have enabled

higher level of agreement between raters as intended.

MRSE

The resulting MRSE rating ICCs are shown in Table 5.1: ICC was fioulpel in the excellent

range for two of the movement types and in the good range for the third movement types and
for the overall MRSHECicchetti 1994) Despite these high values, the levels of agreement are
lower than was found in Keogh, Griffin, and Spe¢i®81) In that study, both the consistency

of MRSE ratings made on different occasions by the same raters and concordance between
different raters were assessed and so each rater repeatedtiati@mafter a week with access

to notes of cues they had reported using in the first round. The level of agreement found within
and between raters was ICC = 0.97. The agreement levels may be lower in this thesis because
here, unlike in Keogh, Griffin, @ahSpector(1981) the physical activities performed by the
subjects are not part of a (sport) choreography, making theatia more subjective. In
addition, the instances annotated in Keogh, Griffin, and Sp€®8i)had been prselected

based on initial rating by the researchers although it is not clear what this entailed.

As there were three levels of MRSE considered, the ratings were further analysed using pie
charts to understangheretherewas lack of consensughe pie charts are sha in Appendix
[I-A. Lack of consensusvasfound tomostly occurwith adjacent levels oMRSE with the
predominant combination beimgedium and high MRSE levels for the three movement types.
77.9%, 51.7%, and 77.7% of thatings without a majority votdor Full Trunk Flexion,
Forward Trunk Flexion, and Sib-Stand respectivelyvere ties.
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5.1.3.2 Did The Study Setting Affect Estimation Abilities?
The selfreports of rater confidence for the MRSE annotation and the levels of difficulty of the

annotation reported by the raters were analysed to understand if the use of video in contrast to

faceto-face observation typical of clinical settings may haffected their estimation abilities.

29 of the 30 raters provided complete selforts; Table 5.2 shows the distribution of these
reports. A Wilcoxon Signed Rank Test was used to test for difference between the rater
confidence scores before and after annotation. The test revealed acaligtistgnificant
reduction in rater confidence after ratizg;2.461,p<0.05, with a medium effect size=0.32)
although the median rater confidence (median = 4) remained the same. A Spearman Rank Order
Correlation test was used to further check foelatronship between the difference in rater
confidence and perceived difficulty. A moderately significant correlation was found between
the two variablesho=-0.451,p<.05, suggesting that the perceived difficulty of the annotation

may have contributed tbe slight decrease in the confidencéhefraters in estimating MRSE.

TABLE 5.2 RATER CONFIDENCE ANDRATING DIFFICULTY - MRSE

Number of Raters
Scale Rater Confidence Rating
PreRating | PostRating Difficulty

not at all 0 0 0 0

1 0 1 7

2 0 2 10

3 2 8 7

4 16 10 3

5 10 8 1
completely 6 1 0 1

5.2 Method: Exploring the Relationships between Guarding and Pain, MRSE,
and Emotional Distress

The newly collected labelswere usedto investigate the relationship between guarding
behaviour, MRSE, pain intensity, anxiety level, and emotional dist(B€31). This section

presents the method usked that investigation

5.2.1 Data Preparation
A portion of the dataset annotated in the study described in Section 5.1 was used. This portion

consised of annotations and seleports for exercise instances for subjects with CP where at

83



least one of the HADS, pain intensity, or anxiety intensity-igibrts had been completed.
Instances for healthy subjects were not included in the analysis asmEhanfaety) intensities

for these subjects could not Besessedn the same scale as the subjects with CP. Thus, the
data used in the analysis consisted of 99 exercise instances of 17 subjects withe@éh Bbr
these instances, the following are theaswees of guarding, pain, anxiety, emotional distress,

and seHefficacy used:

Guarding: The guarding ratings obtained from the annotation study were recoded
numerically with 1 for guarding present and O for guarding absernthanslm of théour
guardingratings(eachfrom oneof four physiotherapistatas) for each exercise instance

was then taken as the guarding score for that instaiheescore for each instance was an
integer between 0 and 4, both values inclusive. The mean score was 3 with standard

deviation of 1.

Pain Intensity: The selreport of pain intensity (between 0 and 10) available in the

EmoPaindatasetvas used. The meamtensity was 5 (standard deviation = 3).

Anxiety Level: The selfreport of anxiety intensity (also on &®10 scale) available in the
EmoPaindatasetvas used. The mean anxiety level was 1, standard deviation was 3.

Emotional distress(fear/anxiety andlepressed mood): This was based on the HABS

score available in the EmoPadtatasetfor each subject. The score for a subject was
replicated for each exercise instance for the subject. For each instance, the emotional
distress score was a value betweamn@ 39, both values inclusive. The mean for all the
instances was 18 with standard deviation of 7.

Self-Efficacy: A self-efficacy score was computed for each exercise instance as the median
of the estimates across its four raters in the annotation sfigdyecoding numerically as

1, 2, and 3 respectively for low, medium, and high. The resulting score for each instance
was a value between 1 and 3, both values inclusive. The mean score was 2 (standard

deviation = 1).

5.2.2 Analysis Methods
The analysis was fosed on providing empirical understanding of the relationships between

guarding behaviour and pain and related -e#ltacy, anxiety, and emotional distress.

Although temporal informatiofe.g.in terms of behaviour dynamiésr each of the different
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states) could be interesting, thigas not the aim of the analyses done in the chapter. Further,

such analysis was not possible with the available data.

There were three analysis methods usdHle investigaton Fi r st , a Spear man
test was cared out (using IBM SPSS Statistics 22) to statistically test for linear relationships
between each of pain intensity, anxiety level, emotional distress, andffsslty and
guarding. Bar charts were then used to further understand the distribution aifebeke
measures across the guarding scores. Finally, a Bayesian network was used to develop an
integrated model that incorporates the pairwise relationships between all of the five states.
Although multiple regression based techniques are typically imsedch modelling in pain
studies, these methods could not be used here because of the lack of independence of the
instances in the dataset usd@dhe method used to build the Bayesian network is further

described below.

A Bayesian network@, P) is a grapical model, wher& = (V, E) is a directed acyclic
graph andP is the joint probability distribution (or the joint probability density in the case of
continuous variables, in which caisis instead used) of random variab}g V, that satisfies

the Markov condition, i.e.

n
P(X, %2,3 , Xn) _OlP(Xi | pi)
=

or
n
a4, %3 . %) = Qlf(Xilpi)
=

“i denotes the set of parents®{Neapolitan 2004)There are two types of algorithms typically
used to learn # structure of a Bayesian network from data: constimsed algorithms and
scorebased algorithmgNeapolitan 2004) Constrairtbased algorithms learn a Bayesian
network using conditionalrpbability testsX;i X [S (i.e. test of whethek; is conditionally
independent oK given a subset of variabl&P V \{ X, X}) to decide if there should be an

edge between each pair of variabdsand X; (Koski and Noble 2012)A limitation of
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constrairtbased algorithms is that they assume that there exists a directed gypghG*

that is faithful to the underlying probability distributiéhof the data (i.e. thaB* entails all

and only conditional independenciedinand fail when this assumption is not r(iedski and
Noble 2012) This class of algorithms also fail when there are interaction effects without main
effects between variabl¢Koski and Noble 2012)Scorebased algorithms, on the other hand,
search the space of caddie models for an optimal model that maximises a given scoring
function. A scoring function commonly used is the Bayesian Information Criterion (BIC)
(Schwarz 1978)which is the log likelihood.L(D; x) of a graphD given the datx (an byd

matrix) with a term that penalises for complexity of the graph, i.e.

d
Inna g (ki - 1)

BIC(D;x)= LL(D;x) - %

whereq; is the size of the set of parentsXfindk; is the size of the set of valuesXf(Koski
and Noble 2012)

LL(D;x)= & & & count(p; xiJ)InLI')
i=1j=11=1 count(p; )

where countf) is the number of times the configuratieappears in the dafoski and Noble

2012) While scorebased algorithms can return the correct model even if the faithfulness
assumption is not met, they, particularly greedy search algorithms, assume compositional
propertyfor each subset of vertices (iEXi Xj|[SandX; X«|SthenXi X° X[ (Koski

and Noble 2012). These algorithms fail if this property is not valid.

In building the Bayesian model for investigation of this thesis]dcrossvalidation, wih
guarding as the dependent variable, was used to choose the optimal structure learning algorithm
to model the data. The algorithms considered were two consgtaset] algorithms (Grow
Shrink Markov Blanket(Margaritis 2003)and Incremental Association Markov blanket
(Tsamardinos, Aliferis, and Statnikov 20p3)nd one scorbased algorithm (hHtlimbing,
which is a greedy search algorithm). TirdearnR packagéScutari 2010which implements

these algorithms was used. The data described in the previous section was used to learn the
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structureof the Bayesian network. Instances with missing values were excluded as the
algorithms @ not allow missing data; thus, only 84 instances were used for this modelling.
Hill -climbing had the best performance (mean squared error = 1.4) inveldaizion al so

this algorithm was used to build the Bayesian network.

5.3 Results: Relationships between Guarding and Pain, Anxiety, Emotional
Distress, and MRSE

I n this section, the results of the Spear man

and the Byesian modelling carried out are reported.

5.3.1 Correlational Models
The correlations found between the variables are shown in Table 5.3. All four cognitive and

affective measures (pain intensity, anxiety level,-s#flEacy, and emotional distress) were
found to be significantly correlated (significance lepgl0001) with guarding, and also with

one another.

The highest correlation was a negative correlation between guarding asadfisady
(rho=-.86)i note thatguardinghas25% higher meanvalue than seléfficacy butwith 25%
lower standard deviatiovalue The strength of this relationship may be influenced by the fact
that the two measures were based on observation data provided by the same raters and it
indicates that physiotherapists may use theirssssent of guarding behaviour of a patient
when estimating the sedffficacy level of the patient for the activity. The result also suggests
that people with CP with low seéffficacy for a movement are significantly more likely to

guard than people with GFith higher levels of seléfficacy while performing the movement.

Marginally strong positive correlation was found between guarding and pain intensity
(rho=.51), and between guarding and anxiety levieb£.53) guardinghas & 8.3%lower
standard deviation value than either pain intensity or anxiety level, but its mean VEdde is
higherthanthat for anxietylevel althoughl5% lower than for painntensity The similarity
between the correlation of guarding with pain intensity &itd anxiety level may be due to
the very strong positive correlation found between pain intensity and anxietyrteyel/Q)
both painintensityand anxietylevel have the same standard deviati@iue however, pain
intensityhas40% higher meanvaluethananxietylevel. This high correlation between pain
intensity and anxiety level may be a result of them being bothegsdirted by the participant

within temporal proximity to each other. The significance of the relationship of both states with
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TABLE 5.3.PAIRWISE SPEARMANGS CORRELATION COEFRTIENT BETWEEN THE GWARDING AND COGNITIVE AND

AFFECTIVE MEASURES

Pain Anxiety Emotional
Guarding | Intensity Level Distress |Self-Efficacy

i 0.512* 0.534* 0.459* -0.862*

Guarding (84) (84) (99) (99)
i 0.791* 0.435* -0.522*

Painintensity (84) (84) (84)
i 0.476* -0.554*

Anxiety Level (84) (84)
i -0.470*

Emotional Distress (99)

Self-Efficacy i

*p <.0001. Sample size excluding missing values in brackets.

guarding suggests that people witgh levels of pain and/or anxiety are more likely to exhibit
guarding behaviour than people with lower levels of pain and anxiety.

Correlation of guarding was lowest with the gross emotional distress measure where
moderately positive correlation was founkdo=.46) emotional distress h&8.91%and 7.1%
lower meanand standard deviatioralues respectivelgompared to guardindhe correlation
indicates that the more distressed a person with CP is about pain and movement, the more likely
the person is texhibit guarding behaviour. The strongest correlation of the emotional distress
measure was with anxiety leveh¢=.48) although this was only marginally higher than its

correlation with sekefficacy scoresrfio=.47), guarding, or pain intensitgh=.44).

Fig. 5.4 provides deeper insight into the relationship between guarding and each of the other
measures. The figure contains four bar charts which respectively show the distribution of levels
of pain, anxiety, emotional distress, and -séficacy acrosshe guarding scores. Here, two
levels of pain and anxiety were defined as: lower level for <5 on the pain and anxiety scales
05.

not .

respectively and for Two | evels

13>19 as emotionally distressed and HADS O 1 9 The
instances judged as definitely not exhibiting guarding behaviour (i.e. instances with guarding

hi gher
as charts

scores of 0) were instances where subjects reported lower level pain and anxiety, no emotional
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distress, and were judged to have higher than medium levetfetficy. However, the
exercises instances judged as definitely showing guarding behavioumgtandes with
guarding scores of 4) were not isomorphic with respect to the levels of these states, that is, they
included instances with different levels of pain, anxiety, emotional distress, amdfisalfy.

5.3.2 Bayesian Model
Fig. 5.5 shows the Bayesiarodel developed. The number on each edge of the graph represents

the decrease in the BIC (i.e. score) of the graph if the edge were removed from the graph. If
these numbers are interpreted as the concurrence of the values of two variables and so the
O0sttrredgof the relationship between the vari .
guarding and seléfficacy (the strongest), and between pain intensity and anxiety level (the

second strongest). These findings support the results from the corrélatame.

More interestingly, the Bayesian model points to a complex relationship between the five
variables. The model suggests that guarding is not directly dependent on pain intensity but that
the relationship between the two variables is mediatednkiety level. This finding is in
agreement with the feavoidance theory of paiivlaeyen and Linton 200@nd it, in the fact,
underscores the importance of the affective factors as barriers in engagenpéysical
activities. However, differently from the feawoidance theory, the model suggests that the
relation between pain and fear/anxiety may not be mediated by a cognitive construct. A direct
relationship between pain and fear/anxiety has indeed freposed by Pincus et §2010)
but their theory wasot been grounded on data Epecific movement everasin this thesis.

Further, the model does not point to a direct relationship leetwearding and the gross
emotional distress measure. This could be due to the differing nature of assessment of these
two measures: guarding was assessed with respect to specific exercise instances whereas
emotional distress was assessed with respectdentstatein general. However, it also
suggests that depressed mood (which is a component of the emotional distress measure) has a
behaviour signature differenim fear/anxiety (which is the othesmponent of the emotional
distress measure). Indeedylivan (2008) had called for work in this direction, i.e. in
disentangling the affective dimensions of pain behaviour. Sullivan suggests that such a
distinction has not been consr@d because the literature on pain behaviour has strongly
focused orthe protective aspect of pain response. What the Bayesian model suggests is that
pain related depressed mood may not evoke fear responsessthusde intended to minimise

harm. This state mapsteadlead to clinical depression type of behavioalthoughSullivan
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Pain Intensity

-28.3741

A 4

Anxiety Level

-11.2430
-12.6650

-5.5761 v
Guarding Emotional Distress

-30.9769

Self-Efficacy

Fig. 5.5. Bayesian network showing the independencies between guarding, pain intensity, anxiety level, en
distress, andedf-efficacy

suggests that affective states in the context of painawakebehaviours that would only be
found in this contextsuch as guardinghich is only foundto be a response tbareatin the

context of pair(Sullivan 2008)

Finally, the Bayesian model suggests that-e#itacy is also not directly related to pain
intensity but that the relationship is again mediated by anxiety level. The model additionally
supports the sekéfficacy theoryBandura 1977)n suggesting dependencgselfefficacy on

both anxiety level and guarding.

In the next section, the type of behaviour cues the physiotherapist raters rémpatrtady

usedto estimate this state are analysed. The findings are then distogster

5.4 Results: Physiotherapist-Reported Behaviour Cues of MRSE

The cues for estimating MRSE, reported in physiotherapists' own words, were extracted: there
were 88 in totalThe compete list of cues can be found in Appendib8ll Thematic analysis

was carried out on these cues following the guidelines provided by Braun and(2008en

order to identify patterns of cues used by physiotherapists in estimating MRSE. The steps taken
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in this analysisind the results fourate described in this section. Extracts from the rater reports

are presented in double quotation mark#ofved by the identification number used to
anonymise the rateros identity, written in t
30, in parenthesis.

5.4.1 Thematic Analysis Method
The thematic analysis consisted of three main steps described here:

5.4.1.1 Stepl - Removing Exact Duplicates
Most of the cues were reported as single wor

were reported multiple times with the exact same words across raters, duplicates were removed,
resulting in 56 cues. Some of the cuese reported using vague descriptions that were difficult

to interpret. For example, fistarto (R10), wt
or the subjectds behaviour at the outset of

of understanding MRSE cues.

5.4.1.2 Step 2 Finding Initial Themes in Initial Set of Codes
Each of the remaining 56 cues was coded with no imposed constraints. Five themes emerged

from this initial coding: i) the expression modality of the cue, ii) the charaatedisscribed
by the cue, iii) the part of the activity where the cue occurred, iv) whether the cue described
pacing/timing of phases of the activity, and v) whether the cue described ordering/sequencing

of movements in the activity.

5.4.1.3 Step 3 Removing Semén Duplicates and Reviewing the Themes
In order to validate the resulting coding such as done in Frith and Glg8®t) two other

coders (a researcher with expertise in affect detection from body movement and a clinical
psychologist and researcher with expertise in pain) additionally coded the cues independently;

in this coding iteration, coding was restrictedthe initial themes found. For each cue, only

codes agreed on by at least two of the three coders were then retained. After thisaaton
duplicates were removed: these were cues that had similar interpretations as another cue
although reported usindifferent wording. A cue was marked as a +sxact duplicate of

another if the two cues had the same semantic interpretation and had been labelled with the
same set of codes by the three coders. For
(R1I8 ws judged to be a duplicate of Ahesitati
duplicates resulted in 38 naluplicate cues. These are shown in Table 5.4. This final set of

cues and their codes were then reviewed for themes. Only two of the initial tteena@sed,;
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TABLE 5.4.A LISTOFMRSECUES REPORTED BY RAERS(BOTH LITERAL AND SEMANTIC DUPLICATES HAVE

BEEN REMOVED)

10

11

12

13

Cue Extracts Cue Extracts Cue Extracts
speed 14  willingness to move 27  interaction or not with researct
team
speed of starting 15 through sequencing 28  jerky
no hesitation 16 balance and alignment 29  compensatory movements
hesitation 17 quality of movement 30 facial expression
hesitation on initiating 18 (global efficiency 31  blink rate
smoothness of movement |19 symmetry 32  how present thelpoked whilst
doing it
general look of relaxation |20 unusual pattern 33 avertal gaze
weight transfer 21 unnatural poses 34  looking down at assesors,
equipment
ease in which they 22 finish position 35 looking down at themselves
performed task reassurance
amplitude of range of 23 final posture (if it looked |36 if they scanned environment
movement natural to the subject, i.e. around them
looking comfortable)
amount of movement from| 24  length of time pose held |37  start
trunk
guardedbehaviour 25 splinting behaviours 38  observing initiation of
movement
balance saving reactions |26 that they or several
participants repeated
movements

TABLE 5.5. THEMES FROM THEMRSE CUES REPORTED BY TH RATERS

Number of Non
Cue Themes Duplicate Cues| Cue Number in Tablg.4

Expression Modality of Cues
Body 28 1-21, 2329
Face 5 7,27, 3032
Head and/or eyes 5 27, 3336
Behaviour Elements of Cues
Movement behaviour

movement preparation 2 4-5

movement performance 20 1-3, 613, 1619, 2426, 2829

movement conclusion 2 22-23
Engagement behaviour 5 27,3336
Facial expressions 1 30
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one of the other initial themes became a subtheme while the other themes were not supported

by the codes that emerged in the second round of coding.

5.4.2 MRSE Cues Themes
Table 5.5 shows summary statistics of the two themes that emerged: the expression modalities

cues and elements of behaviour specified by the cues. The two themes are described below:

5.4.2.1 Expression Modalities dfhe Cues
This theme highlighted the fact that physiotherapists were using cues from different modalities

(body, face,heack y es) t o assess a ap eresw ncbuse SMRSE , g . a niid
could not be tiedio a specifianodality. Tables 5.4 and 5.5 shawe variety of cues used by

the physiotherapists. Bodily cues were the most frequently, udegteas only a fewf the
physiotherapist raters used facial cues and cues from a combination of the head and eyes. It
follows intuition that body is an important modality of MRSE. In addition, the value of bodily
expressions (in comparison to other modalities) in affect detection is well established in affect
studies (de Gelder 2009; Aviezer, Trope, and Todorov 2012). It igstodd that observers

tend to assess bodily expressions (more than facial expressions) when the actions (or the
readiness to respond to an affective experience), rather than just the mental state, of a subject
are to be judged (de Gelder 2009). Furthermsubjects are predisposed to bodily expressions
when theyconfrontfeared stimuli as they are motivated towards behaviour that avoids or
mitigates perceived harm as shown in Sullivan et al. (2006) where people with CP were found
to more likely express bdg pain behaviours when faced with challenging physical activity.

This was in contrast to facial and verbal expressions, which were more used to communicate

pain to & empatlic third party.

5.4.2.2 The Elerents of Behaviour Specified bkie Cues
Beyond the modaly that the cues referred to, patterns were also found to form according to

elements of the behaviour that the cues specified. Three main elements of behaviour were
described by the reported cues. The majority were movement behaviour cues as cambe seen i
Table 5.5. The movement behaviour cues extend through all the parts of the movement:
Opreparation for movement 06, 6during movVv e me
movement 0. However, mo st of the cues wused r
Another aspect of behaviour that emerged is the engagement behaviour of the subjects. The
physiotherapists noted whether the subject looked around the environment, at themselves, or
towards or away from the experimenter. The value of the movement and eegagem

behaviours as cues of MRSE corroborates the finding of Keogh, Griffin, and Spector (1981).
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Finally, facial expressions were also reported, although only one rater elaborated on the specific

facial expressios/heu sed: fAé grimaceo (R10).

5.5 Discussion

The aim of the investigations reported in this chapter was a first step in bridging the gap
between two bodies of work in pain literature (pain theories and pain behaviour studies) to
understand the relationships betwegmardingbehaviour and pain and reldteognitive and
affective statesThis was importangroundvork for understandinpow relevantcognitive and
affectivestates can bautomatically trackd based on movement behaviour as it addresses the
formerly open question of whether these states can be operationalised in tguasdaig

behaviour.

To address this problem, the EmoPain dataset was extended with anndigtiBas
physiotherapistdor guading behaviour (present versus absent) and MRSE levels (low,
medium, or high)n instances of full trunk flexion, forward trunk flexion, and-tsistand
movements in people with CBood to excellent levels of agreement were found betteen
raters(average of 0.67 an@.77for guarding and MRSE respectivglpandtheywere found to
report a good level of confidence in thability to estimate these variablgaedian of 4 on an
increasing scale of 0 to ,6hoth before and after the annotation, suppgrthre use of the
provided labels as ground truthhe provided labels were then analysed with existing self
reports of anxiety, pain, and emotional distrgesn the EmoPain datasetsing correlation
tests and Bayesian modellirep ago understand thelationships between guarding behaviour
and pain and related cognitive (MRSE) and affective states (anxiety and emotional distress).
As expected based on the literature review discussed in Sectioni@i#jcant correlation
was foundbetweeneach pair ofvariables. However,it was shown that people may exhibit
guarding behavioudespite low levels of pain or anxiety, no emotional distress, and medium
MRSE, suggesting a complex relationship between guarding and these statpsylaapisthe
needfor behaviour measures of a lower level of granulaétynajor finding of the analyses is
anovel modelFigure 5.5)f the conditional independence betweenvilméables This model
and its contribution to the understanding of the relationships batgearding and pain and
related statearefurtherdiscussed belowr( Section 5.5.1)

As part ofthe annotation study, the physiotherapists also reptreecues that they used
in judging guarding and MRSHhese cues were analysed using thematic asabysd it was

found that the cues were expressions through the body, face, head and eyes, and some could
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not be describedith respect tany specific modality. The body was shown to be the main
expression modality used by the raters. It was further fthatdeach cue described movement
behaviour, facial expression, or engagement behaviounajority of the cues described
movement behaviour in terms of preparation, execution, and conclusion of movéhesd.

cues are further discussed below (in Sechidn?2).

Importantly, these findingsuggest thamovementbehaviour may be a medium for
understandingpain, anxiety, emotional distress, and MR8Ethe context of CPThe
implication of the findings fothe main problem of this thesis, itee automatic assessment of
pain and related states from body movemisrdiscussedn Section 5.5.3

5.5.1 Contribution 1: Updating Pain Theories
A major result of the investigations reported in this chapter is the Bayesian model (of pain and

related cognitie and affective states and behaviour) which is a significant contribution to pain
research. First, the model provides daaaed support to the theqlaeyen and Linton 2000)

that fear/anxiety about painay be a more direct inducement for guarding behaviour than pain
itself. This finding is similar to that of Crombez et @999)for amount of movement and of
Denison, Asenlof, and Lindbefg004)for disability.

Secondly, the model provides evidence that suggestslito the feamavoidance theory
(Vlaeyen and Linton 2000particularly in the cognitive mediation between pain and
fear/anxiety proposed in the theory. This hypothesis of Vlaeyen and (RQ060 does not fit
evolutionary models of paifear responsefWilliams 2016)and the datdased Bayesian
model does indeed suggest that such mediation is not necessary aneréhasta more direct
relation between pain and fear/anxiety. A possible explanation for the prevailing notion of
cognitive factors mediating between pain and anxiety in pain theories is that these theories have
been drawn from findings in studies based dmoad self-report measures over usual
experiences rather than measures for specific events. Thargdinding in the Bayesian
model is similar to findings in imaging studi@@hman 2005jor similar types of threat3his
alternative hypothesiwasproposed by Pincus et #2010)for the context of pain: Pincus et
al. postulated that cogive states (such as catastropigg may instead modulate pain intensity

or fear/anxiety levels themselves

Finally, the third contribution of the model is that it integrates two theories that have been
influential in understanding pain outcomes. The first is the alrdestyissed feaavoidance
theory (Vlaeyen and Lmton 2000) The second is the sadfficacy theory(Bandura 1977)
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which specifies that seéfficacy influences movement engagement behaviour and that
affective responses (such as anxiety) to threat influenceapplaisals of capabilities. Even,
though previous studigg&\sghari and Nicholas 2001; Denison, Asenlof, and Lingl€04)

have highlighted the relevance of this cognitive construct in the context of pain, the constructed
theories of pain have usually overlooked it. While the relation between guarding and self
efficacy may exist partly because they were both judiyettie same observers, the direct link

between anxiety and sedfficacy suggests that model indeed follows the sii€acy theory.

5.5.2 Contribution 2: Providing Understanding on MRSE Assessment
The literature review reported in Chapter 3 has shown thatjteddbe importance of self

efficacy in physical functioning in CPAsghari and Nicholas 2001; Denison, Asenlof, and
Lindberg 2004, little attention(Keogh, Griffin, and Spector 198hjas been given to the

analysis of bodily behaour in response to se#ffficacy. An important outcome of the analysis

of the visual cues of MRSE reported in this chapter is deeper insight into bodily expressions of

this state as used by physiotherapists to estimate levels of the states. One girtfiedimays

was that although physiotherapists seem to use cues from a combination of visual modalities

to estimate MRSE while observing subjects during physical activity, they rely more on body
cues. This is not surprising given the discussion in Ch2ppéstudiegAsghari and Nicholas

2001; Bandura 1977jhich indicate influence of MRSE on physical functioning. As
mentioned previously, the significance of bodily cues may result fromplaee as part of
adaptive actions (such as in fAsplinting beha
intended to protect from pa{de Gelder 2009; Aviezer, Trope, and Todorov 2012; Sullivan et

al. 2006) This finding emphasizes the importance of body movement as a modality for
automatic affect detection despite the low level of adoption of the modality in the field of
affective computingdKleinsmith and BianchBerthouze 2013)The bodily cues used by the
physiotherapists were either a modulatafnrmovement, such as speed and smoothness, or
auxiliary to movement, e. g. Afgener al |l ook o
research teamo (R25), s i mi |(2009) aboat bddily €uess u g g e s
informative for affect detection. Howevethe majority of the cues were found to be
modulations of movement. This is in line with the safffcacy theory of Bandur@l977), but

more importantly, it further suggests that the influence ofefétfacy on performance may go
beyondrelatedgrossvariables such asffort and persistenc@andura 1977and may affect

lower level elements of performance (such as kinematics, in the case of movement).
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Despite body movement cues appearing to b
evaluations, the results show that facial expogssivere also found informative in assessing
MRSE. While facial expressions are outside of the scope of this thesis for the reasons discussed
in Chapter 3, the results suggest the use of multiple modalities could lead to a better assessment
of the state ofhe person. This points to value irdepth investigation of facial expressions
that may be related to MRSE. Although the work on facial expressions of pain such as in the
work of Lucey et al(2011)(and the studies based on the painful fd@msetmade available
through that work) could be relevant, a more extensive analysis of MR$&drelgpressions
may identify a wider facial expression language. It should however be noted that the literature
on pain indicates that facial expression in this context is more common in the presence of others
(Sullivan et al. 2006)Indeed, Aung et a(2016)showed that in the collection of the EmoPain
datasetvhere there was a person (the researcher instructing the participants) present with each
participant durindnis/her exercise performances, facial expressions tended to occur at the end
of an exercise instance whereas guarding behaviour tended to occur during the exercise. The
authors also showed that facial expressions were minimal idatiaset Facial expregsns
may become more relevaas avatars and robo{®oggi et al. 2005; Wade, Parnandi, and
Mat ar i becdnéircréasinglyadoptedas companion or coach is reminiscent of the
reminder that any assessment, clinical or experimaatalso a social interactig8chiavenato
and Craig 2010and that some behaviour is cued by the presence of experimenters or clinicians
and by their behaviour

Finally, another category of cues of MRSE found in the study is engagement behaviour.
Engagement behaviour was seen as engagement with people present during the exercise
sessions and also engagement with the aspects of the surroundimggytiadfect the exercise
(e.g. movement aids such as the chair). Different from the literature aigaxag where
motivational engagement (i.e. fun and interest) is investig&erke, McNeill, et al. 2009)
here, engagement is used to connote attention to environment (people or objects) perhaps as
possible sources of support in overcoming (or avgidihe perceived difficulty of the activity
to be performed. Such behaviour was characterised by both head pose and eye gaze.
Technol ogy that can detect these modalities
concerns. In addition, as with facial exggm®ns, in the context of technology based
intervention, engagement behaviour could become particularly interesting when an avatar or a
robot is used as a coach or companion in physical rehabilitation (e.g. in Wade, Parnandi,
Matari (2011) Poggi et al(2005).
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5.5.3 Implication for BehaviouBased Modelling of Pain and Related States
The finding that pim, emotional distress, and selfficacy cannot be simply defined in terms

of guarding behaviour (which may be the most prevalent of the overt pain behaviours specified
in thepain literaturg Keefe and Block 1982; Aung et al. 2018uggests that @argel) set of

lower levelmovementehaviourdescriptiors is required to assess these states. As discussed
in Chapter 2, pain, anxiety, emotional distress, anee$gtiacy are important states to consider

in tailoring intervention for CP physical rehabilitati@lugbadeet al.,in review, Singh et al.

2014; Vlaeyen, Morley, and Crombez 2016; Asghari and Nicholas 20041k, a relevant
problem is the need to build a repertoire nmbvementbehaviours that contribute to the
automatic estimations of these statasyondthe inadequate taxonomy providedtie pain
literature. There has been limited investigation of such collection of pain behaviours. Cook et
al. (2013) for example, developed a scale for gelforting pain behaviours; however, they
focused on macro level behaviour (i.e. report of the summary of pain behaviours over a period,
eg. a week) rather than with respect to specific instances of movement (micro Byvel).
contrast Walsh, Eccleston, and Keo{014)investigated the specification of micro level pain
expressions based on observer annotations; however, their work is limited to (bodily)
expressions of acted pain. The neethainsto build a similar collection of movement
behaviours for real pain and reldteognitive and affective states. The Bayesian model that
resulted from th investigation in this chaptsuggests the need, in the case of depressed mood,
to go beyond protective behaviour (i.e. behaviours intended to minimise harm) which have
typically been associated with pain or fear. Affective computing literature alreadysshew
possibility of automatically detecting this state from visual caed behavioural studies such

as Scherer et al(2013) Waxer (1974) Lemke (2000) Michalak (2009) provide deep
understanding of the behavioural cues that enable this. However, as S@008)suggests,

the behavioural manifestations tlwaicur in the context of pamay be different

The aim of the investigation reported in the next chapter was to address this need for an
investgation of the movement behaviour cues of these states in the context of pain. In the
chapter, an extended analysipain, MRSE, and emotional distress behavioursgstbgether
knowledge from pain literature and behaviour studies, the results from analysis of MRSE cues,
and further analyses of the EmoPain body movement and muscle activity data. The sensor
based analysis approach is supported by affective computingsthdt have shovthatbody
movemensensing technology can provide understanding of fine motor behaviour related to a

variety of emotional expressions (for a review @deinsmith and BianchBerthouze 2013)
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For example, Fourati and Pelachg@@15)used body movement sensor data to provide an
understanding of how emotions (anxiety, pride, joy, sadness, panic fear, shame, and anger) are
expressed through bodyovementin (a large set of acted body expressions representing
emotionally coloured) everyday activities. Earlier work by Kleinsmith et al. (2011) and Savva

et al. (2013) similarly investigated body behaviour cues related to a variety ofrgktesl

emotions in physical activity.

5.5.4 Limitation
A limitation of the investigation fothe relationships between guarding and pain and related

cognitive and affective states is the use of structure learning algorithms to learn the resulting
Bayesian model. Amentionedearlier, scorédased algorithms like the one used rely on the
assumptia of compositional property of the variables and may select an incorrect model if the
assumption does not hdldoski and Noble 2012)t has also been widely argued that structure
learning algorithms in general cannot be relied on to discover causal r{toogks and Noble

2012) The dilemma for scorbased algorithms is that no test of significance of the chosen
structure is donéoski and Noble 2012)n the case of constraibased algorithms, assuming
independence of variables, the probles that multiple tests of significance are done causing
significance level to accumulate tqKoski and Noble 2012)n the analysis of the Bayesian
network developed in this thesis, care was taken to address the shortcomings of the structure
learning algorithms. First, correlational conclusions made from the model were verifilest aga
statistically significant findings of the traditional correlational analysis carried out. In addition,
further inferences were grounded in existing theories particularly th@veatance and self
efficacy theories. The resulting model is a starpogt for the integration of these variables

in a single model and can be further tested using methods that allow model validation. Further
work can also build on the model by adding more \defined behaviours that are used in

clinical assessment.

5.6 Conclusion

Despite the understandingpain researcbf the influence oself-efficacy and fear/anxiety on
broadphysical functioning outcomes independently of patensity investigations of pain
experience on fingrainedmovemenbehaviourshasbeenfocused orpain intensity alone to
the exclusion of the stateShe investigation reported in this chapter bridges this gap by
providing empirical understanding of the relationship between -fineined movement
behaviourg(guarding behaviour in particulaand pain intensity, setefficacy, anxiety, and

emotional distress (fear/anxiety and depressed méaagjor outcome of the investigation is
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a modelthat provokes new discussion in pain researchthwndevelopment of pain related
fear/anxiety from thexgerience of painThe findings of the ingstigation particularly suggest
that multiple pathways may exist between pain and fear/ansiegffoundwithin this thesis)

is anautmomicfear respons® the experience of pain arlde second (proposed in tfear
avoidance theory) ihelearntfearresponse based on negative appraisai@fement and pain
such as in catastrophisirginally, the modelinforms automatic detectiosuggeshg the need

to considereven lower level measures of movement behayian guarding behavioy@nd
beyondguarding to discriminate between expressions of pain, fear/anxiety, and low self
efficacy.

A secondary outcome of the investigation is the extension of thaP&m dataset with
labels of MRSE and new labels of guaglwith higher level of agreement between the raters.
Further, an understanding of cues used by physiotherapists in assessing MRSE was also
provided, particularly showing that movement behaviour during the performance of

movements are favoured.
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6 AUTOMATIC DETECTION OFLEVELS OFPAIN,
SELF-EFFICACY, AND EMOTIONAL DISTRESS
BASED ONMOVEMENT BEHAVIOUR CUES

HE second research question of this thesis is the questibowofevels of pain and
Trelated seHefficacy and emotional distress can be automaticatgced through body

movement and muscle activity during physical activitys important to address this
problem because, as discussed in Chagtand 3 this functionality will enable technology to
provide intervention tailored to these states whioderlie reduced engagement in physical
activities in people with CRVIaeyen, Morley, and Crombez 2016; Asghari and Nicholas
2001) Findings of the investigation reported in Chapter 5 showed that this problem cannot be
solved by simply monitoring guarding behavidqieefe and Block 1982which is a major
protective behaviour widely considered in pain studies. These findings point to the need to
build a collectionof finer-grained observable &haviours lfeyond behaviosgrconsidered
Oprotectived) t hat contribute to differentd.i

feasibility of automatic detection of the states based on such behaviours.

To address the research questiondaepth invetigations of body movement cues that
enable discrimination between levels of pain and relateeeffatcy and emotional distress
were carried out. The review of affective computing literature in Chapter 3 showed that a gap
still exists in this area abe studies done to investigate automatic detection of these states from
body movement during physical activity have been limited and do not address the requirement
for tailored technological intervention for CP physical rehabilitatmotional distress was
investigated as a single factor rather than as fear/anxiety and depressed mood separately
because of the unavailability of ground truth fbesecomponerg. Although anxiety self
reports were included in the EmoPain datésenhg et al. 2016)thee wasunderrepresentation
of higher level anxiety (anxiety level >:5nhean anxiety level was 1 astindard deviation
was 3based on a-b-10 scaleThe other relevant ground truth assessment available in the
EmoPain datas€¢fAung et al. 2016theHADS, has been shown to inappropriéde measuring
anxiety and depressed mood separatethie context of paifCosco et al. 201Zven though

it was originally designetbr thisin nonpsychiatric poplations(Zigmond and Snaith 1983)

The focus of the investigations carried out in this thesis were directed on movement

behaviour first, because of the pertinence of movement behaviour to the corit@eiro
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(Sullivan 2008)as discussed in Chapterl8 this context, beyond insight into tpain related
experiences of people with CP, movement behaviour alsosthewoping strategies they use

to deal with these experiencés such, its monitoring camrther enrich intervention tailoring

by directly indicatingoehaviours that may need to be disrupted, where relevaatidogssing

the underlying pain relatembgnitive/affectivefactor. In addition, discussion in the chapter also
highlights that body movement (captured using wearable sensors such as IMU and sEMG
sensors) is a more practical modality than facial expressions and physiological signals for
automatic @étection in everyday physical activity settings. Given the complementariness of
information from IMU and sEMG sensors, body movement features based on both types of
sensors were considered in the investigations carried out. The body movement features
invedigated are based on pain literature, previous affect studies, discussion with a
physiotherapist, the analysis of cues reported in Chapter 5, and visual inspection of movement
profiles. These features were analysed using supervised machine learningrakyosihich

allow complex combinations of features, in order to understand their contribution to
differentiation of levels of pain and related sefficacy and emotional distress and the
feasibility of automatic detection based on them. Traditional statishethods were also used

to understand the individual relevance of the features.

The investigations carried out are reported in this chapter. Section 6.1 provides the notations
used in this chapter to describe the body movement data and the feataete@ftom them.
Sections 6.2, 6,2nd 6.4 report the investigations for pain,sdficacy, and emotional distress
respectively. Each of these deos is organised as follows:)(#lescription of the subset of
EmoPain dataset used; (2) discussion efgloposed features and the formylagposedor
computing them from IMU and sEMG data; (3) description of the methods used for features
analysis and optimisation; arfihally, (4) presentatiorand discussiorof the results of
automatic detection, featuset optimisation, and feature relevance. The findings from the three
sections are altogetheliscussedn Section 6.5at a higher levelThe conclusion of these

findings is reported in Section 6.6.

6.1 Body Movement Data and Notations
The investigationsarried out are based on the extended EmoPain dataset described in Chapters
4 (the EmoPain dataset) and 5 (the extension of the datBseh instance in the dataset

comprisesl) a setB of 26tuples (describingMU -based anatomical joint movement predjl

by :{Q&’ "t t i,2,...,T} ,wherek=" 1, 2 correspondiBgsto the labels in Fig. b4 is
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a threedimensional vectort[:, qz qz] which describes the position of joikfor that instance

in the anterioiposterior, lateral, and vertical axes respectively at tirm@dT is the duration

of the instance in framesand 2) a setM of 4 sEMGbased muscle activity profiles

my ={ m, “tt :,2,...,1} , Whereq =1, 2, 3, 4corresponding to the labels in Fig. 6.2

These notations are used throughout this chapter to describe the extraction of the body
movement features analysed with respect to each of the states. A summary of all the features
discussed in the following seatis (and their computational formulae) is provided in Appendix
lll. The size of data instances of the EmoPain dataset used will be described in the respective
sections for pain, MRSE, and emotional distressiasing labels (wbse instancelad to be

remo\ed) led to different data sizes for the different states.

Fig. 6.1 The 26 anatomical joints tracked in the EmoPa Fig.6.2 The 4 muscle activity locations tracked
dataset( Aung e tlaballéd.fron210td26 ) the EmoPain datasét Aung et al
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6.2 Pain Level Detection from Body Movement Behaviour
In this section, the investigation of body movement features that contribute to the

differentiation between levels of pain is reported.

6.2.1 Data
The part of the EmoPantataseused for the detection of pain levels consisted of 18, 49, and

104 instances of Full Trunk Flexion, Forward Trunk Flexion, anddS8tand respectively.
66.7%, 61.2%, and 62.5% of these were instances of people with @etresy for the three

movement types. The others were instances of healthy people.

The pain levelground truth was based on the pain-sefforts in the EmoPain dataset
corresponding to these instances. Due to the limited size of the dataset, allslaflthepain
scale used for seteport of pain intensity could not be considered. Instead, two levels of pain
were derived from this scale: instances where participants with CP reported pain intensity of 5
or more were classed as higher level pain imsta whereas those where pain intensity of less
than 5 was reported were classed as instances with lower level pain. Instances for participants
without CP were allocated to a third class as these participants are different from people with

CP (even those o report zero pain intensity) in terms of pain experience.

6.2.2 Features Investigation and Extraction
The body movement features investigated were based on pain literature, visual inspection of

plots of movement profiles in the dataset used, and video baaggiarof the movement
behaviours of people with CP by an experienced physiotherapist. 13 features were proposed
for Full and Forward Trunk Flexion which are simitanvement typeand 17 features were
proposed for Sito-Stand. A list of these featuresgaren in Table 6.1. The features and the

methods used to extract them from IMU and sEMG data are discussed in this subsection.
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TABLE 6.1 FEATURES FOR PAIN LE\EL CLASSIFICATION

Full and Forward Trunk Flexion

ID Feature ID Feature
. . . muscle activity change point amplitudeght
1 |number of peaks in vertical arm displacement pr¢ 7 lumbar paraspinal
2 time range of peaks in vertical arm displacement 8 muscle activity change point timdeft lumbar
profile paraspinal
3 meanamplitude of peaks in vertical arm 9 muscle activity change point amplitudeeft
displacement profile lumbar paraspinal
4 |range of trunk flexion 10 musclg activity change point timeight
trapezius
5 |vertical displacement of the head 11 muscI(_a activity change point amplitueeght
trapezius
muscle activity change point timeight lumbar - o .
6 paraspinal 12 |muscle activity change point timdeft trapezius
13 muscle activity change point amplitue&eft
trapezius
Sit-to-Stand
ID Feature ID Feature
. muscle activity change point timeight lumbar
1 |duration 10 paraspinal
2 [lift speed 11 muscle. activity change point timdeft lumbar
paraspinal
3 |vertical displacement of the head 12 musclg activity change point timeight
trapezius
4 |range of trunk flexion 13 |muscle activity change point timdeft trapezius
5 |range of trunk flexion before lift 14 |muscle activity rangeright lumbar paraspinal
6 |left pelvic angle at lift 15 |muscle activity rangeleft lumbarparaspinal
7 |right pelvic angle at lift 16 |muscle activity rangeright trapezius
8 |left knee angle at lift 17 |muscle activity rangeleft trapezius
9 |right knee angle at lift

107



o]
o

mmm Non-CP instances
= CP instances

o

trunk angle (degrees)
A R
o o

>
o

500 1000 1500
time (frames)

o

Fig. 6.3. Smoothed trunk angle profiles in the higher leslgllenge Forward Trunk Flexion, normalised to start at 0
Negative angles indicate anterior trunk movement

6.2.2.1 Range of Trunk Flexion
Pain studiegAhern et al. 1988; Watson et al. 1997; Shum, Crosbie, and Lee 2005; Gioftsos

and Grieve 1996point to submaximal flexion of the trunk during Forward and Full Trunk
Flexion and Sio-Stand as one of the gressions of low back pain. In Watson et(2897)

this was found in significantly lower EMG recorded at the L4/5 lumbar paraspinal muscle
group in people with low back CP compared with healthy controlagltorward trunk flexion
movement. In Shum, Crosbie, and L@&05) it was found in significantly er range of
motion in people with low back pain than in healthy controls while performirAg-siand.
Gioftsos and Griev€l996)used this feature withtobtforces during sio-stand for automatic
differentiation of three groups: people with low back CP and healthy controls groups with and
without history of back pain. They were able to achieve 0.86racguSimilarly, Ahern et al.
(1988)used range of motion, mean of EMG recorded at L3/4 and L4/5 lumbar paraspinal, and
a measure of muscle relaxation during forward and full trunk flexion to automatically
discriminate peple with low back CP from healthy control participants. They also achieved

0.86 accuracy although this performance was based on a single fold of validation.

In line with these findings, visual inspection of plots of the angular displacement of the
trunk during Forward Trunk Flexion (shown in Fig. 6.3) shows lower range of trunk flexion in
people with CP compared with the healthy controls. Thus, for each of the three movement
types, the range of trunk flexion was extracted as a feature. This was basedamnpltation
of trunk flexion angle as the acuagleat the pelvic joint with respect to the thoracic spinal

joint and the knee. Analysis of video data from the dataset by a physiotherapist (different from
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the annotation study reported in Chapter Spaded that people with CP may bend the knees
instead of flexing the trunkio execute trunk flexion. As the range of trunk flexion was
computed with respect to the knee joints (and a thoracic spinal joint), it was necessary to correct
for the use of thisteategy.Thus, for Full and Forward Trunk Flexidioy each timé, corrective

termsc/ (for the left sidd of the body) and:] (for the right side of the body) were added to

this computation, i.e.
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is b transformed such that the pelvic joint (b€) becomes its reference point.

For Sitto-Stand, range of trunk flexion was computed with respect to the ground rather
than the knee because of the ladggplacementf the knees expected in this movement type
(compared with the full or forward trunk flexion), i.e.
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with ntfr = normal vector of the frontal plane (i.e. basedbgn b, , and by ) and n? =

normal vector of the traverse plane. The video analysis with the physiotherapist suggested that
the range of trunk flexion at the point of buttocks lift could also be informative for
discrimination between pain levels. Thus, the range of trunk flexiaiti the start of ascension

was additionally extracted. This was computed similar to range of trunk flexion computation
for Full and Forward Trunk Flexion; however, in this case, the corrective terms were not
necessary here since the person remainscsdatang this period and so the knee bend strategy

was not expected to be used. Here, the range of trunk flexion was computed as:
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wheret'™ is the time tle pelvic joint begins ascension

6.2.2.2 Knee and Pelvic Angles @he Point of Lift in Sito-Stand
For Sitto-Stand, the knee and pelvic angles at the point of lift were additionally extracted to

characterise the relation between the height of the subject and the height of the seat as this

relaion can influence the range of trunk flexigdanssen, Bussmaand Stam 2002)in
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previous studies on the analysis ofteistand, the influence of the relation between the heights

of the subject and the seat on the execution of the movement has usually been addressed by
adjusting the seat height to the heighthe subject{Jacobs et al. 2011; Shum, Crosbie, and

Lee 2009; Christe et al. 2016; Shafizadeh 2016; Tajali et al, ZD48ys et al. 2012; Collado

Mateo et al. 2016 However, this was not done in the EmoR&taseaind this is representative

of everyday settings where a person will typically sit on seats of a variety of heights (in the

bus, at work, at home, on thed, etc.) as they go about their daily routine.

To account for the relation between the subject and seat heights in the investigation in this
thesis, the knee and pelvic angles at the point of buttocks lift were extracted to characterise this
relation as these angles provide information about the posibfthe foot, which are at that
point affected by this relatio@danssen, Bussman, and Stam 20B@wever, the positioning
of the oot in preparation for ascension may also be influenced by cognitive or affective
experiences as was found on further analysis (see Section 6.3). Knee angles at the point of lift

.. . lift . lift
were computed similar to trunk flexion angles gs. (for the left side of the body) angj, ..

(for the right side):
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Similarly, the pelvic angles were computedcﬁignk(for the left side) analyrtlift (for the right

trunk
side):
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6.2.2.3 Range of Neck Flexion
Visual inspection of plots of vertical displacement of the neck during Forward Trunk Flexion
(shown in Fig. 6.4) suggested that there may be less flexion of the head with respect to the
trunk in participants with CP compared with healthy participants.Basehe findings, the

amount of neck flexiort was also extracted for the three movement types:
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Fig. 6.4. Smoothed vertical neck displacement profiles with respect to theitruh& higher level challenge Forward Tri
Flexion normalised to individual neck lengths aisb normalised to start at 0°. Negative values indicate flexion of the
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6.2.2.4 Arm Unsteadiness in Full and Forward Trunk Flexion
Further visual inspection alsuggested that people with CP with higher level pain may have

less arm unsteadiness than those with lower level pain. These findings with the evidence of
reduced trunk and neck flexion in people with low back\WRtson et al. 199point to overall

stiffness in body movement in this coh(ifeefe and Block 1982)
Thus, for Forwarénd Full Trunk Flexion, which involve arm movements, unsteadiness in
arm movements was characterised, as the numpgetime range of occurrencﬁ, and mean

amplitude f of peaks in the smoothed profil{ebié -B, "tit=122 ,T} of the vertical

displacement of the upper arm. Smoothening was done to remove peaks due to noise. This was
done using the Savitzk@olay filter (Savitky and Golay 1964)which is a standard filter
technique. The parameters of the filter (span = 50 frames and order = 1) were decided based
on experimentation. The smoothed profile was normalised to different arm lengths by dividing

by the distance betwea the elbow and shoulder joints (i.e. the length of the upper arm).

e T
n, = |
P at:l gt 21/ 13 \15
.
22 17
I /N
23 7 5 18
where ’ ‘
8 3
]
u— 1 P~
g =iél ((f > ft-.1)AND(ft 2 fra))OR((f; 2 fr.q) AND(f; > ft+1))’ “tit=122 T
i0 otherwise
é IZ 'Z 0
S pni-p b
=] 28 28 vti=122,1)
Hbre., - s, ;

F—p was normalised to the duration of the movement while &)tand E were normalised to

the range of the upper arm displacement.
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6.2.2.5 Speed of Sito-Stand
Slower movement is another body movement feature that has been found to be indicative of

pain: Shum Crosbie, and Le€005)found that people with low back pain were significantly
slower than healthycontrols in performing the stb-stand. This finding motivated the
extraction of the speed of lift and duration as features fetoS8tand in this study. Duration

Ot was computed as:

Dt=T"-t,

t,is the frame in which either of the shoulders starts motion in the anterior direction (i.e. when
the stand movement is initiated) andis the frame in which the pelvic joint reaches maximum
vertical displacement (i.e. extension hasrbeempleted). Speed of lif was computed as:

where

=fpZ-pz , "t:t=232 ,TY
s ?b]{ ) V
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Fig. 6.5.Left - Minimal activity in the right lumbar paraspinal muscle of EmoPain CP participant P24 during For
Trunk Flexion concomitant with submaximal flexion compared with the healthy pattern during the same physical
(for EmoPairhealthyparticipart PO3). Reconstructed skeletons at the top right show the amount of trunk flexion ¢

(left) and P03 (right) at maximal flexion. RighMuscle tension in the right lumbar paraspinal muscle of EmoPain
participant P11 after completing-extension irForward Trunk Flexion compared with healthy muscle relaxation in

same phase of the movement (for EmoPaialthy participant P0O3)
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6.2.2.6 Muscle Tension
Findings from pain studig®Vatson, Booker, and Main 1997; Ahern et al. 1988her suggest

that people with low back CP may have higher lumbar paraspinal muscle activity than healthy
participants wherfully flexed (typically between 40° and 70° of trunk flexion). During this
period, the healthy pattern is muscle relaxation in the lumbar paraspinal as the rest of the flexion
is achieved by the pelvic muscl@&/atson, Booker, and Main 1997; Ahern et #)88) To
guantify (the absence of) relaxation during flexion, Ahern €888)computed the range of
lumbar paraspinal muscle activity at maximal flexion. Watson €1@@.7)similarly quantified

flexion relaxation as the ratio of the root mean square of the maximal lumbar paraspinal muscle

activity during flexion to the root mean square of muscle activity at maximal flexion. Visual
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inspection of plots of musckctivity during Forward Trunk IExion indicates that there may
alsobe absence (or rather, delay) ofegtension relaxation in thegeoplewith CP whoflex
their trunk(see Fig. 6.5ight). However, neither Ahern et #1988 nor Watson et al1997)

studied delay in rextension relaxation.

In the investigation in this thesis, both flexion andexéension relaxation were
characterised by modelling muscle activity changetpae. the point where higher muscle
activity changes to lower activity, based on the method of Mdadplwat and Gilbey1992)

The MarpleHorvatGilbey (MHG) algorithm uses the difference in mean amplitude within
two sliding windows (of spaw) to locate a change point. Based on experimentation, the MHG
algorithm had to be slightly modified by including add gapd between the two windows to
effectively locate the change point in the dataset udad.adapted versiomasnamedVHG-

v2. Fig. 6.6 shows the computed location of the change point for the three muscle activity
patterns (of three different participants) of Fig. 6.5 which were found to be representative of
the EmoPain Forward Trunk Flexion data. For Forward anddTFuhk Flexion, two features

of the change point were extracted: the time when it odgyreormalised to the duration of

the signal) and the amount of change in muscle activity that oé&@nermalised to the
anplitude range of the signal). For the-8itStand, the time feature of the change point was

also extracted with the range of muscle activity.
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forg=1, 2, 3, and 4 for the right and left lumbar parasm@ndltrapezius muscles respectively.

6.2.3 Features Analysis Methods
The SVM and RF (described in Chapter 4) were used to investigate the efficacy of the features

described in the previous section for automatic detection of the three levels of pain. As the
SVM is binary classification algorithm, in using it for thhelass detection, a twievel
hierarchical architecture was used. In this architecture, an SVM (SVM1) was used at the
primary level to discriminate between instances of participants with or withauA G&cond

SVM, SVM2, was used to further differentiate instances of participants with CP as either of
lower level or higher level pain. The hyperparameter settings for both SVMs and the RF were
based on grid search. For Full Trunk Flexion, SVM1 and SVMZ2ewinear SVMs with
regularisation paramet&= 10 andC = 0.01 respectively. For Forward Trunk Flexion, SVM1

had a quadratic kernel while SVM2 had a hyperbtaimgent kernel with coefficients 1 and

-1; C =1 for both SVMs. For Sito-Stand, SVM1 wvas a linear SVM witlC = 1; SVM2 had a
Gaussian kernel of width 3.01 af@d= 10. For the RF: 500 trees and 1 feature to split each
node were used for Full Trunk Flexion; for Forward Trunk Flexion, there were 50 trees and the
square root of the size of tifieature set were used to split each node; fotoS8tand, there

were 1000 trees and all the features were used to split each node.

Wrapperbased feature set optimisation was further done using the Branch and Bound
method (Narendra and Fukunaga 197(@lso described in Chapter 4) to understand the
contribution of the features to the discrimination between tieldeof pain. Feature set

optimisation was also used to improve classification performance.

In addition, statistical analysis of the features was done to understand the individual
relevance of each of the features to differentiation of the pain levedpeandent of a learning
algorithm. Linear mixed model approach was used as it is the standard method for testing fixed
effects in datasets that do not satisfy independence of observations. The analysis was done in
IBM SPSS 22. As the dataset also did naisbathe other general linear model assumptions
of normal distribution and heteroscedasticity of variance, as suggested by(Zo&l)
bootstrapping of the dataset was done in théyaisawith the number of samples set to 1000.

A limitation of the bootstrapped linear model analysis in IBM SPSS, however, is that only
significance of effect is provided without details of a test statistic and so the test statistic could

not be reported.
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6.2.4 Results
In this section, the performances of automatic classification, results of analysis of the features

using feature set optimisation, and results of the statistical analysis of relevance of the features

are presented.

6.2.4.1 Classification Performance
Table 6.2 shows the performance of automatic detection of the three levels of pain using the

SVM and RF. Performance was better than chance level classification (0.33 accuracy) for the
three movement types with both the SVM and RF. Performances for bnk Ftexion were
average F1 score of 0.71 and 0.89 respectively for the SVM and RF. These performances were
higher than for the other movement types. Full Trunk Flexion requires more trunk flexion than
the other two types and the higher level of challaghgethis presents may be the reason why

it was easier to discriminate between levels of pain in this movement type. However, another
plausible reason is that there is lower irdebject variation due to the relatively small size of

the set of Full Trunklexion instances. Further tests on a larger dataset will be needed to make
any conclusions. Unlike for Full Trunk Flexion, the SVM and RF performed similarly overall

for each of Forward Trunk Flexion (average F1 score of 0.53 and 0.52 respectively}-and Si

to-Stand (average F1 score of 0.63 and 0.62 respectively).

TABLE 6.2PAIN LEVEL CLASSIFICATION PERFORMANCEWITHOUT FEATURE SET OPTIMITION
(average Fbased on feature set optimisation in bracket to aid comparison)

FULL TRUNK FLEXION FORWARD TRUNK FLEXION SIT-TO-STAND

SVM RF SVM RF SVM RF
F1 no CP 0.77 0.83 0.70 0.73 0.79 0.66
F1 lower level pain | 0.60 0.92 0. 48 0.41 0. 44 0.52
F1 higher level pain| 0.77 0.91 0.41 0. 43 0.67 0.70
average F1 0.71(1.0) 0.89(1.0) |0.H60B.8 0. 52 0.68.¢0.62 (
accuracy 0.72 0.89 0.55 0.55 0.65 0.63
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Fig 6.7 shows performance after feature set optimisation. For the three movement types,
classification performance improved with both the SVM and the RF. For Full Trunk Flexion,
optimisation le to perfect classification (accuracy = 1.0) with both algorithms. For the other
two movement types, the SVM outperformed the RF with average F1 scores of 0.85 and 0.64
respectively for Forward Trunk Flexion and average F1 scores of 0.84 and 0.68 refpectiv
for Sit-to-Stand. In Forward Trunk Flexion, both the SVM and RF detected the instances of
participants without CP best and performed worst in detecting instances of higher level pain.
In Sit-to-Stand, on the other hand, the algorithms both performs&drbdetecting instances of
higher level pain and worst for instances of lower level pain. Table 6.3 shows the confusion
matrices for the three movement types using the SVM (which performed at least as good as the
RF).

EmFl1noCP F1 lower level pain M F1 higher level pain Baverage F1 M accuracy
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TABLE 6.3CONFUSIONMATRICESFOR PAIN LEVEL DETEQION WITH FEATURE SET OPTIMIRTION FORTHE BEST

FULL TRUNK FLEXION (SVM)

CLASSIFIER INFIG. 6.7 (1.E. THE SVM) FOREACH MOVEMENT TYPE

Automatic Detection
no CP lower level pain| higher level pain
s
> no CP 6 0 0
I—
e .
= lower level pain 0 7 0
o
o higher level pair 0 0 5
FORWARD TRUNK FLEXION (SVM)
Automatic Detection
no CP lower level pain| higher levelpain
5 no CP 17 (89.4%) 1 (5.3%) 1 (5.3%)
|_
g lower level pain 0 (0%) 13(86.7%) 2 (13.3%)
o
o higher level pair 0 (0%) 3 (20%) 12 (80%)
SIT-TO-STAND (SVM)
Automatic Detection
no CP lower level pain| higher level pain
e
E no CP 34 (87.2%) 3(7.7%) 2 (5.1%)
|_
2 |lower level pain 6 (20%) 22 (73.3%) 2 (6.7%)
o
o higher level pail 1 (2.9%) 2 (5.7%) 32(91.4%)
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6.2.4.2 The Feature Subsets selected for Classification based on Feature Set Optimisation
The analysis of features based on feature set optimisation was done for the SVM, which

performed at least as good as the RF for pain level detection for the three movement types.

For Full Trunk Flexion, only one optimal subset was returned for SVM1, this included
features 2, 4,5, 7, 8, 10, 11, 13 in Table ®his suggsts that the SVM found arm steadiness,
range of trunk and neck flexion, and flexion/extension muscle relaxats®aful in
discriminating between participants with or without CP. With SVM2, multiple optimal subsets
were returned; Fig. 6.8 shows the relatiuequency of each feature in these subsets. The
amount of muscle relaxation in the lumbar paraspinal appears to be the most important for the
SVM to discriminate between levels of pain of people with CP. The only other features that
the SVM found useful wre the amplitude of peaks in the vertical arm displacement and the

time and amount of relaxation of the left trapezingeextension

Full Trunk Flexion - SVM2

1
0.5_ I I] II |
O L

1234567 8 910111213
feature ID

relative frequency

Fig.6.8 Feature i mportance forf emaium el esweal ocgeati end tsiadn ome
Table 6.1 for this movement type (Fu

For Forward Trunk Flexion, only one optimal subset was found for SVML1. This included
features 1, 4, and 812 in Talle 61. This suggests that similar to Full Trunk Flexion, the
SVM found arm steadiness, range of trunk and neck flexion, and flexion/extension muscle
relaxation useful in discriminating between participants with or without CP. Only one subset
was returnedor SVM2 also in this movement type and this included features 5, 6, 9, 12 in
Table 61. This points to the range of head flexion and flexéaitension muscle relaxation
features as the only features useful for the SVM in differentiating between levels of pain in

people with CP.
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For Sitto-Stand, for SVM1, there were multiple optimal subsets. The relative frequency of
each feature in these subsets is shown in Fig.Th8 result suggests that, unlike in the Full
and Forward Trunk Flexion, the kinematic features (particularly duration, head displacement,
range of trunk flexion before lift, and trunk flexion at lift) were the most important for the SVM
in discriminatingbetween levels of pain in people with CP. However, tioe fositions based
on the knee angles and the muscle activity features were also useful to the SVM. For SVM2,
only one optimal subset was found. This included featw®s93 12, 14, 16, and 17 Trable
6.1. This suggests that trunk, neck, and knee angles and muscle activity features were the only

features needed by the SVM in discriminating between levels of pain in people with CP.

6.2.4.3 Statistical Relevance of the Features
Tables 6.4 and 6.5 show theatures for which effects of pain level were found for Full and

Forward Trunk Flexio and SHto-Stand respectivelyFor each featuréin the respective
movement typethe means for the three pain groups are ordered according to their magnitudes;
wherethe low level pain group or control groupsgnificantly differentfrom the high level

pain groupthe ordering ifighlighted in bold.

For Full Trunk Flexion, significant difference was only found for the activity change point
of the right lumbar parasphand trapezius between participants with CP who reporteérigh
level pain and healthy control participants. The result shows that the change point occurred
significantly earlier in the lumbar paraspinal for the participants witheniggvel pain.
Howewer, the lower amount of relaxation in this muscle for the participants, although not
significant, suggests that their premature relaxation may be due to either suboptimal flexion
which enabled early extension and relaxation or suboptimal relaxation withiete relaxation
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delayed. The amount of relaxation was found to be significantly lower in the trapezius for the

participants adding strength to this theory.

For Forward Trunk Flexion, difference was significant for the activity change point for both

the left and right lumbar paraspinal and trapezius in addition to the range of trunk and head

motion. The result shows that the amount of trunk flexion and tiptadement of the head

was significantly lowest in participants with higher level pain and highest in healthy control

TABLE 6.4LINEAR MIXED MODEL ANALYSIS RESULTS FOR RIN LEVEL IN FULL AN D FORWARD TRUNKFLEXION
(bootstrapped linear model analysis in IBM SPSS only provides significance of effect without a test statistic and stetfeitesoulc
not be reported *p<0.05,"*p<0.005significant difference with H, i.éhigher level pain),

Feature IO

Feature

Full Trunk Flexion

Forward Trunk Flexion

number of peaks in vertical arm

1 displacement profile L< H<C H<L<C
time range of peaks in vertical arm

2 displacement profile L<H<C H<C<L
mean amplitude of peaks in verticg

3 arm displacement profile C<H<L L<H<C

4 range of trunk flexion H<L<C H<i<C*

5 vertical displacement of the head L<H<C H<L*<C**
muscle activity change point time

6 right lumbar paraspinal H<L<C™ H<L<C*
muscle activity change point

7 amplitude- right lumbar paraspinal H<C<L H<L<C™
muscle activity change point time

8 left lumbar paraspinal C<L<H H<L<C
muscle activity change point

9 amplitude- left lumbar paraspinal H<C<L H<L<C**
muscle activity change point time

10 right trapezius H<L<C H<C<L
muscle activity change point

11 |amplitude- right trapezius H<L<C* L<H<C
muscle activity change point time

12 left trapezius H<L<C H<C<L
muscle activity change point

13 amplitude- left trapezius H<L<C L<H<C™

H = the feature value for participants wihigher level pain, L = the feature value for participants with lower level pain, C = the
value for healthy control participants.
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participants. The findings for the amount of trunk flexion supports earlier findings in Ahern et
al. (1988)and Watson et a{1997)although none of these studies showed a difference within
the CP group based on pain levels. The study in this thesis is also the first to show a difference
in range of head/neck amements in forward trunk flexion between healthy persons, people
with CP with lower level pain, and people with CP with higher level pain. Like in Full Trunk
Flexion, activity change point occurred in the right lumbar paraspinal significantly earlier in
participants with higher level than in healthy control participants; in this case, the lower amount
of change that occurred in participants with higher level pain was significant. These findings
make a strong case for the earlier proposed theory althoegighificantly lower range of
trunk flexion in this movement type specifically points to suboptimal flexion as the (perhaps
unintentional) strategy that enabled early relaxation. There was also significantly lower
relaxation of the left lumbar paraspirzald trapezius for the participants with higher level pain

than for the healthy control participants.

The duration, speed of lift, range of trunk flexion, knee angles at lift, and activity features
of the left lumbar paraspinal and trapezius were signitfigaifferent for the pain levels in Sit
to-Stand. Interestingly, participants with lower level pain significantly had the lowest duration
for the movement, lower than for healthy control participants despite healthy control
participants significantly hamg the highest lift and extension speed. The additional finding of
significantly higher amount of trunk flexion in the healthy control participants suggests that
although participants with lower level pain were slower in lift and extension, lower amount of
trunk flexion led to ¢sse time to prepare for lift and possibly alsss&r time to complete
extension for them. Participants with higher level pain had significantly higher duration, lower
speed, and lower range of trunk flexion than both healthy@gpdrticipants and participants
with lower level pain. This supports findings such as in Shum, Crosbie, affdQ@s It was
also found that participants with lower level pain had significantly lower left and right knee
angles just before lift than participants with higher level pain. This suggests that pain intensity
may affect the positioning of thed for standing up from seated position with those with
higher level pain likely to keep thefeetas far forward as possible. Another finding was that
the activity change point of the left lumbar paraspinal occurred significantly earlier in
participantswith higher level pain than in participants with lower level pain. As with Forward
Trunk Flexion, this may be due to suboptimal flexion of the trunk and as expected, the range
of activity of the muscle was also significantly lower in participants withdri¢gevel pain than

in participants with lower level pain.
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TABLE 6.5LINEAR MIXED MODEL ANALYSIS RESULTS FOR RIN LEVEL IN SIT-TO-STAND
(bootstrapped linear model analysis in IBM SPSS only provides significance of effect without a test statisttbetestsstatistic cou
not be reported *p<0.05, %<0.01,**p<0.005significant difference with Hi.e. higher level paip

Feature 10 Feature
1 duration L* &% C<H
2 lift speed H<L&C"™
3 vertical displacement of the head L<H<C
4 range of trunk flexion H<L&C"™
5 range of trunk flexion before lift L<H<C
6 left pelvic angle at lift L<C<H
7 right pelvic angle at lift L<C<H
8 left knee angle at lift C<L**<H*
9 right knee angle at lift C<L*<H*™
10 muscle activity change poitime - right lumbar paraspinal C<H<L
11 muscle activity change point timéeft lumbar paraspinal C<H<L™*
12 muscle activity change point timeight trapezius C<L<H
13 muscle activity change point timéeft trapezius C<H<L
14 muscle activity rangeright lumbar paraspinal H<L<C
15 muscle activity rangeleft lumbar paraspinal H<C<L™
16 muscle activity rangeright trapezius C<H<L
17 muscle activity rangeleft trapezius H<L<C

H = the feature value for participants with higher level pain,the feature value for participants with lower level pain, C = the fe
value for healthy control participants.

125



6.3 MRSE Level Detection from Body Movement Behaviour
In this section, the investigation of body movement features that contribute to the
differentiation between levels of MRSE is reported.

6.3.1 Data
The ground truth of MRSE for this investigatioasbased on the MRSE ratinggsn, medium,

and high MRSE) acquired in the annotation study reported in Chapter 5. To assess the
generalisability offte ratings to a single rater and so its reliability as ground truth for automatic
detection (Fleiss, Lewn, and Paik 1981)a single measures, cm@y random, absolute
agreement ICC was computed. The resulting ICC was in the poor (@rgéetti 1994 Yor

Forward Trunk Flexion, ICC = 0.37; for both Full Trunk Flexion and&fbtand, it was in the

fair range(Cicchetti 1994) ICC = 0.55 and ICC = 0.52 respectively. Note that the single
measures ICC is a stricter form of the ICC than the average mel30resmputed in Chapter

5 (average measures was used in that chapter to allow for comparison with previous studies)
which explains the lower values obtained here in comparison to the values obtatinat in
chaper. As the single measures ICC values walew optimal(Fleiss, Levin, and Paik 1981)

only instances of the annotated dataset without raitsgaind ratings witkack of consensus

were selected for use in this investigation. ICC was recomputed on this selection to assess the
viability of this subset as ground truth for automatic detection. FeoStand and Forward

Trunk Flexion, the agreemevalues improved to the good rar(@cchetti 1994)ICC = 0.67

and ICC = 66 respectively. It improved to the excellent range for Full Trunk Flexion
(Cicchetti 1994) ICC = 0.84. For each instance in this subset, the labels for automatic detection

were derived as the mediantbé ratings for that instance.

The corresponding body movement data (introduced in Section 6.1) were used with these
labels. Dueto missing data, not all instances of the dataset could be used and so the
investigation was based on 20 and 63 instances of Forward Trunk Flexion d4o<b@ind
respectively; 40% and 61.9% were instances of people with CP for the two movement types
regectively There wereonly 6 instancesf Full Trunk Flexion and so the instances of this
movement type were not included in the automatic detection investigaherdistribution of
the three levels of MRSE between participants with CP and healthy lsanttbeothertwo
activity types is shown in Fig. 6.10.
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Fig. 6.10Q Distribution of the three levels of MRSE between participants anthwithout CP

6.3.2 Features Investigation and Extraction
The body movement features investigated were based audiserevealed from the analysis

of cues used by physiotherapists in the annotation study reported in Chapter 5. A finding of the
analysis was that physiotherapists use cues in preparation for movement, during movement,
and at the conclusion of movementestimating MRSE. In the investigation reported in this
section, only cues expressed during movement were considered as they are more practical for
everyday physical activity settings. In clinical settings where physical activities are segmented,
i.e. with clear beginning and ending, such as in the annotation study, preparatory and
concluding movement behaviours may be relevant. However, in everyday contexts, where the
margins between consecutive activities are vaguer and the (automatic) observer has less
knowl edge of the subjectds intention, it is e
behaviours would be less useful as cues for MRSE estimation. A list of the features investigated
is given in Table 6.6. The features and the methods used to éléactrom IMU and SEMG

data are discussed in this subsection.
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TABLE 6.6 FEATURES FORMRSELEVEL CLASSIFICATION

ID Features

1 speed hands

2 speed lower legs

3 speed upper legs

4 speed shoulder

5 speed trunk

6 anglerange- pelvic with respect to the head atedft foot
7 anglerange- pelvic with respect to the head anght foot
8 anglerange- pelvic with respect to the trunk aneft knee
9 anglerange- pelvic with respect to the trunk an@yht knee
10 | anglerange- left knee

11 anglerange- right knee

12 anglerange- left elbow

13 anglerange- right elbow

14 anglerange- left shoulder (protraction)

15 anglerange- right shoulder (protraction)

16 range- left shoulder (abduction/adduction)

17 anglerange- right shoulder (abduction/adduction)

18 anglerange- neck

19 energy sum

20 dissymmetry

21 right lumbar paraspinal mean activity

22 left lumbar paraspinal mean activity

23 right trapezius mean activity

24 left trapezius mean activity

25 fluidity - hands

26 | fluidity - lower legs

27 fluidity - upper legs

28 fluidity - shoulder

29 fluidity - trunk
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6.3.2.1 Speed of Movement
Speed of movemer# was the MRSE cue most frequently reported by the physiotherapists in

the annotation study, and so the speed of each of the hands, lower legs, upper legs, shoulder,

and trunk were computed, as:
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k=17 and 22 for the left and right hands, 3 and 8 for the left and right lower legs, 2 and 7 for
the left and right upper legs, 14 for the shoulder, and 13 for the trunk. For the hands, lower

legs, and upper legs, the med&h for the o sides were taken.

6.3.2.2 Range of Movement
Another cue revealed in the annotation study was range of movement, and so the ranges of 13

full-body joint angles were extractadin Aung et al(2016)where the saméatasetvas used:

l;: max@) - min(q) ,19\2.4’14\
/zo 1|2 15
where 2 13 \15
2{ I }7
1
o ) L N,
q=ftan'1%(bemt - i (ence - B X|§ ‘tit=122 T ’ \
’f G (bend]-t ) bmidt)ﬂ(bendZt - bmidt) - ’{‘] s \3

- 10 5~

with [ Bendr: Bmid» Pencz | = [bzs, b1, ba, [bas, bi, bg], [bi2, by, bs], and bz, by, bg] for pelvic

joint angles, Iz, bs, ba] and [or, bs, bg] for knee angles,bhis, bis, bi7] and oo, b2a, beo] for

129



elbow angles,tp4, b4, bis] and [b24, big, b2o] for shoulder anglesbfs, bi4, b2] and 21, big, by

for lateral angles for the shouldend s, b24, b13] for the neck.

6.3.2.3 Guarding
fGuarded behavior

was another cue of MRSE
6guar di ngo6 (Keefe addeBfock A982)s signjficant relations were found between
guarding and MRSE in the data modelling reported in the chapter. Previous study by Aung et
al. (2016) had investigated the automatic detection of this behaviour in people with CP; in
addition to range of joint angles earlier mentioned, the authors used joint energies and mean
muscle activity as features. Sbe sum of joint energies and the mean muscle activities were
extracted. The sum of joint energies for the previously listed 13 joint angles was extracted;

energy for each joint was computed, based on Bernhardt and Ro20€a1) as:

where g’ is ¢ smoothed usinthe SavitzkyGolay filter (Savitzky anl Golay 1964)The mean

muscle activity was computed for each of the four char{neig, 2, 3, 4)

6.3.2.4 Symmetry
Symmetry was another cue that was revealed in the annotation study and so it was computed

as the difference betwedme left anl right shoulders alonte anterior and vertical axes, as:

26

T 2 ~ T 2 ~
as#bx-bXSa%bz-bZS /A
g:t:19 ! 19 - =G 4 19l=

T T I I \
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6.3.2.5 Fluidity/Smoothness of Movement
Fluidity or smoothness of movement was the MRSE cue second most frequently reported by

the physiotherapists in the annotation study smil was also extracted in this investigation.
Fluidity was extracted for the hands, lower and upper legs, shouldetyuark. To derive
fluidity, the method of Balasubramanian et @012)was tsed to compute the spectral arc

length of movement speed profiles as:

where

. .85,00t6T-1
R0 TeteK-1

fft(~) is the kpoint Fast Fourier TransfornK¢ is the discrete time Fourier transform index

ceil (Iog2 T)+4

that corresponded to the enff frequency, andK =2 . For the hands, lower leg,

and upper leg, the mea® for the left and right sides was used.

6.3.3 Features Analysis Methods
Similar to the investigation of body movement behaviour for pain level detection reported in

Section 6.2, three types of analyses were done on the extracted features.

First, the SVM and RF (described in Chapter 4) were used to investigate the effitaey of
features for automatic detection of the three levels of MRSE. Again, as the SVM is binary

classification algorithm, in using the SVM for three class detection, detvab hierarchical
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architecture was used. At the primary level, SVM1, was used tordisate between instances

high level MRSE and lower level MRSE. A second SVM, SVM2, was used to further
differentiate instances of lower level MRSE as either of medium level or low level MRSE. The
hyperparameters of both SVMs and for the RF were setlb@seyrid search. For Forward
Trunk Flexion, a linear polynomial SVM with regularisation paramé€ter 0.01 and 10 for
SVM1 and SVM2 respectively was usé€ti= 10 was the optimal for the two SVMs of -8t

Stand; the optimal kernels for this movement tyeze a polynomial of degree 1 for SVM1

and a polynomial of degree 3 for SVM2. For the RF, 50 trees were used for both Forward
Trunk Flexion and Sito-Stand and one feature used to split each node for Forward Trunk

Flexion but the square root of the sifdalee feature set for Stb-Stand.

Secondly, the Branch and Bound feature set optimisation m@ttawdndra anéukunaga
1977)was used to understand the relevance of the features to automatic detection of the three

levels of MRSE and to optimise MRSE level detection.

Finally, linear mixed model analysis was used to understand individual relevance of the
featuredo differentiation of the MRSE levels independently of the machine learning algorithm

used.

6.3.4 Results
In this section, thperformances of automatic classification, results of analysis of the features

using feature set optimisation, and results of the statistical analysis of relevance of the features

are presented.

TABLE 6.7 MRSECLASSIFICATION PERFEGRMANCE WITHOUT FEATURE SET OPTIMIATION
(average F1 based on feature set optimisation in bracket to aid comparison)

FORWARD TRUNK FLEXION SIT-TO-STAND

RF SVM RF SVM
F1 low 0.80 0.73 0.60 1
F1 medium | 0.63 0.67 0.47 0.32
F1 high 0.55 0.73 0.79 0.59
average F1 | 0.66(0.79) | 0.71(0.95) | 0.62(0.70) | 0.64(0.78)
accuracy 0.65 0.70 0.68 0.52
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6.3.4.1 Classification Performance
Classification performance withofgature set optimisation is shown in Table 6.7. For both RF

and SVM, classification in Forward Trunk Flexion was average F1 score of 0.66 and 0.71
respectively, well above chance level (i.e. accuracy of 0.33). #o-Sitand, classification

using the RFWith average F1 score of 0.62) was also better than chance level classification.
Although average F1 score of 0.64 for the SVM was also better than chance level classification,

the detection of the medium level MRSE was no better than chance usingdsiioetaon.
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(with feature set optimisation)

TABLE 6.8MRSELEVEL DETECTION CONFUSIONMATRICES FOR FORWARDIRUNK FLEXION

FORWARD TRUNK FLEXION - RF

Automatic Classification
MRSELEVEL low medium high
o _ low 4 (80%) 1 (20%) 0 (0%)
3 E medium 1 (10%) 8 (80%) 1 (10%)
© high 1 (20%) 0 (0%) 4 (80%)
FORWARD TRUNK FLEXION - SVM
Automatic Classification
MRSELEVEL low medium high
T low 5 (100%) 0 (0%) 0 (0%)
e
3 E medium 0 (0%) 9 (90%) 1 (10%)
© high 0 (0%) 0 (0%) 5 (100%)

TABLE 6.9MRSELEVEL DETECTION GONFUSIONMATRICES FOR SIFTO-STAND

(with feature set optimisation)

SIT-TO-STAND - RF

AutomaticClassification
MRSELEVEL low medium high
T _ low 4 (100%) 0 (0%) 0 (0%)
3 ;:f» medium 3 (15%) 10 (50%) 7 (35%)
© high 0 (0%) 7 (18%) 32 (82%)
SIT-TO-STAND - SVM
Automatic Classification
MRSELEVEL low medium high
T _ low 4 (100%) 0 (0%) 0 (0%)
3 E medium 0 (0%) 12 (60%) 8 (40%)
© high 0 (0%) 10 (26%) 29 (74%)
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For the two movement types, feature set optimisation resulted in hitgesification
performance with both RF and SVM as shown in Fig. 6.11. Average F1 score for Forward
Trunk Flexion increased to 0.79 and 0.95 for the RF and SVM respectively. ForSsand,
average F1 score for Si-Stand increased to 0.70 and 0.78 tbe two algorithms
respectively. The confusion matrices in Tables 6.8 and 6.9 for the Forward Trunk Flexion and
Sit-to-Stand respectively show that the SVM perfectly detects low MRSE level for both
movement types. This may be due to the lower {stitgie¢ variation resulting from the small
size of this class in the dataset. However, this finding is similar to the finding in Chapter 5 that
the majority of disagreements in MRSE ratings by physiotherapists in the annotation study

reported in the chapter oaced between medium level and high level MRSE.
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6.3.4.2 The Feature Subsets selected for Classification based on Feature Set Optimisation
For Forward Trunk Flexion, selection based on the SVM is repoagdhis algorithm

performed best in discriminating between the three levels of MRSE in this movement type.
Multiple optimal subsets were returned for both SVM1 and SVM2. Fig-togRft and Fig.
6.12top-right show the relative frequencies of eachudeain these subsets respectively. The
plots show that speed of the limbs, range of angles of the trunk, knee, elbow, and shoulder,

muscle activity of the trapezius and lumbar paraspinal, and fluidity of movement were found
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informative by the SVM in diffegntiating high MRSE level from lower level MRSE. To further
differentiate low MRSE and medium MRSE levels, the SVM found speed of the hand, range
of angles of the trunk, elbow, shoulder, energy, and symmetry useful.

For Sitto-Stand, only one optimal feati combination was found for the RF and it
comprised a combination of speed of the trunk, range of angle of the trunk, energy, and activity
of the lumbar paraspinal. Only one optimal subset was also returned for SVM1: speed of the
upper and lower legs, rga of angles of the trunk and shoulder, energy, activity of the
trapezius, and fluidity of the movement of the shoulder were found to be informative in
differentiating high MRSE level from lower level MRSE. For SVM2, multiple optimal subsets
were returnedkrig. 6.12bottom shows the relative frequencies of the features in these subsets.
Only speeds of the upper and lower legs were not found to be useful in discriminating between

low and medium MRSE levels.

6.3.4.3 Statistical Relevance tiie Features
Tables 6.100ows the features for which effects of MRSE level were found for Forward Trunk

Flexion and S#o-Stand.For each feature (in the respective movement type), the means for
the three MRSE levels are ordered according to their magnitudes; where the medilin MRS
level or high MRSE level is significantly different from low level MRSE, the ordering is
highlighted in bold.

For Forward Trunk Flexion, significant difference was found for speed features, range of
angles of the trunk and shoulders, energy, and act¥itlye trapezius. The result shows that
participants judged to have lower level MRSE were significantly slower and had significantly
lower range of movement of the shoulder and trunk, and energy than those judged as having
higher level MRSE. Unsurprisinglasthis may be connected to lower range of movement of
the shoulderit was also found that these participants had significantly lower mean activity in
the trapezius than participants judged as having higher level MRSE.

For Sitto-Stand, significantlifference was found for speed features, range of angles of the
trunk, knees, left elbow, and neck, energy, symmetry, activity of the trapezius and lumbar
paraspinal, and fluidity in the movement of the trunk. The result shows that participants with
low MRSE level were significantly slower and had significantly lower range of movement of
the trunk and neck. This is similar to the finding for participants with higher level pain in
Section 6.2.4. This is not surprising given that the participants judged/iag thew MRSE

level for this movement type reported having higher level pain.
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TABLE 6.10LINEAR MIXED MODEL ANALYSIS RESULTS FORMRSE

(bootstrapped linear model analysis in IBM SPSS only provides significance of effect without a test statisticeatesssttistic coulc
not be reported *p<0.05, <0.01,"*p<0.005, *p<0.001, ***p<0.0001 difference with Li.e.low MRSE leve)

Feature ID Feature Forward Trunk Flexion Sit-to-Stand
1 speed hands L < M<PH* * L < M<H*
2 speed lower legs L<NH L < M<'H
3 speed upper legs L<NMH L <M<H
4 speed shoulder L < M<*'H L < M<H
5 speed trunk L<M<H* L<M<H **
6 range- pelvic wrt head & left foot L<M *<H* L<H<M
7 range- pelvic wrt head & right foot L<M *<H* L<H**<M
8 range- pelvic wrt trunk & leftknee L<M<H * L<M<H **
9 range- pelvic wrt trunk & right knee L<M<H ** L<M<H **
10 range- left knee L<M<H L<M *<H*
11 range- right knee L<M<H L<M *<H*
12 range- left elbow L<M<H L>M *>H*
13 range- right elbow L<M<H L<H<M
14 range- left shoulder(protraction) L<M<H * L<H<M
15 range- right shoulder (protraction) L<M<H L<H<M
16 range- left shoulder (abduction/adduction L<M<H * L>M>H
17 range- right shoulder (abduction/adductio L<M<H * L>M>H
18 range- neck L<M<H * H>L>M™
19 energy sum L<M<H * L<M **<H**
20 dissymmetry L<M<H L<M<H *
21 right lumbar paraspinal mean activity L<M<H L<M<H*
22 left lumbar paraspinal mean activity L<M<H <L<H<M
23 right trapezius mean activity L<M<H L>M>H*
24 left trapezius mean activity L<M<H * H**<L<Mm **
25 fluidity - hands L<M<H L>H>M
26 fluidity - lower legs L<M<H M<L<H
27 fluidity - upper legs L<M<H L>H>M
28 fluidity - shoulder L<M<H L>H*>M
29 fluidity - trunk L<M<H L>H*>M

range = angle range; wrt = with respect to; L = the feature valyaftcipants with low MRSE level, M = the feature value for particif
with medium MRSE level, H = the feature value for participants with high MRSE level.
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It was also found that participants with low MRSE level significantly had the lowest knee
angle rangein Sit-to-Stand while participants with high MRSE level significantly had the
highest knee angle rargand participants wit medium MRSE level were in between with
significantly higher rangethan those with low MRSE level. This is also similar to the finding
for the three pain levels in Section 6.2.4. A plot of the knee angle profiles across the tligee leve
of MRSE is showin Fig. 6.13 Further analysis of the video of the participants with low MRSE
level showed that they indeed kept their feet as far forward as possible as suggested in Section
6.2.4. Itis impossible to stand up normally with stazt positioning the video analysiurther
showed that all four participants with low MRSE usedrthands to either push up for lift or
to support lift. This may explain the finding of significantly higher mean activity in the left
trapezius in participants with low MAESlevel compared with participants with high MRSE
level; participants with medium MRSE level had significantly higher mean activity than those
with low MRSE level. It may also be connected to the significantly higher range of angles of
the left elbow in pdicipants with low MRSE level compared with the other two groups;

participants with medium MRSE level had higher ratban those with high MRSE level.

An additional finding was that participants with low MRSE level had significantly higher
range of anig of the neck than participants with medium MRSE lesesurprising finding
was thathere was significantly more dissymmetry (of the shoulders) in participants with high
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MRSE level than in participants with low MRSE level. This may be linked to thdasiyni
unexpected findings for the mean activity of the left and right trapezius. For the right trapezius,
mean activity was found to be significantly lower in participants with low MRSE level in
contrast to participants with high MRSE level. For the ledpézius, on the other hand,
participants with low MRSE level had significantly higher mean activity than those with high
MRSE level but significantly lower mean activity than those with medium MRSE level.
Another unexpected finding was significantly highkiidity of the shoulder and trunk in
participants with low MRSE level than participants with high MRSE level.

6.4 Emotional Distress Level Detection from Body Movement Behaviour
In this section, the investigation of body movement features that contributbeto

differentiation between levels of emotional distress is reported.

6.4.1 Data
The body movement data introducedSaction 6.1were used in this investigation. Due to

missing data, not all instances of the dataset could be used in the investigation amd so th
investigation was based on 16, 45, and 112 instances of Full Trunk Flexion, Forward Trunk
Flexion, and Sio-Stand respectively. 75%, 66.7%, and 70.5% were instances of people with

CP respectively for the three movement types.

Ground truth of emotionalistress was based on the HADS scores of corresponding
participants in the EmoPain dataset. Due to the limited size of the dataset, all 39 levels of the
HADS-13 could not be considered. Instead, two levels of emotional distress were derived from
this s@le: instances where participants with CP reported HABScore greater than 19 were
classed adistressedvhereas those where HABIS3 score was 19 or less were classedaas
distressed There were no healthy control participants in the distressed greupll of the
healthy controls in the dataset had HAD® score above 19.

6.4.2 Features Investigation and Extraction
The body movement features investigated were based on previous affect studies. A list of these

features is given in Table 6.11. The featuard the methods used to extract them from IMU

data are discussed in this subsection.
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TABLE 6.11FEATURES FOR EMOTIONA DISTRESS LEVEL CL/SSIFICATION

ID Features

1 |shoulder protraction

2 speed hand

3 speed- lower legs

4 speed shoulders

S) speed left shoulder

6 energy- left hand

7 energy- right hand

8 energy- left shank

9 energy- right shank

10 | energy- left shoulder

11 |energy- right shoulder

12 |energy- head

13 | minimum head angle

14 | duration of minimum head angle
15 | minimum hando thigh distance

6.4.2.1 Head Slump
Head slump is one of the known cues of emotional distress. This was found in a study by Waxer

(1974)where observers with background in psychology or counselling rated thechnigée

head of psychiatric patients during clinical assessment as one of the nonverbal cues that they
used to differentiate the patients with depression and from those without. The observers noted
that they specifically judged if a patient had his/hedrdraoped, looked down, or towards the
ground. Scherer et §2013)did not finddifference in the duration of downward gaze between
participants with depressed mood and those without depressed mood significant. However,
they found significant difference between distressed (i.e. with anxiety, depressitdor post
traumatic stress disorder) and rndistressed participants. Further, based on feature set
optimisation, Fourati and Pelacha@d15)showed that the anteriposterior pose ohie head

was important for automatic detection of anxiety and sadness in phgstoaty settings.

Using full-body joint kinematics, they obtained accuracy of 0.86 for automatic discrimination
between anxiety, neutral, pride, sadness, joy, panic feaneshend anger. These findings
motivated the extraction of features of head pose in the investigation of this thesis. The features

computed were the minimum angle of the heag,, (calculated as the average within 10°
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of the minimum) andhe duration of this anglé¢ange)normalised to the duration of the

activity:
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6.4.2.2 Shoulder Protraction
A similar cue of emotional distress is shoulder protraction. For example, do Rosario et al.

(2013) found significant strong correlation between usual levels of sadness and shoulder
protraction. Similarly, Michalak et al2009) found that participants with depression had
significantly more slumped posture while walking than those without depression. Thus, this
feature was also extracted in the investigation in this thesis. In do Rosario et al., shoulder
protraction was computed insingle pose based on measurements taken from photographs.
This method cannot be used with IMU data of movement sequences. In Michalak et al., on the
other hand, posture was computed as the mean angle between the line connecting the clavicle
and the head.i®ilar to their method, in the investigation in this thesis, shoulder protraction

was computed as the minimum angle between the left and right sides of the upper trunk:
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with N = normal vector of the plane of the left hand side of the trunk (i.e. basgg ok 3,

andby4 ) andn_tr = normal vector of the plane of the right hand side of the trunk (i.ed loase

bia, bz, andbyg ).

6.4.2.3 The Use of Seldaptors
The use of selddaptors, i.e. selbuching, has also been associated with emotional distress.

Scherer et a[2013)found that psychiatric patients with depression and/or anxiety significantly
used more hand selddaptors during clinical assessment interviews than those without
depression and/or anxiety. The authors also considered head and trualapédirs but
differences were not significant with these. In the problem considered in this dhdsike
dataset used to investigate it, subjects are engaged in physical activity and these forms of self
adaptors are not likely to occur in this setting. Instead, thigkadelbtors were considered; to

characterise it, the minimum distance between #mals and the thighs was extracted:
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6.4.2.4 Body Sway
Body sway has also emerged as a cue through which emotional distress is expressed. In

Michalak et al(2009) lateral body sway while walking was found to be significantly higher

in participants with depression than those without depression. The authors also found that
movement (in the arms and head) was significantly less for those with depr&ssiarly,

Wada, Sunaga, and Naga001)found significant differences between anteposterior body

sway for anxiety levels. High frequency components were lower and low frequency
components were higher for participants with high levels of anxiety. Significant difference was

not found for thdateral axis in their study. In the investigation in this thesis, to characterise
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these cues, the energies of each of the head, trunk, hands, and legs were extracted as the sum

of the mean translational and rotational kinetic energies for each segmsanijragsunit mass
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wherek =17, 22, 3, 8, 14, 19, 26 for the left and right hand, left and right shank, left and right
shoulder, and head respectivelyne mean for the left and right sides was used for the hand,

shank, and shoulder.

6.4.2.5 Speed of Movement
Movement speed has also bdennd to differentiate between levels of emotional distress.

Michalak et al.(2009) for example, found that participants with depressions walked
significantly slower than thse without depression. Lemke et(@000)also found that those
with depression had significantly lower gait speed than healthy ¢enifbis motivated

extractionof thespeed of the shoulder, hand, and shank (averaged over the left and right sides):

£ a5
t=2

6.4.3 Features Analysis Methods
Similar to the investigation of body movement behaviour for pain and MRSE level detection

reported in Sections 6.2 and 6.3, three types of analyses were done on the extracted features.
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First, the SVM and RF (described in Chapter 4) were used to invedtigag¢fficacy of the
features for automatic detection of the two levels of emotional distress. The hyperparameters
of both SVMs and for the RF were set based on grid search. For Full Trunk Flexion, SVM of
regularisation paramet& = 10 and polynomial kernel of degree 7 and RF with 100 trees and
the whole feature set used to split each node were used. For Forward Trunk Flexion, SVM with
Gaussian kernel of width 25.01 a@d= 10 and RF of 50 trees and one feature used to split
each ode were used. For S-Stand, SVM with Gaussian kernel of width 12.01 &nd 10
and RF with 1000 trees and the whole feature set used to split each node were used.

Secondly, the Branch and Bound optimisation met{iNadendra and Fukunaga 197%as

used to understand the relevance of the features to automatic detection and optimise detection.

Finally, linear mked model analysis was used to understand individual relevance of the
features to differentiation of the emotional distress levels independently of the machine

learning algorithm used.

6.4.4 Results
In this section, automatic classification performances, results of features analysis using feature

set optimisation, and resultstbk statistical analysis of relevance of the features are presented.

TABLE 6.12 EMOTIONAL DISTRESSCLASSIFICATION PERFEGRMANCE - PAIN FEATURES VERSI$ EMOTIONAL
DISTRESS FEATURES
(without feature set optimisation)

FULL TRUNK FLEXION FORWARD TRUNK FLEXION SIT-TO-STAND
Feature Set Pain Distress Pain Distress Pain Distress
F1distressed 0 0.57 042 0.56 0.39 0.64
F1 notdistressed 0.90 0.88 0.85 0.85 0.80 0.90
average F1 0.45 0.73 0.64 0.71 0.60 0.77
accuracy 0.81 0.81 0.76 0.78 0.69 0.84

6.4.4.1 Classification Performance
Using Pain Features

Initial analysis was done tonderstandhe extentto which pain features (see Section 6.2.2)
enabledetection of pain relateeimotional dstress leva This analysisis importantbecausge

as Sullivan doetheoretically(2008) it questionsa unidimensionaliew of pain behaviourn
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the analysis, the pain levééatures reported in Section 6.2.2 were used for automatic
classification bemotional distress levels using the SVM. Table 6.12 shows the result obtained.
It was found that while the pain features allowed good detectiotodistressednstances,
theyled to worse than chance level detection of the distressed (ffeup 0, 0.42, and 0.39

for Full Trunk Flexion, Forward Trunk Flexion, and-8tStand respectively)lhe emotional
distress, on the other hand, showed much better performance in detestiogtp with F1
score better than chea level.This finding suggests thagin related emotional distress has a
behaviour signatur e diabk buggesed thy therBayesiarp madel
proposed in Chapter and it supports the theory ofuttidimensionality of pairbehaviours
(Sullivan 2008)

Using Emotional Distress Features

Classification performanceusing the emotional distress featuresthout feature set
optimisation is shown in Table &Ifor both the RF and SVMFor both Sito-Stand and
Forward Trunk Flexion, classification using the RF has average F1 score of 0.80, which is
better than chance level (i.e. accuracy of 0.50). Claasifin using the SVM is lower for both
movement types with average F1 score of 0.77 and 0.71 #w-Stand and Forward Trunk
Flexion respectively and the F1 score fordistressealass for Forward Trunk Flexion is only
marginally better than chanaavkl classification. For Full Trunk Flexion, even though average
F1 score for both SVM and RF (0.73 and 0.67 respectively) is better than chance level
classificationjn the RF this is only true for the F1 score for thetdistressectlass. Both the

SVM and RF perform better in detectingt distressedlass than thdistressedlass for the

three movement types. This finding is not surprising given the dominanceraftttistressed

class in the dataset.

TABLE 6.13 EMOTIONAL DISTRESSCLASSIFICATION PERFGRMANCE WITHOUT FEATURE SET OPTIMISTION
(average F1 based on feature set optinugati bracket to aid comparison)

FULL TRUNK FLEXION FORWARD TRUNK FLEXION SIT-TO-STAND

RF SVM RF SVM RF SVM

F1ldistressed 0.50 0.57 0.67 0.56 0.68 0.64

F1 not distresseq 0.83 0.88 0.93 085 0.92 0.90
average F1 0.67 (0.67) | 0.73(0.88) | 0.80(0.83) | 0.71(0.80) | 0.80(0.86) | 0.77(0.84)

accuracy 0.75 0.81 0.89 0.78 0.87 0.84
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Performance improved with feature sgitimisation as can be seen in Fig. 6.14 although
the performance of the RR the Full Trunk Flexion remairtee same. The SVM has average
F1 score of 0.8 for Full Trunk Flexion. For Forward Trunk Flexion, average F1 score is 0.83
and 0.80 for the RF arte\VM respectively. For iSto-Stand, average F1 scoréi86 and 0.84
for the RF and SVM respectively. As can be seen in Table fd the best classifiers, recall
of the distressed class was highest int&Htand compared with the other two movement
types. This may be due to the higher number of training instances for that class available in this

movement type.

B F1 distressed MF1 not distressed Haverage F1 B accuracy

& o«
! S5
(=]
0.8
0.6
0.4
0.2
0
Full Trunk Flexion Forward Trunk Flexion Sit-to-Stand
RF SVM RF SVM RF SVM
Fig.6.14 Emot i onal di stress | ewieflbatl arses i §@tc ad p toint

146



TABLE 6.14 EMOTIONAL DISTRESS LEVEL DETECTION GCONFUSIONMATRICES FORTHE BESTCLASSIFIERS IN FIG.
6.14(1.E. THE SVM FORFULL TRUNK FLEXION AND THE RFFORFORWARD TRUNK FLEXION AND SIT-TO-STAND)

FOREACH MOVEMENT TYPE
(with feature set optimisation)

FULL TRUNK FLEXION - SVM

Automatic Classification

distressed not distressed
g £ | distressed 2 (66.7%) 1 (33.3%)
& F | not distressed 0 (0%) 13 (100%)

FORWARD TRUNK FLEXION - RF

AutomaticClassification

distressed not distressed
§ % distressed 5 (62.9%) 3 (37.9%)
o2
o F | notdistressed 1(2.70) 36 (97.3%)

SIT-TO-STAND - RF

Automatic Classification

distressed not distressed
§§ distressed | 16(72.7%6) 6 (27.3%6)
O S
o F | notdistressed 4 (4.80) 86 (95.6%)

6.4.4.2 The Feature Subsets selected@tassification based on Feature Set Optimisation
For the Full Trunk Flexion, there were multiple subsets returned. Fig. 6.15 shows the relative

frequency of each feature in these subsets. The right lower leg energy feature (all energy
features were useful), the minimum head angle, and the minimum h#émghtalistance were
found to be the most important features for the SVM in this movement type. Further analysis
(Fig. 6.16left) showed that energy of the right lower leg was lower in the distressed group. For
the minimum head angle feature, there wereenttistressed instances with lower values than
thenot distressedhstances (Fig. 6.16iddle) suggesting that those distressed tended to slump
their heads during execution of this movement type. The importance of this cue in the Full
Trunk Flexion but noin the other two movement types may be due to the fact that in contrast
to these activity types, the Full Trunk Flexion lends itself to head slump. The distressed group
was also found to have lower minimum h&oehigh distances than thet distressedFig.
6.16right).
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For Forward Trunk Flexion, multiple optimal subsere also returned. Fig. 6.17 shows
the relative frequency of each feature in these subsets. Unlike the other two movement types,
all the extracted features were useful for Forward Trunk Flexion. Similar to Full Trunk Flexion,
the right lower leg energfeature was the most important feature in the movement type. The
speed of the leg almost matched this feature in importance. It is not clear why the speed of the

leg was found to be important here but not in Full Trunk Flexion, which is a similar movement
with respect to the legs.

Multiple subsets were also returned fort8HStand. Fig. 6.18 shows the relative frequency
of each feature in these subsets. The minimum hand to thigh distance was the most important
feature for this movement type. For this feature, as can be seeg. i6.19, the distressed
instances had values similar to about half ofrtbiedistressethstances. This is not surprising
as in Sitto-Stand, there are reasons other than distress why the hands may be close to the thigh
in this movement typée.g. naturatesting of the hands on the thigh at st@rtof the activity).
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TABLE 6.15LINEAR MIXED MODEL ANALYSIS RESULTS FOR KIOTIONAL DISTRESS
(bootstrapped linear model analysis in IBM SPSS only provides significance of effect without a test statisttbetestsstatistic coulc

not be reported *p<0.05, <0.01, *p<0.005difference with D, i.edistresse}l

Feature Full Trunk Forward Trunk

ID Feature Flexion Flexion Sit-to-Stand
1 shoulder protraction D<N N<D N<D
2 |speed hand D<N D<N* D<N**
3 |speed lower legs D<N D<N* D<N*
4  |speed shoulders D<N D<N* * D<N**
5 |speed left shoulder D<N D<N** D<N**
6 energy- left hand D<N D<N D<N
7  |energy- right hand D<N D<N* D<N

8 |energy- left shank D<N* D<N* D<N

9 |energy- right shank D<N* D<N* D<N
10 |energy- left shoulder D<N D<N D<N
11 |energy- right shoulder D<N D<N D<N
12 |energy- head D<N D<N D<N
13 | minimum head angle D<N N*<D N*<D
14  |duration of minimum head angle D<N N<D N*<D
15 |minimum hand to thigh distance D<N* N<D D<N**

D = thefeature value for distressed participants, N = the feature value for participants not distressed.

6.4.4.3 Statistical Relevance tiie Features
The results of the linear mixed model analysis are shown in TaleF&d each feature (in

the respective movemengpe), the means for the distressed and not distressed groups are

ordered according to their magnitudes; where the two groups significantly differ, the ordering
is highlighted in bold.
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Distressed participants were found to have significantly lower energy of the left and right
shank in Full and Forward Trunk Flexion, supporting the finding in Michalak ¢2G09).
These participants also had significantly lower minimum Harttligh distance in Full Trunk
Flexion and SHo-Stand suggesting that they used thigh-adHptors in tese movement typge
This adds to the work of Scherer et(@013)who only looked at hand, head, and trunk-self
adaptors inedentary settings. As expected from similar studies in Michalak @C#&l9)and
Lemke et al(2000)based on walking activities, the distressed participants were found to be
significantly slower in Forward Trunk Flexion and-8tStand. An unexpected finding was
that the distressed had significantly higher minimum head angle in both FdmuatdFlexion
and Sitto-Stand. It may be that pain related distress lends to rigidity in the movement of the
headthatmasks head slumypical of distress (in nepain contexts)This is plausible given
the findings of limited head movements with higlearel of pain and lower level of MRSE in
Sections 6.2.4 and 6.3.4 and the finding of significantly higher duration of the minimum head

angle in the distressed participants.

6.5 Discussion
The aim of the studies presented in this chapter was to investigatenbedynent behaviours

that contribute to differentiation between levels of pain, MRSE, and emotional distress.

For each of these states, a set of body movement features were proposed (see Appendix I11)
and indepth understanding of the relevance of theufea to discrimination between levels of
each state wadeveloped based onsual exploration, wrappdryased feature subset selection,
andlinear mixed model analysiFhis understanding is further discussed below (in Section
6.5.1).An important findings that a reduced set of anatomical segmeatker tharthe full-
body (26 joints and 4 back musclasacked in the EmoPain datasednsuffice for automatic
detection othese stated his points to the possibility of the useadfinimal sensonetwork
for tracking movement behaviour for this functidimis will enable monitoring, and so affect
aware technological intervention, in everyday functionifige feasibility of such a reduced
number of sensor for automatic detection of levels of palRSH, and emotional distress

further investigated in Chapter 7.

The efficacy of theproposedfeatures for automatic detection was investigated using
traditional machine learninglgorithms (Random Foresand Support Vector Machines)
Feature set optimadion led to excellent detection performanceBor threelevel pain

classification, average F1 sceraf 1, 0.85, and 0.84 eve obtained for Full Trunk Flexion,
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Forward Trunk Flexion, and Sib-Stand respectively. For thréevel MRSE classification,
averge F1 scoreof 0.95 and 0.78 areobtained for Forward Trunk Flexion and-8#Stand
respectively while average F1 scom 0.88, 0.83, and 0.86 exe obtained for tweevel
emotional distress classification for Full Trunk Flexion, Forward Trunk Flexaod Sitto-

Stand. These findings suggest that levels of pain, MRSE, and emotional distress can be reliably
(i.e. much better than chance) differentiated fronsdleatures.The implication of these
findings for affectaware technological intervention support people with CP in physical
rehabilitation is further discussed below (in Section 6.5.2)

6.5.1 Contribution to Automatic Assessment of Pain, MRSE, and Emotional Distress
A major contribution of the investigations in this chapter is the building ofeatwepe of body

movement features of pain and related-séfitacy and emotional distress. Literat@&num,
Crosbie, and Lee 2007; Shum, Crosbie, and Lee 2005; Watson et al. 1897;ef\lal. 1988;

Grip et al. 2003; Lai et al. 2009; Gioftsos and Grieve 188&ently only provide descriptions

of movement behaviour that discriminate people with pain from healthy persons. Although
Dickey et al.(2002)investigatel behaviours that further differentiate people with CP by pain
intensity, they focused on vertebral features that are difficult to capture outside clinical settings.
Literature on emotional distress has also been limited in that it has often focuseddon acte
expressions (e.gFourati and Pelachau@®25; Piana et al. 2014; Gunes et al. 2D1¥gdentary
settings (e.g(Joshi, Dhall, et al. 2013; Scherer et al. 2013; Rani, Sarkar, and Liu)2808)
contexts without the compounding effectpin (e.g.(Lemke et al. 2000; Michalak et al.
2009). In addition, literature ohody movement cues of MRSEpgacticallynon-existent. In

this section, the contributions to these areas are discussed highllgtttinfpecontribution of
deeper understanding of known cues iredontribution ofunderstanding afiew cuesAs the

low level features describing these cues have already been discussed in the respective sections
for each of thehreestategSections 6.2.4 6.3.4, and 6.4.4 respectivehg cues are discussed
here as abstractions of these feat(rather than using thosew level descriptionsjo enable

easier generalisaticand tohighlightthe overarching themes of the findings.

6.5.1.1 Contribution X Deeper Understanding of Known Cues for Pain and Emotional
Distress

The investigations done in this thesis contributes to tha af pain behaviour analysis and
affective computing by collating relevant cues from several literature sources beyond pain
studies and providing deeper understanding of their contribution to the automatic

differentiation of levels of pain and emotionatdess.
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One of these cues is ttampo of movement executionit was shown that this cue provides
information about all three states considered in this thesis (pain, MRSE, and emotional
distress). Although this may be intuitive, highlighting it in thisdis importantly supports the
suggestion of Sulliva(2008)that each pain behaviour may have different cognitive/affective
dimensions to it. This is similar to the finding reporiedChapter 5 with guarding behaviour
as a description of pain experience. This finding underscores the need to understand which of
pain relevant states need to be addressed to facilitate improved movement behaviour. It was
further shown in the investigan of this thesis that for pain, the duration of movement
execution and movement speed in the ascension phase ebatsihd movement provide
different descriptions of this cue. The finding of lower speed in this phase supports previous
findings in Coghn and McFayder{1994)where the phase was foundaccount for a larger
proportion of the movement for people with CP than for healthy participants. It is hypothesized
in this thesis that people with CP are able to achieve shorter duration of the movement despite
lower speed because of reduced trunk #ax{for ascension initiation) which enables less
preparation for ascension and less adjustment to complete the extension phase. It was further
shown that beyond differentiation of people with CP from healthy persons fo@repiet al.

(2003. Lai et al.(2009, andShum, Crosbie, and L2005) tempo of movement execution

also enables differentiation between lower and hitgel painin CP.

Another cue is theange of movement of the affected anatomical segmeas a cue of
pain. Similar to previous findings such asAhern et al(1988, Gioftsos and Griev€l99%),
Grip et al.(2003, andLai et al.(2009) it was shown that this cue differentiates people with
CP from healthy persons. It was further shown that the cue also enables dawimbetween
levels of pain in people with CP. Range of movement of the affected segment was also shown
to be useful in differentiating between levels of MRSE with people with lower level MRSE

exhibiting significantly lower range than people with higlesel MRSE.

A third cue ishead and shoulder slumpas a cue of emotional distress. Similar to do
Rosfrio et al.(2013)and Michalak et al(2009) it was shown that shoulder slump is a useful
cue of emotional distress. However, the finding in the investigation of this thesis of its
relevance in automatic detection in forward trunk flexion alone suggests that this cue may not
be universain physical activity settings and the contekmovementmay mask i{or make it
salien). This finding underscores the fact that cues that are relevant in sedentary settings may
not necessarily transfer to physical activity settings. It also poirfte tekevance of movement

context in the case of physical activity. An additionally finding was that head slump is a
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relevant cue of emotional distress in physical activity settings; this adds to previous findings in
sedentary settings (Waxer 1974; Scherer et al. 2013)

Finally, body sway characterised by joint energy was shown to enable discrimination
between the presence and absence of emotional distress. However, it is difficult to compare the
findings for this cue with findings in previous studies because of differencesatioaal
distress constructs and thmdy sway computatiomethods. This cue was analysed in
Michalak et al.(2009)for the depressed mood component of emotional distressratibir
study, (lateral) sway was computed as the difference between the maximum deflection of the
shoulders during walking. As no computation formula was given in their paper, it is difficult
to understand how their characterisation of sway differs tfmrapproach of this thesis. In
Wada, Sunaga, and Nag@&001) body sway was analysed for the anxiety component of
emotional distress and it was computed as the displacement of the centre of gravity while
standing. The findings in these studies suggest that latehaldway increases with depressed
mood while anterioposterior body sway also increases with anxiety but only for low
frequency sway with decrease with anxiety for high frequency sway. In the investigation of
this thesis, sway characterised by energy wasd to significantly decrease with emotional
distress (anxiety and depressed mood).

6.5.1.2 Contribution 2- New Cues for Pain and Emotional Distress
Beyond providing deeper understanding of known cues, data explorationapskeared to

the discovery of sixiew cues relevant to the automatic discrimination between levels of pain

and emotional distress (four and two cues respectively).

It was shown in this thesis thatnge of head or neck movemengnables discrimination
between levels of pain. Statisticalbygnificant effect was only found with forward trunk
flexion movement with range of head/neck movement decreasing with pain status (ee. high
level < lower level < healthy). However, it was found useful for automatic detection of the
three pain levels fosit-to-stand and for automatic differentiation between CP and healthy
participants for full trunk flexion. Although it was found in the investigation of the thesis that
physiotherapists informally use this cue in movement assessment, as far as ighisahesis
is the first to provide evidence of the efficacy of this cue for differentiating levels of pain.
Although this cue may be related to guarding behaviour (i.e. stiffness in movement), it should
be noted that the head and neck were not the mamlgeations of the people with CP

(although some of the participants may hhadpain in these segments in addition to the low
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back). This observation isteresting as it suggests that stiffness due to pain experience may

generalise beyond the painfa@gnent in people with CP.

Another cue discovered in this thesis veams unsteadinessfor discriminating between
levels of pain. Although no statistical significance was found, cues of arm unsteadiness were
relevant for automatically differentiating people with CP from healthy participants with
forward trunk flexion and for automaticallgtecting the three pain levels in full trunk flexion.
Based on findings in visual inspection, it is theorised in this thesis that, similar to the finding
with neck movement, pain level results in stiffness of the arm that manifests as reduced

unsteadinessf the arm with pain.

It was additionally shown in this thesis that pain leads to atypeml positioning to
perform sitto-stand movement. This cue may already be used informally by physiotherapists;
however, as far as is known, this thesis is thetfirgirovide behavioural data evidence of this
strategy in people with CP. It was found that people with higher level pain keep their feet as
far forward as possible to initiate the movement andsupgortto lift up in order to execute
this biomechanicajl challenging strategy. Two sidtrategies were found within the -8
stand instances where this strategy was used. In one group (all three available instances for P19
and the second and third higher level challenge instances for P24), both handseddce us
push up on the bench they were seated on whereas in the second group (all three available
instances for P21), one side (usually the right hand side) of the body was raised before the other
in ascension and the contralateral hand was used to pushhglmench. There was an instance
(the first higher level challenge instance for P24) where both strategies were used: two hands
were first used to push up on the bench and then the right hand side of the body was raised
further earlier than the left witthe left hand kept on the bench during this phase.

Finally for pain level, features dfack muscle relaxation on trunk reextensionwere
shown to contribute to discrimination between levels of pain. However, contrary to delayed
relaxation on reextensiordue to pain as was expected based on visual inspection, people with
CP were found to have significantly earlier relaxation than healthy participants in full and
forward trunk flexion while people with higher level pain were found to have significantly
earler relaxation than those with lower level pain inteistand. These findings are theorised
to be due to the reduced tension in flexion (in turn due to lower trunk flexion) for people with

CP particularly people with higher level pain.
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For emotional disess, it was shown in this thesis that the uskigh self-adaptorsduring
physical activity may be a cue of emotional distress. This finding builds on the work of Scherer
et al. (2013) that showed that the use of head, hand, and truakiaptbrs inedentary settings
are cues of emotional distress. In the investigation of this thesis, thighdsgifor use was
characterised using the minimum distance between the hands and the thighs. This distance was

shown to be significantly reduced in those wiihhter levels of emotional distress.

It was also shown that tlextent (in distance) of head droomluring physical activity may
be another cue of emotional distress. It was shown that those with higher levels of emotional
distress had significantly less loedroop. Although this may seem to contradict findings of
head slump in the distressed discussed earlier, the two findings are in fact not antithetical. A
valid explanation is that while the distressed keep their head downward for much longer than
those nodistressed (making head slump a cue of distress), those not distressed move their head
farther downward as a result of natural flexibility (as opposed to stiffness) in movement.

6.5.1.3 Contribution 3- MRSE Cues
The investigations of the thesis also contriturtprecedented understanding of movement cues

that enable automatic differentiation of levels of MRSE. This builds on findings in the Chapter
5 of the types of cues used by physiotherapists to estimate MRSE ldeeds.low level

descriptions ofthecues & referred to where overarching thernésueswere not found.

It was shown that speed, range of joint movement for the pelvic, knee, elbow, and shoulder
joints, sum of joint energies, dissymmetry, mean muscle activity, and fluidity of joint
movements & relevant cues for discrimination between MRSE levi@&teedwas found to
significantly decrease with decrease in MRSE leRdsmige of movement of the pelvic, knee,
and shoulder jointswere also found to significantly decrease with decrease in MRSE.level
Conversely,range of movement of the elbowwas found to significantly increase with
decrease in MRSE levels in-it-stand. This finding may be due to tendency for the hands to
be used to push up in ascension in lower MRSE levels as was found far aginéevel. A
different pattern was found for thange of head/neck movementvhere lower range of
movement was found with low level MRSE than was found with high level MRSE in forward
trunk flexion. In sitto-stand, the range of head/neck movement waisen with low level
MRSE than with medium level MRSE.

Dissymmetry was found to be significantly lower, in-$d-stand, in low level MRSE than

in high level MRSE. This was an unexpected result as it was hypothesized that there would be
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larger dissymmetryor people with lower MRSE levels. It may be necessary to investigate

simpler dimensions of dissymmetry than was analysed in the investigation of this thesis where
an aggregate of the dissymmetry for both the anterior and vertical axes was analysed. Furthe
work may consider these as two separate dissymmetry dimensions for each axis respectively.

Fluidity was also unexpectedly found to be significantly higher in low level MRSE than in
high level MRSE in sito-stand. The hypothesis in this thesis was theippe with lower
MRSE levels will be less fluid in their movement than people with higher MRSE levels. It is
possible that strategies used in performing the movement enabled people with lower MRSE
levels to be more fluid in their movement similar to timeliing (in visual inspection) of higher
arm steadiness in people with higher level pain. Although fluidity was a cue the
physiotherapists in the annotation study reported in Chapter 5 noted as using to estimate MRSE,
it is notknownin what movement typehis cue was found useful and how it was used to assess
MRSE levels.

The pattern omean muscle activityacross MRSE levels varied with the muscle and the
movement type. For stb-stand, activity was significantly lower in the right lumbar paraspinal
for low level MRSE than for high level MRSE whereas it was significantly higher in the right
trapezius for low level MRSE. In this movement type, in the left trapezius, activity was lower
for low level MRSE than for medium level MRSE but higher than for highlIMRSE. For
forward trunk flexion, activity was significant lower in the left trapezius for low level MRSE
than for high level MRSE.

6.5.2 Implication for Technological Intervention in CP Physical Rehabilitation
Findings of the feasibility of automatic detexctiof levels of pain and related sefficacy and

emotional distress during physical activity suggest that technology can be leveraged for
personalisation of support and feedback to these states in these settings as needed in CP
physical rehabilitation. fie performance of automatic pain level classification is comparable
with stateof-the-art performance based on facial expressions (@/grner et al. 2016; Rathee

and Ganotra 2016; Roy et 2016). It should however be noted that a fair comparison is
difficult as most of the studies in this area focus on the detection of observer rated expressions
of pain rather than sefeport (which is the clinical standard for assessing pain inygdsinsen

and Karoly 1992) The automatic emotional distress detection performance outperforms the
stateof-the-art performance based on acoustic and facial feat(Mesir et al. 2016;

Alghowinem et al. 2016yvhile the performance for automatic MRSE level classification sets
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the maiden benchmark as it is the first in the area although it (for Forward Trunk Flexion)
surpasses findings for epistemic seficacy in sedemtry learning context$McQuiggan,
Mott, and Lester 2008; Arroyo et al. 2009; Grafsgaard et al. 2015)

The use of body movement cues for automatic detection of levels of these states in the
investigations of ttg thesis provides the opportunity for richer understanding of the behaviour
of a person, and so offers more possibilities to inform interventio@®,ithan facial or vocal
expressions. This is because bodily cues encode not only information abouhapersoa f f e c t |
states but also information about the component of the movement that may be perceived as
threatening and the action tendency (e.g. guarding, i.e. stiffness in movement) in response to
the perceived thredVlaeyen and Linton 2000; Sullivan 2008; de Gelder 2009; Alborno et al.
2016) These metadata allow for more targeted-tiea¢ feedbak or highefresolution data to
guide selreflection simiar to the support provided by cliniciafSingh et al. 2014)For
example, if a prson with CP is observed to respond to low-e#l€acy for a sito-stand by
first positioning the feet as far forward as possible (an unhelpful strategy that makes the
movement more challenging), an automatic observer may suggest raising the |peedaxtt
as a more helpful strategy. Automatic tracking (of these information, i.e. movement behaviour
as well as associated affect) is pertinent since, as shdglipe et al. 2015)people with CP
are not alwgs aware of the cause of their pain related fears/anxieties and the resulting use of
unhelpful strategies. Many physical rehabilitation technologies are already endowed with body
movement sensors making them ready to acquire such tracking capabilitiesth& fiocusn
this thesigvas on the use of wearable IMU and SEMG sensors, the findings of the investigations
can easily transfer to other body movement sensor techno(sg@sas optical based sensors
(JanserKosterink et al. 2013; Tang et al. 2016%ed in CP rehabilitation.

6.5.3 Limitation
A limitation of the studies in this chapter is the sizes of the datasets useds @hthallenge

that this application area faces as people with CP are unlikely to take part in data collection
studies on distressing days (due to pain and related experiences). Further, many people with
CP may have underlying conditions (such as hypbiiity syndrome) that make everyday

living even more challenging and their availability for data collection studies limited. More
data with fairer balance across levels of cognitive and affective states is expected to improve
classification performance. bBddition, more data may allow more figeained detection with

more levels of pain, emotional distress, and-e#itacy considered. Such data would need to

be representative of the levels to be considered; for example, if the 11 levels of the pain self
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report scale are to be considered then there should be comparable number of observations for
each of the 11 level3his data would also enahlevestigation of the dynamide movement

with respect tdevels of pain, emotional distress, and s#ficacy.For such analysis, the data

would haveto include (sensor) observation of movements over extended periods (e.g. hours
for pain and emotional distress level analysis) so as to capture changes in the levels of the states
and how these changes are refle@tedariations inmovement executiorkinally, a larger data

set will allow the use of deep learning algorithms which are expected to improve classification
given that they lead to more complex classification functions than the traditional learning
algorithms (such as SVM and RF) allow. Ddegrning algorithms may also enable learning

of manifolds of IMU and SEMG body movement data that are associated with pain and related
stateqGoodfellow, Bengio, and Counlé 2016)

Given the challenges of data collection in the CP population, it is expedient to investigate
portable, lowcost body movement sensors that can facilitate collection in routine functioning
similar to methods used by technology companiesdeanptation of traffic related data to train
Go o g | edidng eanhology based on reCAPTCHlAern 2017) to acquire training data
and labels. This need is addressed in the stuejpested in the following chapter.

6.6 Conclusion

Addressing the gap in the literature on pegtated affective computinghis study provides
understanding diine-grained movement behaviotlrat enable discrimination between levels

of pain, MRSE, and ematnal distressFor painlevels it was shown that the tempo of
movement execution, the range of movement about the pain location, the range of movement
of the head, the amount of unsteadiness in the arm, back muscle relaxatieextens@n,

and foot posioning (in sitto-stand) can provideues that enable discriminatidfor MRSE

levels the tempo of movement execution, the range of movement about the pain location, foot
positioning (in skto-stand), dissymmetry, fluidity, and the average muscleigctirere shown

to provide cues for discrimination. Fpainrelatedemotional distress, it was shown that the
tempo of movement execution, head or shoulder slump, body sway, the use of thigh adaptors,
and the extent (in distance) of head droop enableigis@tion between its presence and
absenceAutomatic detection performance based on thi®nomy was shown tbe much

better than chance level wifil scores of 0.90, 0.87, and 086 three levels of pain, three
levels of MRSE, and two levels of emotional distress respectiitas/important to note that

movement typevas found taffect the expression of the pain, low MRSE level, and emotional
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distress: while some expressioae relevant across movement types, movements that are
differentcanhave distinct expressions. Advanced techniques such as multilabel classification
and transfer learning may be used to learn both variations in movement due to the state of a
person with CRind the differences in these variations across movement typhegdeveloped
taxonomy contributes to future research in paiated affective computing and also to the

development of affeeaware technology in the context of pain.
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7 TOWARDSUBIQUITOUS AUTOMATIC DETECTION
OF LEVELS OFPAIN AND SELF-EFFICACY IN
FUNCTIONAL AND EXERCISEMOVEMENTS

HE findings of the investigations reported in Chapter 6 point to the feasibility of
Tautomatic detection of pain and related states from body movement feafpieeda

during physical exercises using high fidelity and expensive IMU and sEMG sensors. At
the same time, resulteported in the chaptsuggesthat a reducedumber of sensorsather
than fultbody sensorsmay be sufficient for reliable classificatio These results have
encouraged further investigation of physical activity closer to real life functional activity as a
minimal number of sensoenableportability of body movement captymeecessary for nen
situated activities typical of everyday segn This is an important direction averyday
functional activities are an important aspect of physical rehabilithéocausehey represent
valued goals; yet, as discussed in Chapter 2, they do not easily benefit from capabilities gains
in situated exaise settinggSingh, BianchiBerthouze, and Williams 2017 addition, as
living with CP limits the psychological and physical resources for activities not considered
essentialFelipe et al. 2015; Singh et al. 201%)e main setting of physical rehabilitation for
people with this condition is valued functional activities rather thancise sessions outside
such activitiesIn fact, it has been shown thakercising(when found to be of necessary) is
interleaved with functional activitySingh et al. 2014; Zhang et ain submissiol For
example,stretching exerces movements are domiring breaks wite loading the washing
machineor walking to work; to prevent muscle stifiessandsorenessThus, the third research
guestion investigated in this thesishew can levels of pain and relatselfefficacy and
emotional distresbe detected in everydapysical functioning based on the body movement
behaviours captured using a reduced set of sefisfreelated question that is additionally
relevant is of the feasibility of detection across both functional and exercise movement
contextsThese questionsainvestigated in this chapter with the aim of beginning exploration
so as to provide initial understanding and motivation for further work in the area by other

researchers.

To address #sequestiors, threeissuemneeded to be addressedtlg need for datasebf
functional and exercise movementgpebple with CRaptured using low-cost wearabland

portabledevice; 2Xhe need to understand the possibility of extracting from this dataset features
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describing the body movement cues found relevaradtomatic detection in Chapter &nd

(3) the feasibility ofautomatic detection of levels of pain, sefficacy, and emotional distress
based orsuch a datasefo deal with the first of these issuessensing systerprototype
(named MOVES-PC)cheaper and more portaltkean highfidelity commercial systems such as

the Animazoo IGS190 IMU and the BTS FreeEMG 300 sensors used to acquire the EmoPain
datasetwas built This prototype was necessary adtee time, there were no commercially
availabk low-cost alternatives with IMU and SEMG sensor integration. Although the prototype
was designed to be easily wdan data capture in functional movement settjrigeevaluation

of the prototypdocused on itfunctionalty alone. Howevera discussiof thewearabilityof

the prototype in these settingased on lessons that emerged in the use of it for data collection
is given. This discussion can inform the improvements on the desgpmuohercial systems

The prototypedeveloped was used to acquaerew dataset (named UbBmoPain) of body
movement data captured from people with CP during both functional movements and physical
exercise movements in addition to selports of pain, sefficacy, and emotional distress.
This dataset was then analysesihg machine learning algorithms to understand the feasibility
of automatic detection usinguchsensor systemshese investigations are reported in this

chapter.

The chapter hasix main sectios. The development and validation of prototyfe
describd in Section 7.1In Section 7.2, the use of the prototypeollecting the UbEmoPain
datasets describedThe methods used to extract the body movement features (resulting from
the investigation reported in Chapter 6) from the dataset and analysatheatascribed in
Section 7.3 while the results of the analysis are reported in Sectwiil7 ldw level discussion
of theseresults The findings of the investigations are altogether discussddt a higher level

in Section 75, and a conclusion is\ygn in Section 7.6.

7.1 Prototype Development
In this section, the development and validatiothefM oVES-PC prototypearedescribed.

7.1.1 Developmenbf the Prototype
The MoVvES-PC prototypewas built to use a variable number of sensing units where each unit

comprises an IMU or sEMG sensor connected to an Arel@sed dual iine package (DIP).

7.1.1.1 The IMU Units
The IMU used in the IMU sensing units (see Fig-léff) is the MPU9150 (Invensense Inc

2012) which is an integrated triaxial accelerometer, gyroscope, and magnetometer. The
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combination of data from the three sensors enables estimation of orientation o\(&etinpe
Janssen, and Van Der Kamp 1998; Jasiewicz et al. 2006; Rouhani et al. Zh&2)
magnetometer gives large errors in the presence of magnetic interf@enge, Janssen, and
Van Der Kamp 1998; Luinge and Veltink 200&)d so because théusion of data from the
accelerometer and gyroscope is sufficient for estimation orientation in certain appdication
(Charry, Umer, and Taylor 2011; Dwet al. 2014; Roan et al. 2012nly data from the
accelerometer and gyroscope were fused in this prototype.

The accelerometer can be used on its own to estimate orientation with respect to
acceleration due to gravity when acceleration due to matiargligible(Charry, Umer, and
Taylor 2011; Duc et al. 2014; Roan et al. 2Q1@yientation can also be independently
estimated from the gyroscope, which measures angular velocity; this can be done by integrating
angular velocity over tim@.uinge and Veltink 2005; Roan et al. 201€pmbining orientation
derived from both the accelerometer and gyroscope improve estimation ogdCtuary,
Umer, and Taylor 2011; et al. 2014; Roan et al. 201Zhe complementary filter algorithm

(Roan et al. 2012)as used for fusion, computing orientatubat timet as

Cthy,O + (1 - C)qtacc

wherec is a constant cenff frequency, which depends on the sampling peflicghd time
constantJin the relationship

e

Fig. 7.1 Left - an IMU sensing unit athe Moves-PC prototypeRight- an SEMG sensing unit of the prototype
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t=T—
1l-c
This algorithm is simple to implement and has been found to be comparable in performance to
other fusion algorithms such as the tiw@ying complementary filter and the Extended
Kalman filter methodgRoan et al. 2012)An open source Arduino implementation of the
algorithm(SparkFurElectronics 2016yvas used

7.1.1.2 The seEMG Units
The sEMG sensor used in the SEMG sensing units (Figightl) is the BITalino EMG sensor

(Plux 2015)which records muscle activity in the range +1.65 microvolts for input voliage
= 3.3 volts. The sensor uses a bipolar electrode coafigarand a reference electrode. The
three electrodes were connected to the sensor board using afalellegth of 45 centimetres

provided by the sensor board manufacturer as an accessory.

7.1.1.3 The Other Components of the Prototype
The DIP used is the RFD2210RFduino.com 2013hich consists ba 16 megahertz ARM

CortexMO processor with flash memory of 128 kilobits and random access memory (RAM)
size of 8 kilobits and a 2.4 gigahertz radio antenna with transmission power of 4 -decibel
milliwatt. The transfer functions and filter algorithm usedcompute orientation from the
IMUs and the transfer function used to derive muscle activity from raw SEMG sensor data were
implemented on the DIP for the IMU and SEMG sensing units respectively.

Each sensing unit was powered by a-lt, 400milliampere-hour, 0.00%ilogram
lithium ion polymer battery andaeh of IMU and SEMG units weighed 0.052 kilograms and

0.069 kilograms respectively with their batteries and enclosure packaging.

Data was collated from the sensing units via BLE using a culstoltnmobile application
as master in a star topology with the sensing units as slaves. The application was designed, as
shown in the screenshot in Fig. 7.2, to allow: wireless connection of multiple available sensing
units, launching of synchronised recordofgdata with connected sensors, and termination of

recording with storage of recorded data.

7.1.2 Validationof the Prototype
The capability othe MOVES-PC prototypeto trackobservable movement and hidden muscle

activity was validated before using it to calléehe UbtEmoPain dataset. This validation was

donein two studieswith healthy participants. In the first study, only the SEMG sensing units
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s Available BLE Devices

Unknown device
MFLOA DYDY

Unknown device

bF6271FC02851 You have selected emglL Do you really want to quit the
6271F 0028 51 application?

Unknown device pedenalpsiant | | Horn | el Mo, Do Not Qua Yes, Quit
08888806111

BO9D3B1E1624E

A A5 AR AR V¥
Unknown device
TAASD 7087 £0

Unknown device

S0 CC34: 503585

Fig. 7.2. Moves-PCmobile applicatiorscreenshots: Leftthelist of BLE devices available during a scan; Middiialog
in connectingo one of the sensing unit$ the prototypeRight- dialog inteminating a recording session

of the prototype were assessed as, unlike IMU sensors, there has been less uimgeostand
the efficacy of lowcost SEMG sensor@nd so it was necessary to evaluate their movement
capture functionalityBoth the SEMG and IMU units of the prototype wtrgetherassessed

in the second studyo understand their efficacy for capture of bgdéxpression and
concomitant muscle activityrhe validation activities, sensor placements, participants, and

validation tests are described in this section; the results are reported in the next section.

7.1.2.1 Physical Activity
In the two validation studiescaried out the same movement typéBull Trunk Flexion,

Forward Tunk Flexion, and Sito-Stand)considered in the investigatioaportedin Chapter
6 were focused on. In the validation studies, the movements were performed in arbitrary order

with Sit-to-Stand always performed first followed by Forward Trunk Fexi

In the Sitto-Stand activity, each participant was instructed to: sit still for 10 seconds, stand
up, and keep standing for 10 seconds. This sequence was repeated once followingpa stand
sit. In the Forward Trunk Flexion, each participant was instructed to: stand for 10 seconds,
reach as far forward with the arms as possible, maintain the peak pose for 10 seconds, and then
return to standing. The sequence was also repeated once followeddiygtan10 seconds.
The Full Trunk Flexion activity was similar to the Forward Trunk Flexion except that the
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participants were instructed to reach downwards as close to the toes as possible with the arms
rather than forwards. Precise timing was not reglifor the maintenance of the apex poses

and so, the timing was done by the participant counting from 1 to 10 out loud or inwards. This
timing method was used instead of a clock as it had the advantage of enabling the participants
to keep track of the pha®f the activity that they were in and so enabled smooth flow between
the phases. Instructions were given at the start of each movement type verbally and with
demonstrations, and visual aids were placed within the sight of the participant during the

movenent.

7.1.2.2 Placement of Sensing Units
For the two validation studies, the sensing units used were placed based on the muscle groups

and anatomical segments found interestingtie automatic detection of levels of paself
efficacy, and emotional distreé®m body movement in Chapter 6. Two SEMG units were
used for both studies with each unit attached to the right trapezius and the right lumbar
paraspinal. For both muscleogips, the reference electrodes were placed as recommended by

the manufacturer on a bony (i.e. electrically neutral) surface: it was placed on the C7 spinous

Fig. 7.3. Participant R2 in Validation Study 2 with 2 SEMG units attached to the lumbar paraspinal and trapezit
the sensor units held in a waist belt and an arm pouch respectively) and 4 IMU ptatsaton the: head using a viso
trunk using the waist belt, and thigh and shank using a knee sleeve (in yellow)
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process for the trapezius and on the lumbar spine for the lumbar paraspinal. In the second study
where IMU units were also assessed, IMU units were placed anterior to the head, trunk, thigh,

and shanksee Fig. 7.3)

7.1.2.3 Participants
Nine healthy participants were used in the first validation study while three participants were

used in tle secondtudy.

7.1.2.4 Validation Tests
For the first study, the prototype was validated against a standard sEMG system (the

commercial BTS FreeEMG 300) and physical activity ground truth. To enable this, each
participant performed each of movement types in two series: the BTENFG800 was used

in the first series placed as described above (without placement of reference elestiusges

sensos did not havethem) and the MOVESPC was used in the second series at the same
electrode positions. Validation analysis was based isnal inspection and traditional
statistical tests. In visual inspection, plots of the SEMG data were compared between the BTS
FreeEMG 300 sensors and the prototype within each movement type and across the nine
participants. The statistical tests furtharagtitatively evaluated if the prototype enabled
differentiation between muscle tension and relaxation. These analyses were found to suffice in
providing evidence of the efficacy of the SEMG sensing units of the prototgpscathese

were the only analysedone in this study.

In the second validation study, the IMU and sEMG sensing units of the prototype were
validated against physical activity ground truth and validation analysis was based on visual
inspection where plots of the SEMG and IMU data wemdysed to assess how concomitant
they were and how well they charactedisee movements performeds the trunk flexion
extension data was the easiest to interpret, the analysis reported focuses on the data from the

IMU units placed on the trunk.

7.1.3 Resultsof the Prototypé/alidation
The results of the validation analysis are presented here. The SEMG data for participants P1

and P7 of the first validation study were not included in the analykssasf contact between
the SEMG electrodes and the sledto the capture afioisealonefor them.

7.1.3.1 sEMG Units Only in Sito-Stand: Visual Inspection
Fig. 7.4Top shows the raw SEMG signal measured at the lumbar paraspinal of a participant

during the SHto-Stand activity using the BVES-PC prototype The profileshows increasing
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muscle activity followed by a decrease in the lumbar paraspinal (accompanying trunk-flexion
extension) during both sib-stand (STSt) and stasid-sit (StTS). During sitting and standing,

muscle activity remains at baseline. This patwas the same for the other participants
regardless of the sensing system used as can be seen in Fig. 7.5. The pattern for the trapezius
in the same activity is similar (see Fig.-Bdttom) except that the maximum amplitude at the

apex posess lower inthe trapezius.
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Fig. 7.4. Activity of the lumbar paraspinal (Top) and trapezius (Bottofiparticipant P&aptured using the MWes-PC.
STSt = sitto-stand, StTS = stantb-sit
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7.1.3.2 seEMG Units Only in Forward Trunk Flexion: Visual Inspection
A sample of theaw lumbar paraspiractivation profiles captureduring the Forward Trunk

Flexion activityusing the prototype&an beseen in Fig. 74&op. Similar to the Sito-Stand
activity, muscle activity remained at baseline while standing and it increased with trunk flexion,
and then decreased with-egtension. This is the same pattern for all the particidantsoth

the protaype and the BTS system (see Fig. 7.7). For majority of the participants, high level
activity was maintained in the lumbar paraspinal for the length of maximal flexion. There were
two deviations, participants P4 and P6, where there was muscle silencgtiigrperiod. This

is the flexionrelaxation phenomenon, discussed in Chapter 6, which occurs at large trunk
flexion angle (Watson et al. 1997)The exact flexion angle where iadils vaies between
individuals; howeverat this angle, the flexion work is transferred to the pelvic muscles and
the back muscles are no more involved. The phenomenon is more common in full trunk flexion
where large trunk flexion angles are typically reaclkeadl.all the participants, the same pattern
was captured by both the prototype and the BTS system. The pattern for the trapezius was

similar to the pattern for the lumbar paraspinal as can be seen in Hupttash.
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7.1.3.3 sEMG Units Only in Full Trunk Flexion: Visual Inspection
Fig. 7.8Top shows the lumbar paraspinal muscle activity pattern of a participant during Full

Trunk Flexion measured using the prototype. As expected, Weseactivity increase with
flexion followed by a decrease in activity until muscle silence at maximal flexion due to the
flexion relaxation phenomenon; activity-ircreased at the beginning of extension followed

by a decrease as extension is completasdshown in Fig. 7.9, this pattern was the same using
the BTS system. A similar but less marked pattern was found with the trapezius (see in Fig.
7.8-Bottom).
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TABLE 7.1 WILCOXON SIGNED RANK TEST OFDIFFERENCE BETWEENVIUSCLE RELAXATION AND TENSION (FOR
BOTH THEMOVES-PCAND THE BTS SYSTEM)

MEDIAN MUSCLE ACTIVITY
MoVES-PC PrototypémV) BTS System (V)
baseline, average maximal | baseline, average maxim
Sit-to-Stand -1113.4, 1014.67 0.00004494, 0.3%8
p;‘;;”stl’;‘;al Forward Trunk Flexion -1097.51, 10323 0.00003955, 0.4454
Full Trunk Flexion -1109.05, 1063 0.000082810.5259
Sit-to-Stand -146.45, 808 -0.00002749, 0.1331
trapezius Forward Trunk Flexion -147.17, 1646 0.000193, 0.64805
Full Trunk Flexion -141.71, 6105 -0.000010985, 0.08842¢

a7=-2.366,r=0.89,p<.05; °z=-2.66,r=0.89,p<.01; °z=-2.51,r=0.89,p<.05

7.1.3.4 sEMG Units Only: Statistical Analysis
A Wilcoxon Signed Rank test was done to further test if there was significant difference

between baseline muscle activity and maximal activation measured by the prototype
(comparingwith the BTS FreeEMG (). Maximal activation was computed for each
movement type as the mean of the maximum amplitudes during each féténsion in the
movement type while baseline was taken to be the mean activation for the first 500 frames in

the corresponding muscle afty profile.

Table 7.1 shows the results of the test for the prototype and the BTS FreeEMG 300 system
for each of the lumbar paraspinal and trape#+as.the prototype,ignificant difference was
found for both the lumbar paraspinat{2.366,p<.05; with large effect size=0.89) and the
trapezius £=-2.66, p<.01; with large effect size=0.89) for the three movement types. This
suggests that the prototype al®weliable differentiation of muscle tensidrom relaxation.
This finding was the gsae forthe BTS FreeEMG 300 whetkere wassignificant difference
for both the lumbar paraspina=2.66,p<.01; with large effect size=0.89) and the trapezius

(z=-2.51,p<.05; with large effect size=0.89) for the three movement types.
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TABLE 7.2 WILCOXON SIGNED RANK TEST OFDIFFERENCE BETWEENVIUSCLEACTIVITY CAPTURED FROMTHE
LUMBAR PARASPINAL AND THE TRAPEZIUS(FOR BOTH THEMOVES-PCAND THE BTS SYSTEM)

MEDIAN NORMALIZED AVERAGE MAXIMAL
ACTIVATION

MoVESPC Prototype (mV) BTS System (V)

lumbar paraspinal,apezius | lumbar paraspinal, trapezit

Sit-to-Stand 2128.07, 950.08 0.357606, 0.133127
Forward Trunk Flexion 2150.6, 1789.35 0.4651, 0.6477
Full Trunk Flexion 2144, 752.734 0.52619, 0.088488

a7=-2.366,r=0.89,p<.05, "z=-2.66,r=0.89,p<.01

Further analysis was done to test if the difference between the maximal activation of the
lumbar paraspinal and the trapezius fort&iStand and Full Trunk Flexiofound o visual
inspection (see Fig 7.4 and 7.8 respectively) was signifitan.analysis was also done using
a Wilcoxon Signed Rank test. Maximal activation was computed as done for the previous test;
however, maximal activation was additionally normalised to baseline adtvityubtracting

the baseline from the maximal actwiin this test.

Table 7.2 shows results of the test for both the prototype and the BTS FreeEM&1300.
the prototype,ignificant difference £=-2.366,p<.05; with large effect size=0.89) was found
for Sit-to-Stand and Full Trunk Flexion. This suggestat highertensionis reached irthe
lumbar paraspinal than in the trapezius when performirtg-sitand or full trunk flexion. The
finding also provides evidence that the prototype not only enables differentiation between
tension and relaxation butatit also allows differentiation between high and low tendton.
the Forward Trunk Flexion activifythe differencebetween the maximal activation of the
lumbar paraspinal and trapeziwas lower and not significant. This may be because the arms
play amore active role in forward trunk flexion than in either ofteistand or full trunk
flexion. These findingsvere the samér the BTS FreeEMG 300 with significant difference
(z=-2.66,p<.01; with large effect size=0.89) found for the Sito-Stand andrull Trunk Flexion

alone.

7.1.3.5 Both sEMG and IMU Units
To assess how well the sEMG and IMU data concomitantly characterised the-8&teoision

movements, the pitch dimension of the tdimensional IMU data (pitch and yaw) measured
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at the trunk was plot together with corresponding sEMG data. Each sEMG signal was pre
processed by first normalising to baseline based on subtraction of the mean followed by full
wave rectification. The signal was then converted to volts, and smoothed using the Savitzky
Golay filter (Savitzky and Golay 1964)

Fig. 7.10 to 7.12 show the trunk flexi@xtension profiles with corresponding activity of
the trapezius captured by the prototype for each of the three particifatiie second
validation study respectively. Due to noisy data as a result of loss of contact between the SEMG
sensor electrodes and the skin, the data fe2 Pthe Full Trunk Flexion activity and for P3

2 in the Sito-Stand were exaded from the vigal analysis.

As expected, high levels of activity in the trapezius were found to correspond to trunk
flexion or extension whereas baseline activity corresponded to resting pericgittings (R1)
and standing (R2). In addition, trunk flexiaras found to be highest in full trunk flexion and
lowest in sitto-standwhile maximal activation of the trapezius was highest in the forward trunk

flexion and lowest in the stb-stand.

SIT-TO-STAND FORWARD TRUNK FLEXION
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Fig. 7.10. Trunk flexion/extension (Top) and concomitant activity of the trapezius (Bottom) during-th&g&ind
(Left) and Forward Trunk Flexion (Right) for participant-PISTSt = sito-stand; StTS = stantb-sit; R1= sitting; R2=
standing
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Fig. 7.11. Trunk flexion/extension (Top) and concomitant activity of the trapezius (Bottom) duringt@p&ind, (b)
Forward Trunk Flexion, and (c) Full Trunk Flexion for participartP 3T St= sit-to-stand; StTS standto-sit; R1=
sitting; R2= standing

177



FORWARD TRUNK FLEXION FULL TRUNK FLEXION
100 100 flexion  flexion
flexion flexion
50 50 |
4% | R R2 R2 5
5 © Z 2 = R2 R2 R2
- 0 0
=
-50 ol . |
0 1000 2000 3000 400( 0 05 p 15 >
frames frames «1n?
1.5 15
m >
= >
2 5 g
N O 3
0 o g
2 3 El
® 205 @
Pl £
S
0 | _ .
0 1000 2000 3000 4000 5000 6000 700 0 05 ] 15 o 25
frames frames «10%

Fig. 7.12. Trunk flexion/extension (Top) and concomitant activity of the trapezius (Bottom) during Full (Left) and F
Trunk Flexion (Right) for participant P3. R2= standing

The overall finding of the two validation studies flkat the MbVESPC enables
synchronised, lovzost capture of bodily orientation and concomitantiscle activity
information. Although the SEMG sensing units of the prototype suffered signal sat@eagon
see Fig. 7.8Bottom), they were found to captur@@ugh information to allow differentiation
between muscle tension and relaxation with possibility of further differentiation between two
levels of muscle tension. This capability was expected to be adequate for the differentiation
between levels of pain drrelated states and so the prototype was used to acquire the Ubi

EmoPain dataset.

7.2 Data Collection
In this section, theollection of theUbi-EmoPain datasetsing the MoVES-PCis described.

7.2.1 Participants
The participants were 12 people with CP in the lolsek. The majority of the participants

were recruited through the British College of Osteopathic Medicine (a private institution) and

the pain management centre of the National HospitaNeurology and Neurosurgery (a
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National Health Servicéospital).A few other participants were recruited outside of these

institutions.

The patrticipants comprised 11 females and 1 male with ages ranging between 27 and 77
(median = 51.5). The median number of years of pain for the participants was roughly 28.5
years (inerquartile range = 27). Only an estimate can be given as some of the participants were
not able to report an exact number of years and only gave an estimate. A more detailed profile

of the participants is included in Appendix.

For the participants regited through the college, data collection veasried outin a
consulting room provided within the osteopathy clinic of the college while data collembion
placein rooms onUniversity College LondonUWCL) campus for the other participanihe
data were collected in controlled environmen
put undue stress (e.g. feeling of obligation to prepare their homes for the researcher) on them
given the early stage of the workhe next generation of ¢éhprototype will be tested in home
settings to build on this proaff-concept phase; however, this next phHaseit of the scope of

this thesis.

7.2.2 Sensor Placement
Four IMU and two SEMG sensing units were used similar to the second validation study with

placements as shown in Fig. 7.13.

To facilitate attachment of the sensing units, customised accessories were designed by the
researcher using a sewing machine amgotraft resources available at UCL. Although the
design of these accessories did not aim to be the final creation, it enabled understanding of the
challenges of attaching movement sensor units beyond the typical bracelet designs suitable for
the hands ane.

An adjustable visor was used to attach an IMU unit to the head and two IMU units were
attached to the thigh and shank respectively using a nonslip knee sleeve fitted with pockets to
place the units in. The fourth IMU unit was attached to the trumgusbacksupport belt with
pockets to hold the unit.

The electrodes of the two SEMG units were attached to the right lumbar paraspinal and
trapezius muscles. To prevent dislodging of the electrodes in movement, the rest of the unit

attached to the lumbgaraspinal was placed as close as possible to the electrode attachment:
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head IMUunit |

trapezmus sSEMGunit
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visible)
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Fig. 7.13. The placement of 4 IMU units and 2 sEMG units of the prototype on participéhirPdhe data collection stuc

in an additional pocket on the belt on the trunkelwise, the sEMG unit attached to the

trapezius was placed in an armband worn on the upper arm.

7.2.3 Physical Activity
After being fitted with the sensing units, each participant performed three repetitionsoef Sit

Stand, Forward Trunk Flexion (i.e. reachasgyfar forward as possible from standing), and Full
Trunk Flexion (i.e. typical movement done to pick an object from the floor) similar to the
EmoPaindataset(see Fig. 7.14 a and c). However, here, the exercise movements were
randomly interspersed with errepetition of functional forward trunk flexion and functional

full trunk flexion. This was done to prevent monotonicity or lack of istésject variation due
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7.14.a andb: Ubi-EmoPain participant P2 during exercise (ia) and during functional (ib) forward trunk flexionc
andd: Ubi-EmoPain participant R8 during exercise (io) and during functional (id) full trunk flexion

to repetitiveness when movements of the same type are performed in immediate succession.
Thus, other movement types and brief rest breaks occurred between successive performances

of the same movement type.

Because of restrictions @ossibleadaptivity of the locations where the data were collected,
everyday functional activities were simulatading furniture and objects available in the
rooms. For thefunctional forward trunk flexion, the participant was askedpittk up a
cardboard box affixed to the wall in frontlifn/herusing pressure sensitive adhesive; a barrier
was placed between thearpicipant and the wall so thathe needed to reach forward to
complete the task (see Fig. 7.14bhis aimed to reproduce functional forward reaching
movement typicdy used to manipulatan object that is justithin reach (e.g. a distant stem
in a rosebush while gardening, a cup in a kitchen cupboard, a book on a shelf, a vacuum

cleaner) and requireslightly off-balance positioningo get to In the functional full trunk
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flexion, the participant was asked to pick a cardboard box from the floor @eé.Hd)to
evoke movement similar to wheshe attempts to manipulate an object on the floor (e.g.

shopping bags, a fallen item, shoes)

While the exercise movements simuthteutine forward trunk flexion in everyday
functioning, the functional movemtn(taking an object from a wall and picking an object up
from the floor) enabkéi nvesti gatwi bddophypseaal activity
closer to everyday scenaribhe inclusion of the functional movements in the new dataset is
importantbecause, safound in Singh, BianckHBerthouze, and William$2017) controlled
exercise settings do not fylreflect the challenges that people with CP face in everyday
functioning.In fact, inSingh et al(2016) participants reported being more anxious kasg
confident when performing forward trunk flexion functionally compared to when they

performed it in exercise.

It is due to the finding thainly one instance of functional movement was requested per
movement typén the colleabn of the UbiEmoPain dtaseto limit the stress on participants
This is a typical problem when building datasets in delicate circumstances where data
collection is limited due to concern about possible stress on the participants and it further points
to the need for lovcostbody movement sensing systems that allow opportunistic capture of
body movement data in everyday settings. Thevlks-PC prototype is a starting point that
can inform the development of such systems.

125 movementinstanceswere captured46, 45, and 34 were instances of Full Trunk
Flexion, Forward Trunk Flexion, and $d-Stand respectively with 26.1%, 22.2%, and 2.9%
asfunctional instances of these movement types respectivelytheinstances, SEMG data
was recorded at about 6Brtzwhile IMU data (pitch and yaw) was recorded at approximately
45 hertz. Video was also recorded from three different views: anterior, posterior, and lateral

(as can be seen iig. 7.14 a, b, and c respectively).

7.2.4 Pain and Related Labels
Similar to thdabdling procedure used for ttemoPairdatasetpain related emotional distress

was measured using the HAES which participants completed before performing the
activities.In addition, br each movement instance, each participant was asked to rate his/her
level of confidence of the ability to perform the movement on a scale of 0 to 10 of increasing
magnitude before performing the movement as a measure -@ffsedicy for the movement.

Measure of seléfficacy level before performance is the standard methefficacy selfreport
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(Gunter et al. 2003; Treasure, Monson, and Lox 1986)t is more reliable than pest
performance selfeport (which is based on reflection) because efficacy is a prediction. The
participant waslsoasked to rate his/her leva pain on a scale of 0 to 10 after completing the

movement.

Median HADS13 score was 12 with standard deviation of 5.6. Only one participant was
found to be emotionally distressed (i.e. with HADS > 19). Median pain intensity was 2.5
with standard deation of 3.3 and there were 36.8% of the movement instances for which
higher level pain was reported (i.e. pain intensity >=5). Med@RSE level was 9 with
standard deviation of 2.6; lewlevelMRSE (i.e. MRSE level <=5) was reported for 29.2% of

the movement instances.

As with the investigation in Chapter 6, two levels of pain in these participants with CP were
considered for automatic detection; pain instances with intensity less than 5 were labelled as
lower level pain instances and the other instangere labelled as higher level pain instances.
Similarly, two levels of MRSE were considered with MRSE levels grehtar5 labelled as
higher level MRSE and others as lower level MRBHe to the underrepresentation of the
emotionally distressed groupthe dataset, analysis for emotional distress was not further done

in this investigation.

7.3 Data Analysis Methods

To investigate the feasibility of automatic detection during both functional and exercise
movements based on body movement features captwiad a minimal set of loveost
wearable sensors, machine learning algorithms were usaghlimreclassificationof levels of

pain and MRSBbased on the sEMG and IMU data of the-BbnoPain dataset. First, the SEMG

and IMU data were prprocessed and the body movement features discovered in the
investigation reported in Chapter 6 were extracted from them. Due to missing data as a result
of technical malfunction (BLE disconnection and interference) or inadequate cfizbe
attachment accessories, data imputation was explored for the recovery of missing feature values
before modelling. The methods used for-precessing, feature extractioratd imputation,

and modelling are described in this section.

7.3.1 PreProcessing of Raw sEMG and IMU Data
Each sEMG was pfprocessed by first normalising to zero mean and then performing full

wave rectification on the resulting signal; the rectified signaltivas smoothed, i.e.
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e=ffle-& "t

where

ae
g= L

fis a SavitzkyGolay filter applied over the signal, ahd 1, 2, ...,T the length of the signal in
frames.Thesignal waghenconverted frommillivolts to Volts. Fig. 7.15 for example shows
transformation of the SEMG signal captured at the trapezius of participegti@&g Full
Trunk Flexion exercise performance. Finally, all-precessed sEMG signals were resampled
to exactly 65hertz before feature extraction. The UMlata were also resampled to exactly 45

hertz before feature extraction.

7.3.2 Feature Extraction
The features extracted from the ym®cessed IMU and sEMG data of the {#ithoPain dataset

are based on the features used in the studies in Chapter 6 (based onhbbeyfldmoPain
dataset) where these features were shown to result in good detectiompedes. However,

their computation had to be adapted to the different sensor network used in collecting the Ubi
EmoPain datasef summay of the featuregxtracted in this case given in Table 7.3The

features and theaxtractionaredescribed in tis section.
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Fig. 7.15 Raw activity (Left) of the trapezius for UimoPain participant R3, in (Right), the signal has been normali
to zero mean, fullvaverectified, and converted to Volts
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TABLE 7.3FEATURES FOR PAIN ANDMRSELEVEL CLASSIFICATION

Pain Features MRSE Features
1 range of trunk flexion range of trunk flexion
2 range of trunk flexion with compensation for knee ben| range of head flexion
3 range of head flexion range of thigh flexion
4 lumbar paraspinal activity change point time range of shank flexion
5 lumbar paraspinal activity change point amount range of lateral trunk rotation
6 trapezius paraspinal activity change point time range of lateral heatation
7 trapezius paraspinal activity change point amount range of lateral thigh rotation
8 lift speed (for sito-stand) range of lateral shank rotation
9 range of trunk flexion before lift (for stb-stand) trunk speed
10 range of knee flexiopost lift (for sitto-stand) head speed
11 head extension (for sib-stand) thigh speed
12 shank speed
13 trunk fluidity
14 head fluidity
15 thigh fluidity
16 shank fluidity

7.3.2.1 Pain Level Features
For Full and Forward Trunk Flexion movements, which are similar types of movement in that

they both require trunk flexion and movement of the arms, the range of trunk flexion, the range
of head movement, and muscle activity change point features weretedti@ince, there was

no arm orientation information in the UBmoPain dataset (due to limitation imposed by BLE
interference as is discussed in Sectibb), the features of arm steadiness used in the
investigation in Chapter 6 could not be used hene.rainge of head and trunk flexion and time

of muscle activity change point for the lumbar paraspinal and trapezius were also extracted for
Sit-to-Stand. Lift speed, range of trunk before lift, and range of knee flexion post lift were
additionally extracte for this movement type. Differently from the feature investigation
reported in Chapter 6, the amount of head extension at lift was additionally extracted as new
video analysis with physiotherapists showed that this is a cue they use in assessingrmeeforma
of sit-to-stand. The physiotherapists explained that a strategy used by people with CP to achieve

lift in sit-to-stand is to use the head to push up.
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Range of Trunk FlexianTwo range of trunklexion features were computed. For one of them,

similar to the method reported in Chapter 6 wheree bends needed to be compensateid for
the extraction of this featutgecausehe computation of the trunk angligom the EmoPain
dataset)was dependdron the knee position relative to the hgpmpensation for knee bend
was done. For the second, no compensation was dowéhathe UbtEmoPain datasetrunk
orientation information is available independent of the knee informakius.range of trunk

flexion was computed as:

_ X Y
Lﬁr(unk = MaxX@runk) - MIN(Gtrunk)

where qt’r(unk={c7t’r<unkt, "tt=122 ,T} and G, i the pitch orientation (i.e. orientation

along the anterieposterior axis) of the trunk at tinmigl Ot OT, tI Z, whereT is the number

of frames of the movement instance. The koaeected range of trunk flexion was computed

as:
= _ X C X
Cl/?;unk- corr = MaXGtrunk- corr) = MINGtrunk- corr)
€ x 3 _x X @ < A X X 8
%qtrunkt +é@kneet ) qkneelg if ¢ Tkneey ) qkneel§< 0
where Gunk- corr =1 "t:it=122,T

X
qtrunkt

—_— —) —

otherwise

Range of Neck FlexianThis was computed as:

ﬁead = max@r):ead) - min(qﬁ(ead)

where %(ead:{qr)\(eadt’ "t:t=122 ,T} and gheaq is the pitch orientation (i.e. orientation along

the anterioiposterior axis) of the head at tihe
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Muscle Activity Change Point Time and Amoufihe time of muscle activity changand the

amount of chageé that occurs at the tim@aormalised to the duration of the signal and the

amplitude range of the signal respectivelgre also extracted, based on the same method used

in Chapter 6:
TR, t+(m_/_+%) ag
=t- (\;ﬁv#y) —t?(y M }0
argmaxaé - — /2 , "tit=w+ (d +1/ 2.T- %v+(d +%8J8
toa w To
' § ;a
£- ¢ :
T

§ 9 t+{w +cy) og

°

max% (a#V) - I_Hcy , "tit=we (d +1/ 2.,T- &!v+(d +%Eiljg

; L

§ g §0

&=
max(mg)

wherew=50 andd=21 are the sliding windows length and gap respectively.

Lift Speed This was computed as the average speed from the start of ascension to the end of

the sit-to-stand movement:

(‘7t ‘7t-1)
t—tl+1

T-tj

— H X T X . . . . .
wheret—afgpln(qtrunk) qh.gh {qth,gh , "tit=122 ,T},andqthight is the pitch orientation (i.e.

orientation along the anteriposterior axis) of the thigh at time
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Range of Trunk Flexion Before LiffThis was computed as:

_ X X
ﬁw(unk- prelift = MaXGtrunk- prelift) = MIN(Gtrunk- preiift)
where gx =& "tit=12,...argmin(g, )Q
Grunk- prelift :,qtrunkt ' : peee Al gt irunk 5

Range of Knee Flexion Post Liffhis was computed as:

= _ X X
Ghigh postit = MaXGhigh postitt) - MIN(Ghigh posti)

é . ) a
where qt)r(ngh- postlift =1 qI)[(ﬂgh , Ctit= argmm(Qt)r(unk):---Tl','l'
i t y

Head Extension At LiftThis featurevas computed as

x _ X X
%ead prelitt = MaX@head prelift) - MiN(Ghead preift)

é " . H 0
where Ghead prelift =1 ql:ead prelift, * tit=12,..., argmln(Qti'(unk)(;‘l :
i t y

7.3.2.2 MRSEFeatures
Here, the range of flexion, range of lateral rotation, speed, and fluidity of the head, trunk, thigh,

and shank were extracted as features.

Range of FlexionHere, this was computed as:

%

& =max(g*) - min(q*)
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whereq™ =Goaq Gunk f/t}(,igh and g for thehead, trunk, thigh, and shank respectively.

Range of Lateral Rotatio his was computed as:

& =max(g¥)- min(g")

where g7 is the yaw orientation profile @e,q Gyunk, Fhign, @1 Gehank for the head,

trunk, thigh, and shank respectively.

SpeedThis feature was computed as:

X — X X X X y — oY y y y
Whereq _qhead, qtrunk, qthigh, and qshank andq _qhead, qtrunk, qthigh, and qshankfor

the head, trunk, thigh, and shank respectively

Fluidity: This was computed as the mean jerk (i.e. derivative of acceleration)sshtwehed
orientation profiles:

o 3 ~
where j = géi qg(moothg géi smoothO
& a 0 ge a3 9

qé(mooth and qgmooth are the smoothed pitch and yaw orientation profiles respectively.

Smoothing was don® reduce noise artefacts and it was daosiag the Savitzkysolay filter
(SavitzkyandGolay1964)
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7.3.3 Modelling Methods
The features described in the previous section were used faewelopain and MRSE

classification.

As mentioned earlier, there was siigy data in the UbHEmoPain datase5.1%, 19.5%,

and 24.7% for Full Trunk Flexion, Forward Trunk Flexion, artet@&Stand respectively. Thus,

there were missing feature values in the extracted featurelset.standardapproaches

(Feelders 1999¥or dealing with missing feature values were¢herefore,explored or

classification modelling:

Decision Tree with Surrogate Splits One approach was the use of a decision tree
with surrogate splitBreiman et al. 1984ylescribed in Chapter Wjth the incomplete
featuresetfor classification. Hyperparameters were set based on grid s€argtain

level detection, the maximum number of splits was set to 7 for Full and Forward Trunk
Flexion and 1 for Sito-Stand; for MRSE level detection, it was set to 7 for the three
movement types.

Imputation : In the secon@pproachimputationwas usedo recover missing feature
values(Little and Rubin 2014)There are two types of imputation that can be done:
single imputation where only one value is imputed for every missing value and multiple
imputation where multiple values are imputed for every missing vale.multiple
imputation method has the advantage of accounting for uncertainty in imputation by
drawing multiple (i.eM>1) plausible values from a distribution based on the observed
values and averaging over these values. In this study,siigle andM=5 multiple
imputation methods were used. Expectatiaaximization is the typical method used

for imputation(Little and Rubin 2014)however, it could not be used hrereas the
Ubi-EmoPain dataset failed the requirement of normality. Regression was instéad use
for imputation. This was done in IBM SPSS Statistics 22. To build the regression model
used for imputation, the order of performance of a movement instance within its
movement type (and whether it was exercise or functional), the identification numbers
of the participant, the level of reported pain, the HADEscore, and the sa#port of
MRSE were includedvith the feature vectoas predictor variabledn the single
imputation approaclthree learning algorithms were used for classification: decision

tree, RF, and polynomial SVM. Hyperparameter settings was based on grid search:
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o For the decision tree$or pain level detection, the maximum number of splits

was set to 11 for all three movement types for the imputed datasets; for MRSE
level detection, itvas set t’ for the three movement types.

o For the RFEfor pain level classification, 50, 100, and 50 trees were used for Full
Trunk Flexion, Forward Trunk Flexion, and -BitStand respectively and the
maximum number of splits was set to 1; for MRSE lelassification, 50, 200,
and 50 trees were used for the three movement types respectively and the
maximum number of splits was set to 7.

o For the SVM a linear kernel was used for the three movement types for both
pain and MRSE level classification. Thegularization parameter was set to 1
for Full and Forward Trunk Flexion in pain level classification and 0.1 fer Sit
to-Stand for pain level classification and the three movement types for MRSE

level classification.

These three gbrithms were used on th&ngle imputationdatasets. Feature set
optimisation was used to optimise classification performance with these datasets. An
adaptation of the Branch and Bound algoritifdarendra and Fukunaga 1977)
(described in Chapter 4) was used for feature set optimisafionilar to the
investigations done in Chapter 6, evaluation for the single imputation datasets wias base

on leaveonesubjectout crossvalidation for reasons discussed in Chapter 4.

With multiple imputation, each imputed seasused to build a decision tree and an

ensemble of these trewas used to predict each set of test instances.

7.4 Results
The peformances of the classification modé&s automatic detection of two levels of pain and

MRSE using the methods described in the previous seat@éreportedh this section

7.4.1 Pain Level Classification

7.4.1.1 Nonlmputed Dataset
Classification performance based e nonimputed dataset is shown in Table for the

threemovement typesPerformance for Siib-Stand (average F1 score of 0.75) was better than
chance level classification (i.e. accuracy of 0.5). However, it was worse than chance level
classification ér Full and Forward Trunk Flexion with average F1 scores of 0.42 and 0.31

respectivelyTable 7.5shows the confusion matrices for each of these movement types.
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TABLE 7.4PAIN LEVEL CLASSIFICATION PERFERMANCE WITH MISSINGVALUES AND DECISIONTREES

FULL TRUNK FLEXION FORWARD TRUNK FLEXION SIT-TO-STAND
F1 lower 0.52 0.28 0.82
F1 higrer 0.32 0.34 0.67
average F1 0.42 0.31 0.75
accuracy 0.43 0.31 0.76

TABLE 7.5PAIN LEVEL CLASSIFICATION PERFEGRMANCE WITH MISSINGVALUES AND DECISIONTREES

FULL TRUNK FLEXION

Automatic Detection
lower level pain| higher level pain
©
S < |lower level pain 14 13
o2
Ok higher level pair 13 6
FORWARD TRJUNK FLEXION
Automatic Detection
lower level pain| higher level pain
=]
S £ | lower level pain 6 18
<=
O higher level pair 13 8
SIT-TO-STAND
Automatic Detection
lower level pain| higher level pain
©
S £ | lower level pain 18 5
<=
Oh higher level pair 3 8
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7.4.1.2 Imputed Dataset
Single Imputation with Decision Tre®@erformance based on thege imputationdatasets

using decision trees is given in Tabl®é.TClassification performance was found to improve
with single imputation for the three movement types with average F1 scores of 0.54, 0.64, and
0.79 for Full Trunk Flexion, Forward Trunk Flexiorand Sito-Stand respectively.
Classification for both Forward Trunk Flexion and-®HStand were better than chance level
classification while the performance for Full Trunk Flexion was only marginally better than
chance level classification. Featuet sptimisation was used to maximise the performances.
As shown in Table B, classification for the three movement types improved with feature set
optimisation with average F1 scores of 0.67, 0.84, and 0.82 for Full Trunk Flexion, Forward
Trunk Flexion, ad Sitto-Stand respectively with performance much better than chance level.

The confusiormatrices are shown in Table 7.7

TABLE 7.6PAIN LEVEL CLASSIFICATION PERF&MANCE WITH SINGLE MPUTATION AND DECISION TREES(WITH
AND WITHOUT FEATURE SET OPTIMISATION)

FULL TRUNK FLEXION |FORWARD TRUNK FLEXION SIT-TO-STAND
Without With Without With Without With
Optimisation Optimisation Optimisation Optimisation Optimisation Optimisation
F1 lower 0.64 0.71 0.68 0.86 0.84 0.86
F1 higter 0.36 0.63 0.60 0.83 0.72 0.75
average F1 0.50 0.66 0.64 0.85 0.78 0.81
accuracy 0.54 0.67 0.64 0.84 0.79 0.82
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TABLE 7.7PAIN LEVEL CLASSIFICATION PERF&RMANCE WITH SINGLE MPUTATION AND DECISION TREESWITH
FEATURE SET OPTIMISAION

FULL TRUNK FLEXION

Automatic Detection

lower level pain

higher level pain

§ g lower level pain 18 9

o -

G F | higher level pair 6 13
FORWARD TRUNK FLEXION

Automatic Detection

lower level pain

higher level pain

5 % lower level pain 21 3

O L=

G = |higher level paif 4 17
SIT-TO-STAND

Automatic Detection

lower level pain

higher level pain

Grounc
Truth

lower level pain 19

4

higher level pair 2

9

Single Imputation with RF and SVIM he performance with single imputation using RF and

the SVM is shown in Table 8. RF performed worse than the decision tree for all three
movement typgwith average F1 scoret0.45 0.60, and 0.36or Full Trunk Flexion, Forward
Trunk Flexion, and Sito-Stand respectively. Only the performance for Forward Trunk Flexion

was better than chaa level classification.

TABLE 7.8PAIN LEVEL CLASSIFICATION PERFGRMANCE WITH SINGLE MPUTATION AND RFAND

SVM
FULL TRUNK FLEXION |FORWARD TRUNK FLEXION SIT-TO-STAND
RF SVM RF SVM RF SVM
F1 lower 0.53 0.67 0.61 0.71 0.55 0.70
F1 higrer 0.36 0.46 0.59 0.67 0.17 0.36
average F1 0.45 0.57 0.60 0.69 0.36 0.53
accuracy 0.46 0.59 0.60 0.69 0.41 0.59
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The SVM performed better than the RF with average F1 scores of 0.57, 0.69, and 0.53 for
Full Trunk Flexion, Forward Trunk Flexion, and-8tStand respectivelyDespite the overall
marginally better than chance level performafareSit-to-Stand classifcation of the high
level pain class for this movement typeas poor. For Full Trunk Flexion, per class
performance was no bettémran chance level while it was much better than chance level
classification for Forward Trunk Flexiofreature set optimisatiomas used to maximise the
performance of the SVM for these two movement types (Full and Forward Trunk Flexion).
Optimisation led tgerformances much better than chance levglscores of 0.75 and 0.61
for lower and higher level pain respectively and aacy of 0.70 for Full Trunk Flexigr-1
scores of 0.76 and 0.70 for lower and higher level pain respectively and accuracy of 0.73 for

Forward Trunk Flexion.

TABLE 7.9PAIN LEVEL CLASSIFICATION PERF&RMANCE WITH MULTIPLE IMPUTATION AND DECISION

TREES
FULL TRUNK FLEXION | FORWARD TRUNK FLEXION SIT-TO-STAND
F1 lower 0.42 0.48 0.60
F1 higrer 0.28 0.51 0.27
average F1 0.35 0.50 0.44
accuracy 0.36 0.50 0.48

Multiple Imputation with Decision TreePerformance based on the multipl@putation

datasets using decision trees is given in TalfleMultiple imputation worsened performance
(compared with the neimputed dataset) for Full Trunk Flexion and-@®iStard with average

F1 score®f 0.35and 0.4} respectively, both worse than chance lelassification. Although
average F1 score for Forward Trunk Flexion improved to 0.50, it was still no better than chance

level classification.
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7.4.2 MRSE Level Classification

7.4.2.1 Nonlmputed Dataset
Classification performance using the riarputed dataseis shown in Tabl@.10 Average F1

scores for the three movement types were 0.44, 0.64, and OR2Iférunk Flexion, Forward

Trunk Flexion, and Sito-Stand respectivelyPer class performance was very poor for Full

Trunk Flexion and Sito-Stand and @ better than chance level classification for Forward

Trunk Flexion.Table 7.11 shows the confusion matrices.

TABLE 7.10MRSELEVEL CLASSIFICATION PERFGRMANCE WITH MISSING VALUES AND DECISION TREES

FULL TRUNK FLEXION FORWARD TRUNK FLEXION SIT-TO-STAND
F1 lower 0.11 0.52 0.19
F1 higter 0.77 0.75 0.64
average F1 0.44 0.64 0.42
accuracy 0.63 0.65 0.50

TABLE 7.11MRSELEVEL CLASSIFICATION PERFGRMANCE WITH MISSINGVALUES AND DECISIONTREES
FULL TRUNK FLEXION

Automatic Detection

lower levelMRSE

higher levelMRSE

Grounc
Truth

lower levelMRSE

1

9

higher levelMRSE

8

28

FORWARD TRUNK FLEXION

Automatic Detection

lower levelMRSE

higher leveMRSE

§ E lower levelMRSE 8 6

oz

oF higher levelMRSE 9 29
SIT-TO-STAND

Automatic Detection

lower levelMRSE

higher levelMRSE

Grounc
Truth

lower levelMRSE

2

2

higher levelMRSE

15

15
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7.4.2.2 Imputed Dataset
Single Imputation with Decision Tre@he results of classification using the inbgad datasets

is given in Tabl&’.12.For Full and Forward Trunk Flexion, imputation improves classification
with average F1 scores of 0.54 and 0.68 respectively; however, pepetéssnance is still

poor for Full Trunk Flexion andot much better than chance lefal Forward Trunk Fexion.

For Sitto-Stand, average F1 score reduces to 0.40emd tszerorecall of lower leveMRSE

With feature set optimisatipperformancémproves considerably for all three movement types
as shown in Table 7.12 with average F1 scores of 079, @d 0.67 foFull Trunk Flexion,
Forward Trunk Flexion, and Sib-Stand respectivelyPerformance for Full and Forward
Trunk Flexion becomes much better than chance level classification. However, classification
of thelower level MRSEor Sit-to-Standremainsworse than chance level classificatidime

low number ofexamples of lower level MRSE for this movement type may be the reason for
this poor performancd.able 7.13 shows the confusion matrioéshese results.

TABLE 7.12MRSELEVEL CLASSIFICATION PERFORMANCE WTH SINGLE IMPUTATION AND DECISION TREES
(WITH AND WITHOUT FEATURE SET OPTIMISATION)

FULL TRUNK FLEXION FORWARD TRUNK FLEXION SIT-TO-STAND
No Optimisatior Optimisatiorf No Optimisatior Optimisatiorf No Optimisatior Optimisation
F1 lower 0.24 0.63 0.54 0.71 0 0.46
F1 higter 0.83 0.90 0.81 0.87 0.79 0.87
average F1 0.54 0.77 0.68 0.79 0.40 0.67
accuracy 0.72 0.85 0.73 0.82 0.65 0.79
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TABLE 7.13MRSELEVEL CLASSIFICATION PERFGRMANCE WITH SINGLE MPUTATION AND DECISION TREES
(WITH FEATURE SET OPTMISATION)

FULL TRUNK FLEXION

Automatic Detection

lower levelMRSE higher levelMRSE
S< | lowerlevelMRSE 6 4
o2
oF higher levelMRSE 3 33

FORWARD TRUNK FLEXION

Automatic Detection

lower levelMRSE higher levelMRSE
% S | lower levelMRSE 10 4
o = higher levelMRSE 4 27
SIT-TO-STAND

Automatic Detection

lower levelMRSE higher levelMRSE
§ = lower levelMRSE 3 1
o 2
oF higher leveMRSE 6 24

Single Imputation with RF and SVM he performance with single imputation using RF and
the SVM is shown in Table 4. RF does not perform much better than the decisiorotree
chance levelor all three movement typegth F1 scores of 0.55, 0.54, and 0.45Fail Trunk

Flexion, Forward Trunk Flexion, and $d-Stand respectively.

TABLE 7.14MRSELEVEL CLASSIFICATION PERFGRMANCE WITH SINGLE MPUTATION AND RFAND

SVM
FULL TRUNK FLEXION  |FORWARD TRUNK FLEXION SIT-TO-STAND
RF SVM RF SVM RF SVM
F1 lover 0.25 0.30 0.36 0.45 0 0.27
F1 higlrer 0.84 0.81 0.71 0.71 0.89 0.79
average F1 0.55 0.56 0.54 0.58 0.45 0.58
accuracy 0.74 0.70 0.60 0.62 0.79 0.68
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The SVM has average F1 score of 0.56, 0.58, and 0.598ufbiTrunk Flexion, Forward
Trunk Flexion, and Sito-Stand respectivelyAlthough marginally better than chance level,
per class performance is poor. The Sykrforms worse than the decision tree Foil and
Forward Trunk Flexion. However, it Isetterat classifying thdower level MRSE in Sito-
Standthan either othe decision tree and RFeature set optimisation was used to maximise
the performance of the SVM for Sit-Stand. For the SVM, optimisation led to F1 scores of
0.50 and 0.85 for lower and higher level MRSE respectively and accuracyodib® 3itto-
Stand.Per class performance is still not much better than chance level.

Multiple Imputation with Decision Treelhe performances based on multiple imputations is
shown in Table 7.15. Average F1 score is 0.51, 0.43, and 0.B6lIfdrrunk Flexion, Forward

Trunk Flexion, and Sito-Stand respectivelyAlthough performance is bettasrfFull Trunk
Flexion and Sto-Stand(than with the noaimputed datasetsit is no better than chance level
classification for all the three moveméwypes.

TABLE 7.15MRSELEVEL CLASSIFICATION PERF&RMANCE WITH MULTIPLE IMPUTATION AND DECISION

TREES
FULL TRUNK FLEXION | FORWARD TRUNK FLEXION SIT-TO-STAND
F1 lower 0.28 0.22 0.05
F1 higrer 0.74 0.63 0.87
average F1 0.51 0.43 0.46
accuracy 0.62 0.49 0.77

7.4.3 Does Learning in the Classification Models Transfer frBrerciseto Functional
Instance®

To evaluate classification perfaance across movement contexis. Exercise ahfunctional

movement instances) and so the feasibility of using the saamsifatation models for these

two types of movements, test of the difference between performarfoeshe two contexts

was done based @everal singlémputations. Single imputation wasedhereas the single
imputation dataset had led to better clsaiion performances than the nonputed dataset

and the multiple imputation dataset as reported in the previous two sections. Five additional

single imputations were done in addition to the primary one used in the analyses reported in
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the previous seas and so there wese single imputations used for the test. The evaluation
was done with Forward Trunk Flexion instances as classification performance was best for this
movement type compared to the other two. The decision tree, which gave thefoesigree

with single imputation earlier, was used for classification. The hyperparameters and optimised
feature set of the primary single imputation dataset were used for the additiergihgle
imputation dataset&or each of thes&x single imputatn datasets for Forward Trunk Flexion
(each dataset included both exercise and functional instances)oleasebjectout cross
validation was done using the aforementioned classification algorithm (decision tree) and

hyperparameter settings.

TABLE 7.16CLASSIFICATION PERRMANCE FOR EXERCISEAND FUNCTIONAL INSTANCES ACROSIM=6

SINGLE IMPUTATIONS
(N is the number of instances

Accuracy
M 0 1 2 3 4 5
Functional 0.80 0.60 0.60 0.60 0.30 0.60
. (N=10)
Pain E )
Xercise
(N235) 0.86 0.49 0.49 0.40 0.54 0.57
Functional 0.90 0.90 0.80 0.80 0.70 0.80
(N=10)
MRSE |
Xercise
(No35) 0.80 0.83 0.71 0.69 0.63 0.71

Table 7.16 shows the pain and MRSE level classification accuracies for the functional and
exercise movement instances for each of the six single imputation datasets for both. For pain
level classification, performance was better for the functional insgafocdour out of the six
single imputation datasets; however, for MRSE level classification, performance was better for

the functional instances for all six single imputation datasets.

A Wilcoxon Signed Rankestwas done to test if the performances floe functional
instances was significantly better than the performances for the exercise instances across the
six single imputation datasets. For pain level classification, no significant difference was found

between the performances for the two movementexts. However, significant difference was
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found for MRSE level classificatio(z=-2.214,p<0.05, with large effect sizie=-0.90) with
classification accuraesfor thefunctional instances (median=0.80yherthan for theexercise
instancegmedian=0.71)The higher accuracy for the functional instances suggestsathat,
reported inSingh et al.(2016) low MRSE may have a stronger effect dugiriunctional
movement making the discrimination betweendoand higler MRSE levelglearer in such

settings than in controlled exercise settings

7.5 Discussion
The aim of the studies reported in this chapter was to investigate the possibility of automatic
detection oflevels of pain and related sdlfficacy in functional movements (as well as

exercises).

A low-cost wearable prototype based BrsEMG (on the left trapezius and lumbar
paraspinaland4 IMU sensorgqon the head, trunk, left upper and loweg)le/as built due to
the lack of a suitable systeifhe prototype wathenused to acquire a new dataset of functional
and exercise movemer(fsill and forward trunk flexion and stb-stand) corresponding self
reports of MRSE, pain, and emotional distreese also obtained he lessons learnt from the
use of this prototype arttleimplication for lowcost body movement sensing in the everyday
functioning of people with CP are further discussed below (in Section 7.5.2).

From the acquirediataset, the bodyovement features investigated in the studies reported
in Chapter 6 were extractamlthough the computation methods needed to be modified to adapt
to the different form of the data here. In addition, a new feature, head extension at lift, was
added for pi level detection in thait-to-stand movementsAs a substantial amount of data
wasmissing due to challenges faced in data collectiiffiulty in sensor attachmeahddata

transmission), imputationasused tarecovemissing feature values.

Finally, raditional machine learning metho@ecision trees, Random Forests, and Support
Vector Machinesjvereusedon the extracted featuresvith and without(decision trees only)
imputation to understandhe feasibility of automatidetectionof levds of painand MRSE
based on data captured using a minimal set netwmnbtional distress detection could not be
investigated as there were few examples of emotional distress in the datesdbest
performances were obtainaging single imputationwith decision trees and feature set
optimisation average F1 scores of 0.68, 0.85, and 0.81 fo#léwel pain detectiom Full and
Forward Trunk Flexion and Sib-Stand respectively ar@ei77 and 0.79 for twievel MRSE
level detection in Full and Forwardunk Flexion respectivelyrhissuggestthe feasibility of
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automatic detection of these states in functional settikgsther, it was shown that
classification models largely trained on exercise instances sigaricantly at least as good

in classifying functional instances as they were in classifying exercise instances. The
implication of these findings for CP physical rehabilitation technolsglscussedelow (in
Section 7.5.1)

7.5.1 Implication for Physical Rehabilitatiohechnology Design
These findings are a first step towards automatic monitoring of the states in everyday physical

activity settings. Although the automatic classification performances were not as good as those
obtained using the EmoPain dataset (see Chd&jtethey are better than chance level
classification and suggest that there is value in further investigation in this direction. The lower
performance here is not surprising as the-BinioPain dataset used here was obtained using a
smaller set of lowcog sensors whereas the EmoPain dataset using in the former investigation
was acquired using a large set of l@gfidelity sensorsThe imbalance in the dataset of the

two levels of pain and MRSE may have further contributed to this performance.

The use obensors that are wearable and portable for data capture is a critical contribution
of the investigation as these attributes are necessary for capture in ubiquitous settings typical
of everyday functioning. Although such capture still has challenges stlcbsasdiscussed in
Section 75.2, current trends in sensor technology availability (such as wide adoption of such
systems for sports and fitness tracking) provides incentives for these challenges to be addressed
in future commercial systems. That the sgasised in the investigation are inexpensive further
promises the possibility of mass deployment of physical rehabilitation technology that is able

to tailor technological intervention to levels of pain and related cognitive and affective states.

The findng that the models trained with exercise instances were able to classify functional
instances with performance as good as or better than exercise instances themselves further
points to the possibility of using training sets majorly made up of exercisemamis to
classify both exercise and functional movements. This has an important implication given the
difficulty of obtaining labelled training data in everyday functional settings in that it suggests
the possibility of building the training set duringeegise sessions where the user can provide
selfreport labels before and/or after each instance that the system can use as ground truth. Such
self-reporting is not practical in everyday functioning as it disrupts functioning. It can also be
cognitively budensome for people with Plugbade et alin review). In fact, the challenge

of seltreporting pain and reladestates is one of the arguments for the necessity of automatic
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detection functionality for technology that is to tailor intervention to these states. As exercise

settings are more structured and controlled, this problem can be mamagel settings

How the taxonomy developed within the investigations in Chapter 6 generalise across
movementypeshas been discussed in Secfi@b and 6.6 the same understanding applies
here although a new challenge emergédse minimisationof the sensor network usedrf
movement tracking hermises the question of how tipeoposedsensor configuration may
generaliseacrossthe variety ofmovement typeshat make up everyday functionin@ne
possible solutionin thedeployment of the technologyan beto focus for each specific user,
on a set of movement typ#sat can be tracked using the same sensor configuration and are
representative of the movement types found challenging by the specifi@ hisas similar to
the approach taken in this thesis fang®n three movement types generally found challenging

by people with low back CP.

7.5.2 Lessons Learnising the MVESPC Prototype
Validation of theMoVES-PC prototype showed that it allowed synchronised capture of IMU

and sEMG data that allowed insight into moegrbehaviour. Whd the full development of

the systemis outside the scope of this thesis,this section, the lessons learnt in developing
the prototypeare discussed as thegrcinform progress in commercial sensor design and guide
the choice of reseehers looking to use lowost body movement sensors in their studies.
Indeed by the time this thesiwas completed, commercial la@stiIMU sensor system@vith
mobile application interfacgtave been appearing on the market. While they are moredefine
and more aesthetically pleasing thhe MOVES-PC prototypethey do appear to suffer similar

issues.

7.5.2.1 BLE Interference
A major challenge that was faced in the prototype development and data collection with the

prototype is BLE interference. Although no formal tests were done in this thesis, this was
usually a problem in populated areas and times of the day. Pilot sthdwesdsthat this led to
BLE visibility and connection becoming extremely difficult to maintain when more than 6

sensing units were turned on.

Interestingly,review of literature in relevant areas leads to wrong assumption that BLE is
insusceptible to intéerence. The argument for this claim is that it is designed to avoid
interference with the other wireless technologies (classic Bluetooth, WiFi, and ZigBee) that
share the sam2.4GHz band that it operates in. To achieve this, advertising and related
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trangnissions are done over 3 dedicated channels scattered therdssdn such a way that

they do not coincide with other wireless technologies and data transmission is done using
frequency hopping over its remaining 37 chanii@emez, Oller, and Paradells 201Epw
studies (e.g(Treurniet et al. 201%)show evidence of intenfence within the BLE channels

with increasing density of BLE devices.

An observation that was madetire validatiorand use of the IVES-PC was that its units
were not able to compete with Bidhabled PCs and phones for visibility. It is possible that
these devices use radio antennae with higher transmission power than the DIP used to build the
prototype. Ths points to possibleaedfor a tradeoff between transmission power and power
consumption especially if the sensing system is expected to alwagsmbmitting. Recent use
of Notch (Notch Interfaces Inc. 2016yvhich is a lowcost commercial IMtbased sensing
system, shows that BLE interferenceay be a problem generally faced albeit hardly
documented in the field.

Possible alternatives for shaenge communication in power conservative applications
like needed for CP physical rehabilitation are WiHarun et al. 2015and ZigBee although
experiments need to be carried outetdaluatethe challenge of widespread use of these

technologies for lowpowered sensing syshs.

7.5.2.2 sEMG Electrode Placement
A lesson learnt in the use of thedMES-PCprototypeis that the placement of SEMG electrodes

is not trivial. This was especially a challenge because the electrodes needed to be placed in
locations that are not within the bigof subject. The lumbar paraspinal placement is
particularly difficult to do without assistance. In addition, even though placement on
participants was done by a researdéhehe validation and data collection studies done, it was

a chdlengeto locatethe L4/5 and a neighbourirgectrically neutral position for the reference
electrode. These experiences highlighted the challenge of using elduaisEteSEMG sensors

that require placement in posterior locations. -Ba@hagement of th€P condition plaes
enormous psychological burden on people WWB(Turk and Okifuji 2002and so technology

that is to support them should itself not be burdens@né sahereis the need for further
exploration of SEMG sensor designs that are easier to wear. The SEMG sensor type used to
develop thevViovES-PC has the additional disadvantage of depending on disposable electrodes,

which add to the cosh-use of these types of sensors.
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Alternatives for muscle activity tracking is becoming increasingly investigated such as in
the studies of Gourmelomd Langereig2006) and Meyer, Lukowicz, and dster (2006)
although there are still only few leaost commercial options. One of the commercially
available sensors is tivbody, which is a pair of shorts that allows tracking of muscles around
the upper leg particularly the gluteus, quadriceps femoris, biceps femoris, semitendinosus, and
semimembranosudyontec 2015) The AthosGear(MAD Apparel Inc 2016)s similar but
also includes a top that additionally tracks the pectorals, biceps brachii, and deltoid. Future
work can investigate how feasible sus#nsors are for muscle activity capture in everyday

settings for pain and related cognitive and affect detection.

7.5.2.3 IMU Sensor Unit Placement
Another lesson learnt in the use 0bMES-PC was the importance of careful attention to the

design of the accessories used to attach the IMU sensing units. In pilot tests, a variety of
accessories were experimented with and it was found that their materials needed to be resistant
to slip during nysical activities, especially for the limbs. It was also important for the materials

to be tightfitting, without causing discomfort, to prevent artefact due to movement of the
material. After several experimentations, commercially availablestiprkneesleeves and
armbands were used for the lower and upper limbs respectively. Unfortunately, the available
sizes did not cater to the range of body shapes of the participants in the data collection. An
additional drawback of the knee sleeves is that theg wely long enough to allow tracking

of the lower thigh and upper shank.

Smart garments like the Heddoko smart garm@ieddeko 2016)are becoming
increasingly looked to as a viable solution to the problem offattant of sensing units to
anatomical segments. Studies in related areas have also considered the use of implanted sensors
although these have the disadvantage of being highly invasive.

7.5.3 Limitation
A limitation of the automatic detection investigations méga in this chapter is the existence

of missing data. This is an unavoidable problem with repeated assessments especiallyin sensor
based data capture where sensors may be faulty, low on power, or having data transmission
difficulties. In the investigatio, two main approaches were used to deal with this problem.
Although classification on data with missing values has advantage over imputation in that no
extra computation is required and it avoids uncertainty of the missing values, it was found to

be poore in classification performance than when imputation is done. This is similar to the
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finding of Feelder$1999) Single imputation was found to generally yield better results than
multiple imputation. This suggests that the variability introduced by the latter may exceed
variation between subjects. Further developnaran algorithm that models variability in
imputation with priority to intrasubject and intesubject variation over other sources of
variation in observed values may allow for a more fitting imputation model for body movement

datasets like these.

7.6 Conclugon

Based on a new datas@iibi-EmoPain)captured using a custehuilt movement sensing
prototype MOVES-PQO), it is shown thaautomatic detection of pain and MRSE during physical
activity tracked using a minimal set of (levost) sensorss feasible with F1 score 00.78
respectivelyThis points to value ibuilding technology that tailors intervention to people with
CP to supporeverydayphysical functioningpnthe basi®f automatic detection of these states
The performances obtainedere based on @th exercise and functional movemenigth
detection for functional movemends least as good as detection for exercise moventents
spite of the minority oéxamples otheformer type oimovement irthetrainingset usedThis
suggest possibility of huilding the automatic detectiosystemwith movements captured in
exercisesettings whereassociated pain and MRSE ground trutbcessary to develop such
system are easier to collecHowever, based on the use tbk MOVES-PC prototype it is
shown thatconsistentvireless streaming from multiple senserh low power expenditure
andthe practicaities of sensor attachment are challenges #tidlt need to be addressed for

everyday use of thew-cost sensor by people with CP
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Conclusion

207



208



8 OVERALL DIscUsSION ANDCONCLUSION

THE aim of this thesis was to address the problem of automatic detection of levels of pain

and related selkfficacy, fear/anxiety, and depressed mood during physical activity so as
to enable tailoring of CP physical rehabilitation intervention to thesesstéhe import

of the states is their significant influence on physical functioning (and so the pursuit of valued

goals, e.g. employment and social interactions) in people with CP. To this end, three main

research questions (see Fig.8.1 for an overviesvgwnvestigated in this thesis.

In the first investigation, the relationship between the observable pain behaviours specified
by Keefe and Block1982)and the aforemeiuined states was explored to understand the extent
to which the states can be operationalised by these behaviours. This was important to
investigate as although these behaviours are widely used in pain research for understanding
pain experiencéSullivan et al. 2006; Tang et al. 2007; Cook et al. 20th&)ye has been limited
investigation of how they relate to pain related cognitive and affective states. In the exploration
done in this thesis, guardibghaviour was focused on as it is more relevant than the other four
of Keefe and Bl ockés behaviours (bracing, r
physical activity(Keefe and Block 1982; Sullivan et al. 2006; Aung et al. 2016¢ results
from this study shows a complex relationship between the different states and behaviour and
alsosuggests that these states need to be assessed based on a larger set of lower level behaviours

that go beyond behaviours typically associated with pain response.

Following these findingsthe second investigation was concerned with the building of a
collection of body movement cuear(dproviding deep(er) understanding of these cues) that
enable discrimination between levels of the states. The investigation centred on body
movement because of evidence of its significance in the experience ¢Kpaiie and Block
1982) and in challenge in physical functioning in this cont¢Sullivan et al. 2006)
Understanding of the feasibility of automatic detection of levels of the stateg) ghinysical
activity based on these cues was further investigated. The investigation as a whole addresses
the need for CP physical rehabilitation technology to be affeetre so as to enable tailoring

of intervention and so facilitate engagement in ptatactivities.
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Fig.81. Theesearch questions investigated
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